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Abstract
People are creating and storing a growing amount of personal data, from photos
and documents, to messages and applications, on a growing number of devices.
Storage space, often in the cloud, is cheap or free. But previous research shows
that a degree of selectivity and curation is necessary to build personal archives that
have value over time.
In this dissertation, we ask: How do different people decide what personal data
to keep or discard? What drives their decisions? And how can data management
tools better support individual preferences?
We used a qualitative and design-based approach to conduct four studies consisting of 64 interviews in total and a survey (n=349).
First, we identified a spectrum of tendencies that informed how participants
(n=23) decided what to keep or discard, with two extremes: “hoarding” (keeping most of data), and “minimalism” (keeping as little as possible). We extended
this spectrum with a set of five behavioral styles that capture contextual curation
patterns: taking a casual approach to data, feeling overwhelmed, collecting data,
purging data, and trying to be frugal. This model of behaviors (based on the 64
interviews) highlights a key role for data curation: what people keep or discard
informs how they think about their own identity.
We used these insights to map a design space for data curation and create five
design concepts for different user needs, exploring automation and other key design
dimensions. Participants’ reactions (n=16) varied: some welcomed technology and
automation, others opposed it, with context informing their reactions.
Inspired by these results and using a taxonomy of data types and decluttering
criteria based on the survey (n=349), we designed Data Dashboard, a tool that
iii

aggregates data from a user’s multitude of devices and cloud platforms, providing
customizable functions for different goals. We evaluated a prototype of the system
with 18 participants and found that a personalized approach to data curation is
promising, so long as it respects users’ boundaries.
Our work outlines key design directions and opportunities that can help envision new tools, prioritize user needs, and redefine our relationship with personal
data in a world full of it.
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Lay Summary
As people create, save, and share a growing amount of personal digital data (for example, photos, documents, and mobile apps) on their devices and online platforms,
how do they decide what to keep or discard? To find out, we ran 64 interviews and
an online survey (349 participants). We identified how some participants tended
to keep almost everything, while others tried to discard as much as possible. Participants often took a varied approach based on different categories of items (for
example, keeping all photos but discarding most apps). Using these results, we
created five design concepts and a prototype data management tool that could help
users decide what to keep or discard. We evaluated the concepts and the tool with
participants and found that because people’s preferences differ, a good approach is
to create tools that can be personalized to individual desires. Our work provides
directions to build such tools.
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Preface
Research is a collaborative effort. All the studies I present in this dissertation
involved a set of collaborators in different capacities.
My supervisor Dr. Joanna McGrenere followed my PhD work from start to
finish. After Study 1 (Chapter 4), Dr. William Odom joined as a member of my
PhD committee and an unofficial co-supervisor. Dr. McGrenere and Dr. Odom
jointly supervised and helped with all the additional studies that make up my PhD
(Chapter 5, Chapter 6, Chapter 7, Chapter 8). Here, I list the collaborators involved
in each study and detail my role and contributions.
In Chapter 4, I report Study 1, that I conducted as part of my RPE (Research
Proficiency Evaluation) 1 from May to August 2017. I designed the study, choosing data collection and analysis methods, guided by my supervisor Dr. Joanna
McGrenere. I conducted and transcribed all 23 interviews. I analyzed the data
helped by PhD student Izabelle Janzen and my supervisor Dr. Joanna McGrenere,
as described in the chapter. I was the lead author of the final report and paper
based on it, later published at the ACM CHI 2018 conference [290], where it won
a Best Paper Award (top 1% of all paper submissions). Because the paper has been
peer-reviewed, in Chapter 4, I reproduce its contents with a few adjustments:
Francesco Vitale, Izabelle Janzen, and Joanna McGrenere. (2018)
Hoarding and Minimalism: Tendencies in Digital Data Preservation.
Proceedings of the SIGCHI Conference on Human Factors in Computing Systems (CHI ’18).
1 The RPE process consists of a four-month research project, followed by an examination
from an RPE supervisory committee. More details about the process are available online:
https://www.cs.ubc.ca/students/grad/graduate-programs/research-proficiency-evaluation-rpe.

vi

In Chapter 5, I report Study 2, consisting of 7 interviews and an online survey.
This study took place in the first half of 2018. I designed the interview study and
the survey with the guidance of my co-supervisors Dr. Joanna McGrenere and Dr.
William Odom. I recruited participants and then collected and analysed all data,
discussing it with my co-supervisors.
In Chapter 6, I report an overarching analysis of the four main studies in my
PhD, introducing a set of five behavioral styles or archetypes. I originally had the
idea of developing a set of “archetypes” in the summer of 2018, after conducting
the first two interview studies and the survey. As the chapter explains, I iterated
on the analysis throughout my PhD helped by my co-supervisors Dr. Joanna McGrenere and Dr. William Odom, but I am largely responsible for the analysis process. My co-supervisors helped in structuring the chapter and its contributions. My
supervisory committee also helped in framing the structure of this chapter.
In Chapter 7, I report Study 3, a design study that took place in the second
half of 2018. I developed the design concepts and defined the study protocol with
the guidance of my co-supervisors Dr. William Odom and Dr. Joanna McGrenere.
In particular, Dr. Odom suggested the specific methods we used, centred around
creating different design concepts and video prototypes. I recruited, conducted,
and analysed all of the interviews in the elicitation study. I wrote a full paper based
on the study, with input from my co-supervisors Dr. Odom and Dr. McGrenere.
The paper was published at the ACM DIS 2019 conference [291], where it received
a Best Paper Honorable Mention (top 2% of all paper submissions). Because the
paper has been peer-reviewed, in Chapter 7, I reproduce its contents with some
adjustments and additions, based on comments from my committee:
Francesco Vitale, William Odom, and Joanna McGrenere. (2019)
Keeping and Discarding Personal Data: Exploring a Design Space.
Proceedings of the 2019 Conference on Designing Interactive Systems
(DIS ’19).
In Chapter 8, I report Study 4, a design study that took place at the end of
2019 (after I spent the summer and early fall of 2019 at Google as a User Experience Research Intern). I designed and developed the bulk of the Data Dashboard
prototype in the first half of 2019, before my internship. From September 2019,
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undergraduate student Janet Chen joined the project to help finish implementing
some functions of the prototype. Janet Chen also assisted in running the evaluation study. With input from my co-supervisors Dr. Joanna McGrenere and Dr.
William Odom, I decided the methods to use and designed the study protocol. I
recruited all participants and moderated all sessions and pilots, except for the last
two interview sessions, that were moderated by Janet Chen. Janet Chen also acted
as a note-taker in several interview sessions, helped with data analysis, conducted
a literature review of past design work in Personal Information Management (PIM)
under my guidance, and contributed to writing the Data Dashboard usability report
(Appendix A). I wrote a full paper based on the study with input from Janet Chen,
and my co-supervisors Dr. William Odom and Dr. Joanna McGrenere. The paper
was published at the ACM DIS 2020 conference [292]. Because the paper has been
peer-reviewed, in Chapter 8, I reproduce its contents with some adjustements and
additions, based on comments from my committee:
Francesco Vitale, Janet Chen, William Odom, and Joanna McGrenere. (2020) Data Dashboard: Exploring Centralization and Customization in Personal Data Curation. Proceedings of the 2020 Conference on Designing Interactive Systems (DIS ’20).
Content from the three papers published at CHI and DIS also appears in Chapter 1 and Chapter 2. These chapters also include revised content from an extended
abstract accepted to the Doctoral Consortium (a curated track) of the ACM CHI
2019 conference [289]:
Francesco Vitale. (2019) Designing for Long-term Digital Data
Management. In CHI Conference on Human Factors in Computing
Systems Extended Abstracts (CHI’19 Extended Abstracts).
In the bulk of the dissertation, I write about my work using the plural firstperson to acknowledge the collaborative nature of the research studies that I
present. I use the first person in Chapter 3 to reflect on my research positionality and take ownership of the research process as a whole.
The UBC Behavioural Research Ethics Board (BREB) approved all studies
reported in this dissertation: certificate number H17-00734.
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A note on terminology
Throughout the dissertation, we use different expressions to indicate specific user
actions that we are interested in studying: data preservation (Chapter 4), decluttering (Chapter 5), data curation (Chapter 6 and Chapter 8), data selection (Chapter 7), keeping and discarding decisions (throughout the whole dissertation). These
expressions refer to very similar notions and reflect the evolution of our investigation. We use them on a chapter basis because they reflect our thinking in each
specific phase of the research. In Chapter 2, we better explain differences, overlaps, and nuances in meaning. We also provide a definition of each term on a
chapter basis.
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Chapter 1

Introduction
In this chapter, we provide an overview of the dissertation, starting from context
and motivation1 . Then, we outline our research questions, goals, and approach. We
introduce our contribution and then conclude with an outline of the dissertation.

1.1

Context and motivation

Why study personal data curation? We argue that the current technological landscape calls for a renewed interest and attention to how people manage their personal
data. Here, we explain why.

1.1.1

A seductive digital landscape

The past decade has changed the way people think about personal data. Ten years
ago cloud storage platforms were in their infancy. Dropbox launched in 2008,
iCloud in 2011, Google Drive in 2012. Before the advent of these platforms and
before the popularity of mobile devices, people largely thought of their data as
limited to files and folders stored on local computers. Now, personal data is a
buzzword at the center of political debates and regulatory efforts [1, 265]. Data
dominates all aspects of life, from work life to domestic life, so much so that an
entire industry relies on the storing, accumulation, and exchange of personal data
1 Part

of the content in this chapter also appears in the publications mentioned in the Preface to
the dissertation.
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for profit [50, 264, 319]. This is a “seductive digital landscape” [183] where trends
such as lifelogging technologies [85] and cheap storage space [155] allow people
to collect and keep a virtually infinite amount of data. It is not surprising that
collections of personal digital items are growing [73, 76, 213, 285].
But these technological trends can lead to questions about the role of data in
daily life. How can people extract value and meaning from large quantities of
data over time? [133, 157, 229] How can permanent records of personal data allow
for forgetting? [11, 254] And how can individual behaviors scale to a growing
population? [84, 236, 285]

1.1.2

The need to focus on personal data curation

Researchers in Personal Information Management (PIM) have called for an increased focus on studying and designing for long-term data management practices [144]. Key research questions to address include how to enable meaningful
data legacy [111], how to approach automation of data management [144], and
how to support data curation [302]. In this dissertation, we focus on personal data
curation.
Personal data curation is the process of saving and managing data for later use.
It consists of three stages: keeping (where users create or save data, and then decide
what to keep or discard), managing (where users organize kept items), and exploiting (where users retrieve and use the information they have kept) [302]. Improvements in search functions have made retrieving items easier. Instead, the keeping
and managing phases of curation challenge users. In particular, users struggle when
deciding what items to keep or discard, often opting to keep as a default action [38].

1.1.3

Why discarding data is hard

There are three main reasons that make discarding data challenging. First, discarding data can lead to a “paradox” [26]: you might want to delete unneeded data to
focus your time and attention on what is important. But deciding what to delete
will take time and attention. Second, deciding what to keep or not is hard because
it often involves predicting the future, something that humans are not always good
at or might find stressful. People might decide to not take any intentional decision
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and keep everything just to avoid missing any useful data in the future [24, 145].
Third, users often perceive the activity of sorting personal data as burdensome because of the poor support that data management tools provide. These challenges
often create an unintentional accumulation cycle: the more you keep, the harder it
becomes to curate [24], with people becoming increasingly less aware of what they
have in the first place [213].
More and more, research studies report how technology users can feel stressed
about the accumulation of data [171, 205, 253, 271]. Previous studies show how
people might need some degree of selection to make sense of their digital archives,
both for data they explicitly create or acquire [166, 182, 183] and also for data
created by technology on their behalf [308]. There are situations (e.g., romantic
breakups) where people assume specific roles in relation to curating data [247]:
deleter, keeper, selective disposer. But outside of these specific situations, a common finding is that people often “loathe” deleting data [205, 308]. These insights
into people’s keeping and discarding practices, however, are broad and do not consider individual differences.

1.1.4

Why look at individual differences

Most of the literature on PIM focuses on how people organize or retrieve information. One recurring finding is that people show substantial individual differences
in their behavior. For example, some people choose to “neatly” manage files with
organized structures; others let them sit within “messy” piles [127]. Some keep
emails in their inbox; others clean them regularly [117]. Some use search to retrieve a piece of information; others rely on navigation [25, 28]. We see some features of modern data management tools as likely informed by this line of research
(e.g., macOS’ automatic “Stacks” for creating piles of desktop files [8]). These
features show the importance of looking at individual differences within PIM.
However, there is still a lot to understand about the data curation process as a
whole. In particular, the literature lacks a deep understanding of behaviors in the
initial stage of curation, where people acquire data and then decide what to keep
or discard [302]. Studies in Human-Computer Interaction (HCI) and Information
Science report how people’s digital archiving strategies are “widely varied” [259].
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But despite knowing this, there is no systematic model of individual behaviors, a
need that many previous studies call out [23, 118, 150, 309]. This is the space that
this thesis explores. In particular, we look at keeping and discarding decisions
in personal data curation.

1.1.5

Why studying personal data curation matters

The need for better curation tools also comes from popular discourse about technology and people’s demand for more control over their data. Privacy is a key
concern for people [176]. The advent of the Cloud has imposed a centralized
data management model where a few monopolizing corporations (Amazon, Apple, Google, Facebook, Microsoft) aggregate people’s data. But in recent years the
pitfalls of this model have come to light: from government-sanctioned surveillance
programs [277] and illicit use of personal data for political aims [283], to photo
leaks [9] and voice assistants secretly sharing private conversations [172]. These
episodes have made people more aware of their own “digital footprint” and the
consequences of an economy increasingly based on data. To companies, data is
nothing more than a commodity, no matter how private or personal. But people
want more control over their data [176]. As the importance of digital data continues to grow, current models face increased scrutiny. This is also why we see a need
for better tools to manage and curate personal data.

1.2

Research goals, research questions, and approach

This dissertation has three main goals:
1. Providing a rich, empirical account of user practices in personal data curation, with a focus on keeping and discarding decisions (an under-explored
area of curation). To reach this goal, we ask the following research questions: How do people decide what personal data to keep or discard? What
drives their decisions? (Chapter 4) What are the types of data that people
consider when curating, and what are the criteria and strategies they use to
“declutter”? (Chapter 5)
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2. Extending previous characterizations of individual differences in PIM by focusing on the first stage of curation and taking a design-focused perspective.
To reach this goal, we ask the following research question (Chapter 6): How
can we make individual differences in personal data curation actionable for
research and design?
3. Exploring and evaluating a range of design approaches for supporting different user needs. To reach this goal, we ask the following research questions:
How can we design technologies to support people’s individual decisions
around what data to keep or discard? In particular, what different design
approaches might be viable to different users and in different situations?
(Chapter 7) Can centralization and customization help people decide what
personal data to keep or discard? (Chapter 8)
To answer the research questions above, we conducted four studies (Figure 1.1):
• Study 1 (Chapter 4): an exploratory interview study with 23 participants.
• Study 2 (Chapter 5): a mixed-methods study consisting of 7 contextual interviews and an online survey (349 participants).
• Study 3 (Chapter 7): a design exploration with 16 participants.
• Study 4 (Chapter 8): a system evaluation with 18 participants.
The studies combine different methodological approaches: from a grounded
theory approach in Study 1 and Study 2, to a Research through Design approach
in Study 3 and Study 4. In Chapter 3, we provide more details on the overall
methodology across studies.

1.3

Contributions

The primary contributions of the dissertation fall under three areas: theoretical,
design and artifacts, empirical [310].
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Chapter 4

Chapter 5

Chapter 6

Chapter 7

Chapter 8

Study 1

Study 2

Study 1, 2, 3, 4

Study 3

Study 4

Research
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Characterize user
behaviors
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individual differences

Explore design
approaches

Evaluate design
approaches

Research
Question

How do people
decide what to
keep or discard?

What data do
people declutter
and how?

How to make
individual differences
actionable in design?

What design
approaches are
possible?

Can centralization
and customization
help?

Grounded theory,
23 interviews

Grounded theory, 7
interviews, survey (349)

Grounded theory,
cross-study analysis

Research through
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Research through
Design, 18 interviews
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preservation
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Behavioral styles in
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account of process

Set of design
dimensions and
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for personalized
data curation

Approach
& Methods

Contributions

Figure 1.1: An overview of research chapters in the dissertation and the studies reported in each. For each chapter, from top to bottom, we outline:
the research goal, the key research question, the research approach and
methods, the key contributions.

• Theoretical contributions: a rich description of individual differences in personal data curation consisting of a spectrum of general preservation tendencies (Chapter 4) and a set of five behavioral styles (Chapter 6), with an explanation of their role for identity construction over time.
• Design and artifact contributions: a set of dimensions and concepts for
defining and exploring a design space around personal data curation (Chapter 7), a design approach to address key challenges in data curation by combining a unified tool with personalized functions (Chapter 8), a set of generative design directions and opportunities across all four studies (Chapter 4,
Chapter 5, Chapter 6, Chapter 7, Chapter 8).
• Empirical contributions: four studies (64 interviews in total and an online
survey with 349 participants) that report personal data curation practices
with the use of different methods and approaches (Chapter 4, Chapter 5,
Chapter 6, Chapter 7, Chapter 8).
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In addition, the secondary contributions of the dissertation are: a reflexive account of our research and design process across the four studies (Chapter 6); a
taxonomy of personal data types and decluttering criteria (Chapter 5); and a description of temporal decluttering practices (Chapter 5).

1.4

Outline

The rest of the dissertation follows this structure. In Chapter 2, we provide some
background and definitions for personal data management and curation, framing
our work against two theoretical frameworks that inform our work. We also give
an overview of related work on personal data management and outline key insights
about people’s keeping and discarding practices.
Chapter 3 presents the overall methodological approach of the thesis, with details on methods and criteria for research quality.
In Chapter 4, we present the results from Study 1, where we conducted exploratory interviews with a broad sample of 23 participants. In this study, we introduce the idea of a spectrum of general tendencies for data preservation with two
extremes: “hoarding” (keeping most of data) and “minimalism” (trying to keep as
little as possible). The spectrum represents a first take on individual differences in
personal data curation.
In Chapter 5, we present the results of Study 2, which was a followup study
extending the results on “hoarding” and “minimalism” using a mixed-methods approach. First, we conducted contextual interviews with 7 self-identified “minimalists.” In parallel, we ran an online survey with 349 participants. We use open-ended
survey responses to build a taxonomy of data types with related “decluttering” criteria. We later used these results to inform our design work in the last two studies.
Then, based on data from both the survey and the interviews, we describe a set of
decluttering practices and selection strategies that we later use to inform both our
work on user modelling and our design work.
In Chapter 6, we present one of the key contributions of the dissertation: a set of
five behavioral styles in personal data curation: Casual, Overwhelmed, Collector,
Purger, and Frugal. To describe the behavioral styles, we draw on all the four
interview studies that make up the dissertation. First, we explain how we identified
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the behavioral styles after conducting Study 1 and Study 2. Then, we bring forward
data from the last two studies (described in more detail in Chapter 7 and Chapter 8)
to show how we enriched and validated the behavioral styles.
In Chapter 7, we present Study 3, a design study focused on exploring the
design space of personal data curation with five concepts that can help users select
what data to keep or discard. These are Patina, Data Recommender, Temporary
Folder, Temporary App, and Future Filters. We elicited reactions to the concepts
from a varied sample of 16 participants (recruited using a short description of the
behavioral styles presented in Chapter 6).
In Chapter 8, we present Study 4, a design study focused on evaluating Data
Dashboard, a prototype system for curating personal data. The system embodies
insights from all previous studies, with some functions taking inspiration from the
design concepts and insights presented in Chapter 7, or modeled after the patterns
of behaviors from previous chapters. We evaluated the prototype with a varied sample of 18 participants (recruited using the same short description of the behavioral
styles from Chapter 6 that we used in the previous design study).
Finally, in Chapter 9, we summarize our results and discuss the implications of
our work.
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Chapter 2

Background
In this chapter, we give an overview of past studies and general user practices
in personal data curation1 . The next chapters will include more specific related
work tied to aspects of each study. In particular, in Chapter 4, we will discuss
related work about digital hoarding. In Chapter 6, we will provide more details
about individual differences in PIM. In Chapter 8 we will focus on previous work
on personalization and customization. In both Chapter 7 and Chapter 8 we will
discuss past design and system work in PIM.

2.1

Defining personal data and personal data curation

To define the scope of our work, we first draw some distinctions between “personal data management,” PIM and File Management (FM). Then, we introduce two
frameworks that guide our work.

2.1.1
PIM

Framing personal data management

is a broad activity that involves creating, acquiring, organising, interacting

with, and searching for personal information [27, 142]. PIM research within the
field of HCI goes back to the advent of personal desktop computers [158, 177].
1 Part

of the content in this chapter also appears in the publications mentioned in the Preface to
the dissertation.
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Personal Data
Management
Personal
Information
Management

File
Management

Figure 2.1: We conceptualize “personal data management” as broader than
“personal information management,” that in turn is broader than “file
management.” (The size of the circles in this illustration represents how
broad the focus of each term is, not their importance.)
Today, the literature and popular discourse largely think of personal information as synonymous with digital information but that was not always the case. Several early PIM studies focus on physical information, such as paper documents,
and investigate how to support people’s management practices when moving from
physical to digital information [158, 177, 303]. As the bulk of people’s work and
daily life shifted to digital, PIM studies honed in on emerging types of information:
computer documents [14, 38], emails [117, 306], contacts [305], bookmarks [273].
Compared to PIM, File Management has a narrower focus, limited to files and
folders [74]. From a technical standpoint, all personal information resides in files,
but files are a debated data structure metaphor [123, 191, 255]. Users might experience visual files and folders as different from information such as contacts or
bookmarks, that are more integrated into specific applications.
Recently, HCI studies have started using terms such as “personal data,” “digital
data,” and “digital or virtual possessions” in place of “personal information” [111,
211, 288]. This shift signals an expanded focus that includes new types of data:
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social network data, location data, lifelogging data, metadata, and so on. With new
devices such as voice and virtual assistants or IoT (Internet of Things) products
coming onto the market, even more types of data will become part of people’s life
and feel increasingly personal.
In this dissertation, we use the term personal data management to take a broad
focus that includes but is not limited to FM and PIM (Figure 2.1): personal data
is information, but it is not only files or folders, and not all data is information.
For example, data can include articles from online magazines, as one participant in
Study 1 mentioned (these are not strictly personal since they are public), or mobile
applications (better known as “apps,” these are perceived as different from files and
folders), or computer logs (this are not necessarily perceived as information).
Our work largely focuses on digital data. In Study 2 (Chapter 5) we touch on
key differences between physical and digital items that can inform the design of
tools for digital data curation.
Throughout the dissertation, we touch on data captured automatically by technology. However, we do not delve into the background of lifelogging technologies
(i.e., Personal Informatics systems), which we see as a related but separate area of
work within HCI that previous studies have explored in depth [85, 87, 148, 163,
308].

2.1.2

The moral economy of personal data management

In looking at personal data management, we use two theoretical frameworks to
define the scope of our our work. The first comes from Vertesi et al. [288], who
detail how personal data can take many forms (from photos to files and logs), living in ecosystems made up of multiple devices and relationships, with online cloud
storage platforms becoming increasingly prominent. When managing their personal data, people face a tension between sharing with and safeguarding data from
others. People often make decisions based on moral convictions about what they
think is the “right way” to manage data. We adopt this moral economy of data
management as a backdrop for much of the analysis in the dissertation.
In our work we touch on privacy issues, but do not focus on sharing behaviors.
Sharing data with other people is without doubt an essential component of mod-
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ern user practices in this space and undoubtedly affects some curation decisions.
However, to scope the focus of our investigation we do not delve into collaborative
data management or sharing practices. Studying this related but different aspect of
data management would require different methods and samples. We refer to work
by Massey et al. [186], Voida et al. [293], and Rader [239] for more details on
collaborative user behaviors.

2.1.3

The personal data curation cycle

The second framework helps us narrow the focus of our work. We refer to Whittaker [302] to reframe common PIM actions as part of an “information curation”
cycle consisting of three stages (Figure 2.2): keeping (where users acquire or create
information and then decide what to keep or discard), managing (where users organize the items they keep using folders or other structures), and exploiting (where
users retrieve items by searching for them or navigating in their structures). (In
combining the two frameworks, we replace Whittaker’s use of the term “information” with “data,” as explained above.)
We largely focus on the first stage of curation, where users acquire or create
data and then decide what to keep or discard. Throughout the studies we also touch
on the second stage, management, looking at how keeping decisions intersect with
organization. Our focus on the last stage of curation, exploiting, is limited. Information retrieval represents a sub-field of its own, with a large body of work
covering strategies for re-finding data and providing new tools for improving user
practices. However, the retrieval stage still informs some of the ideas that we discuss in several studies. Where relevant, we point out specific past work and insights
about data retrieval.
The terminology of personal data curation
One challenging aspect of studying data curation is the lack of standard definitions
for overlapping ideas and user actions. Archiving, curating, preserving, managing,
organizing, storing, cleaning up, selecting, decluttering: these are all terms that
appear in previous work. But often, researchers use them inconsistently and in a
way that might differ from users’ interpretations (many participants we talked to,
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Personal data curation cycle
Keeping

Managing

Acquiring or creating data

Organizing data
(e.g., creating folders)

Selecting what to keep or discard

(e.g., archiving, decluttering)

Preserving over time

(e.g., backing up, storing)

Exploiting
Retrieving data to use it
(e.g., searching or navigating)

Figure 2.2: An illustrative elaboration of Whittaker’s personal data (or information) curation cycle, consisting of three stages [302]: keeping, managing, exploiting. In our work, we focus on the first stage, keeping,
elaborating on possible actions that people take. This illustration lists
some of the terms and actions that we focus on.
for example, used the word “archiving” to indicate they wanted to hide something,
whereas research on “digital archiving” often uses the term to indicate intentional
long-term storage). The messy nature of the language of personal data and its consequences for user behaviors is a discussion item that we bring up later in our work,
proposing directions to address it (Chapter 7 and Chapter 8). On our part, as we
note in the Preface to the dissertation, we use different terms to highlight specific
aspects of the curation process that overlap but can be framed as slightly different. Even though this approach might contribute to the confusion in terminology,
we think it is important to capture the nuance of different actions in personal data
curation.
Throughout the dissertation, we use the expression keeping and discarding decisions to indicate the first stage of curation, which is the key focus of our work.
Within this stage, we elaborate on possible actions that users might take after acquiring or creating data. (Figure 2.2) We name data selection the overarching
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process of selecting specific items to keep or discard. After making this selection,
users might engage in data preservation for items they want to keep (i.e., taking
additional actions to preserve items in the long-term, such as doing backups or
storing items in specific places) or data decluttering for items they do not want to
keep (i.e., getting rid of items or re-organizing them–this is an action where two
stages of curation, keeping and managing, are closely linked and often happen simultaneously because by re-organizing it becomes more clear what to get rid of).
We see archiving as an overarching and somewhat ambiguous action that can be
used both to preserve and declutter items depending on what meaning the action
has for each person. The concept of a personal archive, instead, is the general idea
of a set of items stored somewhere. Engaging in personal data curation should help
make that personal archive feel more meaningful and intentional.
We focus on preservation tendencies in Chapter 4, criteria for decluttering in
Chapter 5, support for selection in Chapter 7, and curation as a whole (but still with
a stronger focus on keeping and discarding decisions) in Chapter 6 and Chapter 8.

2.2

Practices and challenges in personal data curation

Previous studies report how people engage in personal data curation for several
reasons: for example, to build a legacy [111, 112, 149], support memory [140,
153], manage and honor relationships [153, 288], find things later [149], or present
their image to others [211, 315]. In some cases people actively acquire or create
data [24], sometimes as part of an ongoing collection [89, 299]. In other cases,
they accumulate data more passively [24, 307].

2.2.1

Keeping data to build an identity and to remember

One key reason for keeping and wanting to preserve data is to build an identity [66,
68, 149, 211]. As with physical possessions [17, 65], people can form attachments
to digital items [18]—a phenomenon called “self-extension” [17, 18, 66–68]. A
key way for possessions, whether digital or physical, to help shape identity is by
supporting memory and reminiscence [149, 153, 229]. Sentimental possessions
(e.g., photos in particular [43, 44, 152, 218, 307]) can help people remember key
moments and relationships from their past, acting as symbols of key experiences
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in their life [153, 228]. Much of previous work explores the idea of digital “mementos” [39, 147, 230, 278] or “heirlooms,” [10, 210, 212] investigating ways to
incorporate digital data and its potential for reminiscence into everyday life and
into people’s homes [217, 218, 226].
However, previous research shows how not all “stuff” is created equal. In the
case of digital data, only some items feel as possessions [68]. To determine the
importance of digital items people might refer to values such as utility and recency,
emotional attachment, craft, and replaceability [68, 104, 153, 210]. Sometimes
these values are shared between physical and digital items, but people can perceive
digital items as less unique because they lack the material qualities of physical
items [104, 210].
The literature on material culture suggests that disposing of possessions is as
important a practice as acquiring them [60, 122, 159, 196, 249]. Studies on physical
“decluttering stages” [59] or “selection regimes” [140] report useful accounts of
selection practices, showing how sorting and discarding physical items can feel
enjoyable compared to sorting through digital items [227].
But when it comes to personal data, many users find the act of deleting items
“onerous,” a “burden,” [140] to the point of questioning the idea of deleting digital
items in the first place because it is against “their nature” [111].

2.2.2

The difficulty of discarding data

The ongoing process of curating data is challenging because it often involves anticipating the future [24, 302]. Many users end up choosing to keep all their personal data as a default [38]. Bergman & Whittaker [24, 302] refer to prospect
theory [145] to explain why. In general, people tend to be averse to risk and perceive a potential loss from discarding data as more substantial than any gain. (i.e.,
the possibility of losing information that turns out to be useful outweighs the convenience of finding data more easily.)
There is also evidence that digital tools offer poor support for curating data
besides going through items one by one [130] and that users can have confused
mental models of how deleting works, especially in cloud platforms [240]. The
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result of these challenges and perceptions is that many technology users “approach
long-term preservation [of data] with trepidation” [227].
The prevalence of keeping as a default [38, 151], however, creates an accumulation cycle: the more data there is, the harder it is to select, organize, or find
things [24, 307]. An emerging body of research points to people feeling stressed
by the accumulation of data [253, 271].
The increasing popularity of cloud platforms further complicates keeping decisions. People can perceive their digital data as being an undefined collection of
items without knowing exactly what they possess and where things are. As Odom
et al. [213] remark, “the role of curator can become complicated if one does not
know what one is curating.” Yet, there is a desire for some form of selection. Previous studies highlight that a meaningful personal archive should focus on “the
remarkable” items [166] and that selection is one of the ongoing practices that inform what an archive is [149]. Work on the gaps between actual and desired PIM
behaviors highlights how users are “eager” to delete unnecessary information and
would like to be more efficient in this practice but often fail to do so because of
poor support in data management tools [5].

2.2.3

Previous insights about discarding decisions

Previous HCI studies mention several reasons for deleting or discarding data. For
example, users might want to delete data from an ex-partner after a breakup [247],
unneeded, unknown or unwanted data [150, 184, 213], data copied online [211],
social media accounts or expired accounts [288]. Most of these studies, however,
mention these episodes as secondary insights. Our work looks more closely at
discarding practices in the context of personal data curation, providing a richer
characterization of user behaviors.
Some of the more detailed studies about deleting practices look at the problem
from a psychology or security perspective. For example Kim [151] reports that
people might decide to delete for a variety of reasons and with a variety of approaches: because of limited space on their devices, after buying a new device, by
inspecting items one by one, accidentally, or more regularly. Kahn et al. [150], instead, investigate retrospective data management decisions in two prominent cloud
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storage platforms, Google Drive and Dropbox. They show that most participants
would like to delete at least one from a set of 10 old files when given the opportunity to review them. Ramokapane et al. [240] also look at cloud platforms and list
the main reasons for wanting to delete data: among them, privacy protection, storage issues, external company policies, and the perceived value of the data. They
also mention how some users decide to delete for the sake of it, to “tidy things up.”
Additional studies look in detail at deleting decisions for emails [202], data on
social networks [4, 202, 260, 298], and messages [251]. With email, reasons for
deleting tend to focus on storage capacity and information utility, with users reporting deleting emails that are old, unneeded, or taking up space [202]. With social
networks, instead, privacy and regret play an important role, with users wanting to
remove embarrassing content [4, 202, 260, 298]. A key reason for deleting messages, instead, is to fix and revise exchanges in a conversation (e.g., typos, inappropriate content, obsolete content) or free up space taken up by media content [251].
But emails, social networks, and messages add complexity to deleting decisions
because other people are involved: even if a user decides to delete a message, for
example, the person they are chatting with might have seen it already [251].
Past work also makes a key point: user interfaces should avoid “one-size-fitsall” solutions for supporting deletion because deleting decisions are contextual and
hard to generalize [150, 202].

2.3

Summary and conclusion

Overall, previous work shows that personal data curation is an important activity
for people, but the literature lacks a rich and systematic understanding of individual
decisions for keeping and discarding data. Previous work pays less attention to
individual differences or design efforts in the initial stage of curation, as compared
to organization and retrieval. Deciding what to keep or discard is a challenging
aspect of curation where users often struggle because of the personal and contextual
nature of these decisions, but also because users lack proper support in the tools
they use to manage data.
Our work adds to the existing literature by shifting the focus from data organization and retrieval to decisions about what data to keep or discard. We advance
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existing literature in several ways. First, we detail individual user preferences for
discarding decisions in different contexts (Chapter 4, Chapter 6), and categorize
criteria and strategies for discarding data (Chapter 5). Then, we explore how to
move beyond a one-size-fits-all approach and incorporate individual preferences
both in contextual but separate design solutions (Chapter 7) and with a cohesive,
personalized tool (Chapter 8).
In the following chapters, we will touch on additional related work and highlight differences between our work and previous studies.
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Chapter 3

Methodology
In this chapter, I discuss my research approach and methodology. I outline criteria
for evaluating my work and reflect on my research positionality. Reflexivity is an
important component of rigorous qualitative research: it informs the reader about
possible biases or influences on the analysis, and it positions the researcher as an
active actor in the research process [56]. Because reflexivity emphasizes the role
of the researcher, I write this chapter in the first person.

3.1

Research approach

My research approach is broadly speaking qualitative. Over the course of my work
I combine two philosophical research paradigms: constructivism/interpretivism
and pragmatism [197]. Combining approaches and methodologies is common in
HCI ,

a multi-disciplinary field that embraces many perspectives.

Study 1 and 2 fall largely within a constructivist and interpretive paradigm,
where the goal is to understand and interpret a culture-bound reality [197].
Across the two studies, I use a constructivist grounded theory methodological approach [56]. Grounded theory is a methodology for collecting and analyzing data
in a “systematic but flexible” way [56]. Grounded theory originates in social science, but it is a common approach in the field of HCI [201] (although HCI studies
often only follow a light version of grounded theory, without using the full set of
procedures). The goal of grounded theory is to build an understanding of processes
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and phenomena grounded in research data. Key steps in grounded theory include:
theoretical sampling, for selecting participants based on gaps in an emerging theory rather than to build a representative sample; an initial phase of open coding
(often going through interview transcripts line-by-line), followed by axial and selective (or focused) coding (where the researcher focuses on a few key ideas); a
process of constant comparison, where examples and experiences from different
participants are compared to help better understand the process at hand and its
key categories; memo writing, where the researcher engages in reflections about
the analysis. There are different schools of grounded theory, a result of years of
practice and debate among scholars, with diverging views on the nature of qualitative research [54, 55]: at a high level, we can distinguish between objectivist
grounded theory (as conceptualized by Corbin & Strauss [267]) and constructivist
grounded theory (as conceptualized by Charmaz [56] and, before that, in the original conception of grounded theory by Glaser & Strauss in the 1960s [103]). Charmaz summarizes the difference between objectivist and constructivist grounded
theory explaining that “constructivist grounded theory assumes relativity, acknowledges standpoints, and advocates reflexivity” [55]. In my work, I follow Charmaz’s
school of grounded theory.
My work moves closer to pragmatism with Study 3 and 4, where I take a Research through Design (RtD) approach [317]. At a general level, RtD argues for integrating design into research, giving emphasis to creating design artifacts that can
drive research inquiries. However, the broad nature of RtD often includes diverging
methods and perspectives [96, 318]. In my work (especially in Chapter 7), I borrow
more closely from methods such as Speed Dating [72], User Enactments [214], and
Experience Prototyping [45].
Speed Dating is a method that argues for exploring a variety of design ideas
and dimensions, without requiring full technical implementation [72]. User Enactments, instead, ground the evaluation of possible design ideas into situations and
contexts from a potential future, allowing participants to experience alternative scenarios [214]. Finally, Experience Prototyping argues for creating prototypes that
can simulate user engagement with a product, often in a set of scenarios that might
be difficult to experience directly otherwise [45]. In my design work (Chapter 7,
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Chapter 8), I combine aspects from these methods and adapt them to the specific
requirements of my research inquiry.
In terms of data analysis, I refer to reflexive thematic analysis (TA) [61] in most
of my studies. Reflexive thematic analysis differs from other schools of thematic
analysis (“codebook” thematic analysis and “coding reliability” thematic analysis)
because it gives emphasis to the researcher subjectivity and sees coding data as a
reflexive, recursive process [41]. As Braun and Clarke explain,
“Quality [in] reflexive TA is not about following procedures ‘correctly’ (or about ‘accurate’ and ‘reliable’ coding, or achieving consensus between coders), but about the researcher’s reflective and thoughtful engagement with their data and their reflexive and thoughtful engagement with the analytic process.” [41]
Thematic analysis, however, is a method and not a methodology: this is why I
use it both when I refer to a grounded theory approach and also when I refer to a
research through design approach.
In general, my work moves away from post-positivism and experimental research, where common goals are predictability, statistical generalizability, and representativeness. Instead, my work is exploratory, holistic, generative, and descriptive:
• Exploratory because I openly and inductively explore a specific topic that
the existing literature has not covered in detail (i.e., people’s decisions about
what personal data to keep or discard). There are no a priori hypotheses to
test here [175, 266].
• Holistic because I take a broad perspective on the topic, letting participants
guide me towards many different types of data, devices, platforms, and tools
that they consider part of their everyday life. There are no imposed definitions of what should be part of the research. Instead, the focus of my work
is grounded in participants’ daily experiences.
• Generative because I use the varied sample of participants and the resulting
insights for generating design ideas and open a space for new opportunities.
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My goal is not to provide a statistically representative account of behaviors that can automatically generalize to a broader population, but rather my
analysis is grounded in a specific context that informs its transferability (see
below).
• Descriptive because I strive to provide a rich, thick, contextual description
of people’s behaviors but I do not claim the ability to precisely predict future
behaviors based on my insights [110].
Why do I take this approach? It matches my world view. I believe that methodology should follow from ontology and epistemology. These are key philosophical branches that tell us what we can know about and how we can know about
it [63, 197]. They inform research according to a personal stance. My stance is
that the phenomena I study should be approached with a perspective closer to social science, rather than natural science [197]. Thus, in my ontology I refer to
bounded relativism (i.e., constructions of reality are bound to cultural and social
contexts), and in my epistemology I refer to constructionism (i.e., people construct
reality). The resulting philosophical perspective I take is interpretivism [63, 197].
My stance does not imply that a quantitative approach would be wrong and
a qualitative approach is the only possibility for studying the phenomena I look
at. Simply, a qualitative approach is what matches my philosophical perspective
on the topic. Another researcher could look at the same topic with a different
philosophical perspective and then take a different approach.
A qualitative approach also stems from to the nature of the research questions
I am interested in exploring with my work. The research questions I highlight
throughout the different studies focus on new and uncharted research territory.
Thus, a qualitative approach is the appropriate methodological fit for my work,
where the goal is to develop a rich, descriptive understanding of emerging areas
of interest. A qualitative approach helps in revealing and understanding salient
issues for future research. Rich, one-on-one user interviews help understand the
current state of user behaviors, opening opportunities and directions for more focused work. Research through Design methods, instead, help in probing future
states, anticipating how design can change and influence current situations.
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3.2

Criteria for quality

Criteria for this type of qualitative work include rich rigor, credibility, resonance,
and sincerity [280].
• Rich rigor considers the complexity of the work, its face validity, and carefully chosen procedures for data collection and analysis [280].
• Credibility considers the “trustworthiness, verisimilitude, and plausibility of
the research findings.” [280]
• Resonance considers the aesthetic value of the text and its transferability [110, 165] (i.e., the possibility of transfering results to a similar but separate context).
• Sincerity refers to self-reflexivity and transparency in the research process [280] (as outlined below).

3.3

Research positionality, reflexivity, and transparency

A common practice of qualitative research, and constructivist grounded theory in
particular, is to outline the researcher positionality, providing a reflexive account of
key decisions in the research process. An additional ethical requirement in many
academic journals is to acknowledge a potential conflict of interest that influences
the work reported. These statements are unfortunately rare or non-existent in HCI
publications. I include them to lend rigor and transparency to my dissertation.

3.3.1

Research positionality

When the subject of my dissertation comes up, people often assume that I am a
hardcore minimalist on a mission to purge everyone’s devices. Hide your hard
drives, save your data. But no. I do spend time regularly managing and curating
my data, but like many of the participants I talked to, my approach is contextual
and varied. For example, on my phone I have collected close to four years of mood
tracking and money tracking data. I will probably not delete this information any
time soon and I do regular backups, a practice I started after losing all my data
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more than a decade ago. On Spotify I have a collection of playlists that I have been
putting together month by month for over three years. On the other hand, I strive
for a clean email inbox, I structure the organization of my documents, and I try to
keep the storage space I use on my computer and cloud platforms to a minimum.
I grew up before paying for digital things became an everyday practice and to me
digital still means free. I do not want to pay for storing my data. These experiences,
practices, and attitudes inform my research and the specific perspective I take in
looking at personal data curation. At a general level, my position informs the idea
that studying data curation is important, as discussed later on in Chapter 4. It
also helps in noticing and observing curation behaviors that differ from my own.
Because this is a topic I am fascinated by and I have first-hand experience with, I
am alert to individual differences that might go unnoticed or appear as meaningless
to other researchers.

3.3.2

Reflection on my analysis choices

The qualitative approaches I refer to in my work place great importance on the
researcher as the key instrument of investigation. Reflecting on the decisions that
drive the research process is key for understanding the resulting analysis. Here, I
highlight some of the most important decisions that determined the outcome of my
research.
I did not plan my PhD to be about personal data curation. In fact, the original research question of Study 1 was to investigate how users approach backups.
I wanted to know whether people still do backups and how. But then, during the
study, I found the idea of “hoarding” and “minimalism” as two opposite tendencies more interesting. I decided to follow this lead and shift the focus of the study,
influencing everything that came after. I could have recorded the insights about
hoarding and minimalism along others, give them no particular emphasis, and discuss other themes based on the data collected. But I made a choice that my position
and perspective as a researcher informed.
Similarly, in Study 4, I could have detailed how participants used each section
of the prototype we evaluated, how they ranked each and every tool we asked them
about. But I did not think those were necessarily the most interesting insights, so
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when I identified the idea of data boundaries from one specific participant quote,
I decided to follow that conceptual lead and structure the analysis around this one
key idea. Another researcher might have approached the same data differently.
Interviews are rich by nature and capture a lot of information; this is one of the
advantages of this method. But at some point, as a researcher, you have to decide
the focus of the analysis–decide what story to tell. In this dissertation, you will
ready the story I have chosen to tell.
Throughout my PhD work (starting from Study 2) I regularly engaged in journal and memo writing, a common practice in grounded theory [56] that helped me
reflect on my analysis as I went along. Several ideas I wrote about in my memos
eventually made it into the analysis, but others did not. Appendix C includes some
examples of memos that might be helpful to gain more insights into how my thinking and process around specific ideas evolved.
Appendix C also includes some coding examples from multiple studies. I provide them for transparency but with an attached disclaimer: a set of codes does
not make an analysis. It is tempting to place too much importance on them, and
transfer any responsibility in the analysis to “the codes,” maybe going at lengths
to produce a codebook that can be routinely applied to the data. This is not a
view of qualitative research I share. As Charmaz argues [56, 101], codes are a tool
to understand and stay close to the data, but at some point the researcher needs
to move from codes to a more abstract and conceptual understanding of the data.
Concepts and themes are not necessarily captured in a single word or a neat correspondence between a paragraph and a code: that is where the actual analysis comes
in. The more interesting themes and concepts often cut across codes, categories,
participants. Like Braun and Clarke [41], I do not believe that themes and concepts
magically “emerge” from data, as if they were there all along, hidden, waiting to be
found. Qualitative analysis requires interpretation. Interpretation requires choices
about what to focus on and what to ignore. Coding is the first step in this process
but it is not an end in itself.
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3.3.3

Conflict of interest disclosure

Finally, I see it as an ethical obligation to acknowledge my internship as a User
Experience Researcher at Google in 2019. While my work at Google was entirely
independent from my PhD research, Google and its products often come up in my
dissertation because of their relevance to the topic of personal data. Throughout my
work I keep the position of an independent researcher and keep my experience at
Google separate, expressing opinions on related products based only on my work
and its implications. However, I am aware that bias is often implicit and having
worked at Google is a potential conflict of interest in the context of my PhD work.
I hope that this disclosure can make my position more transparent and help readers
fairly interpret my work.
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Chapter 4

Study 1
Identifying a Spectrum of Data
Preservation Tendencies
In this first interview study1 , we focused on exploring general tendencies around
what data participants decided to keep or discard over the years. We used the term
data preservation to indicate the practice of keeping data in the long-term, and
we see this as a key component of the keeping stage in the personal data curation
cycle. This first study details the nuance of people’s practices in this space and the
importance of curating data for identity construction: this key idea will come back
throughout the dissertation and represents the core underlying theme of my work.

4.1

Introduction

Economists argue that digital data has become the most valuable resource of the
21st century [276]. Like oil, it is a resource that big companies are trying to control and extract from people in large quantities, because it drives economic transactions [264]. Every day people produce, store, share, and interact with an increas1 Originally published in Vitale,

Janzen, and McGrenere. (2018) Hoarding and Minimalism: Tendencies in Digital Data Preservation. Proceedings of the 2018 SIGCHI Conference on Human Factors in Computing Systems (CHI ’18) [290].
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ingly large amount of data, including pictures, texts, files, mobile applications and
the data they contain.
Cloud platforms are one of the solutions that leading technology companies
have proposed to deal with the increasing amount of data. These platforms often cause confusion [213] and raise privacy concerns [138, 288], but they offer
seemingly unlimited storage that requires little maintenance on the user side. This
explains why they are an increasingly popular choice to store digital data for everyday users [288]. Storage is either cheap or outright free. Google Photos, for
example, offers unlimited space for pictures (although at reduced quality).
This is the “seductive” digital landscape that Marshall [182] predicted a decade
ago when studying long-term preservation of digital items. At the time, a similar
change was taking place: hard drive storage was becoming cheaper, giving users
the option to store nearly “everything” [184]. The pervasiveness of the cloud is
once again reinforcing this possibility. Now that people are living in this seductive
landscape, how are data preservation practices changing? It is critical to understand
how users are experiencing this new world, as they are just in its foothills. As
storage gets cheaper and digital data more of a commodity, how do users deal with
this new environment?
In this first chapter, we are interested in the act of preserving (or selecting) data,
by which we mean deciding what data to keep and discard. As Whittaker [302]
points out: little is known about “when and why people keep or delete different
types of information.” Therefore, we focused on a main, broad research question:
how do people approach digital data preservation in the cloud age? How do they
decide what to keep and discard?
We interviewed 23 participants from diverse backgrounds, focusing on their
current and past digital data practices. We asked them what “stuff” they kept
through the years and why, how they used it, what they considered important, and
how they made sure not to lose it.
We found that participants approached data preservation driven by a range
of underlying tendencies, living on a spectrum with two recognizable extremes:
hoarding (where participants tended to accumulate a lot of data even if it had little
value, rarely deleting it) and minimalism (where they avoided storing too much
data or regularly engaged in a cleanup process).
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First, we characterize in depth the spectrum and its extremes, showing the nuanced nature of preservation tendencies. Then, we compare and contrast different
preservation strategies, focusing on the extremes of the spectrum, elaborating on
how they helped participants build their identity, a practice commonly associated
with possessing data [149]. Finally we discuss, among other things, how our categorization relates to previously reported behaviors (e.g., filing and piling [177],
email cleaners and keepers [117]) and the broad implications to shape the current
technological landscape.

4.2

Related work

Here we report related work on data preservation and digital hoarding, expanding
on some the studies cited in the Chapter 2.

4.2.1

Framing data preservation

We use the expression data preservation to indicate a subset of what is commonly
thought of as data management or curation, as others have done before [156, 182].
In the overall process of data curation, preservation looks specifically at deciding
what data people might choose to keep.
Although preservation is often overlooked in favor of other curation
stages [302], there are clues in previous literature about general practices and
values users refer to.

However, we argue that there are gaps in the current

literature.
Previous studies show that users tend to take a neglectful approach to preservation: they do not think carefully about long-term preservation expecting data
to somehow survive without planning [184], they have inconsistent strategies for
short-term preservation with a mix of “planned” (e.g., doing a manual backup
onto an external hard drive) and “unplanned” methods (e.g., emailing documents
to other people as part of other activities) [156], they make no clear distinction
between short-term and long-term preservation, using terms such as “storing,”
“archiving” and “backing up” interchangeably [156, 184, 263].
When people preserve data, they do so, among other reasons, to build an identity [66, 68, 149, 211], as we have discussed in Chapter 2. In this chapter, we
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extend the idea of building an identity and further explore data values that people
might refer to2 .
What is missing in the current literature on data preservation is a holistic understanding that can explain the broader context of these values against
changing technologies. While insightful, previous studies often either focus only
on computers [156] or specific populations (e.g., academics [149], photographers [263]), or predate the current technological landscape and its significant
changes [149, 182, 184]. With a broader approach, we aim for a more comprehensive understanding of user practices.

4.2.2

Digital hoarding

Digital hoarding is not an entirely new phenomenon, but little is known about
it. Coming from a background in psychiatry and neuroscience, van Bennekom
et al. [284] present a clinical case of digital hoarding with one patient who suffers
from a hoarding disorder that leads him to take 1,000 pictures every day. They
define digital hoarding as the “accumulation of digital files to the point of loss of
perspective, which eventually results in stress and disorganization.” They also propose to categorize digital hoarding as a sub-type of the hoarding disorder and point
to the lack of scientific papers on the subject. The topic is just now gaining interest
in the broader scientific research community, as evidenced by additional studies
published starting in 2018 [205, 206, 222, 253, 271].
In a review of published literature, Gormley and Gormley [105] discuss in general terms the costs associated with data hoarding and digital clutter based on previously published literature: for example, hoarding data can result in costs for storage
space and management overhead. However, the research literature on the subject
is extremely scarce compared to hoarding of physical objects, a much more widely
studied phenomenon, with tools to measure it and diagnose it [95]. In addition, all
of these studies are from outside the HCI literature, where these terminologies are
not well recognized and only mentioned in a few studies [126, 127, 250]. Before
running our study and encountering hoarding and minimalism, we were not aware
of research on the subject. We note, however, that we refer to hoarding as a set
2 In the following studies, and particularly in Chapter 5, we expand on criteria for deciding what
data to discard.
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of everyday tendencies, not as a disorder. We are not in a position to diagnose
participants.

4.3
4.3.1

Methodology
Participants

We interviewed 23 participants (16 females, 7 males) in Vancouver, Canada. We
used purposeful sampling to gather a relatively varied sample in terms of age, ethnicity, and background. Participants’ ages ranged from 21 to 64 (average: 35.4,
median: 30, SD: 12.5). Occupations included business consultant, cook, mental
health worker, server, researcher, research coordinator, retired accountant, special
educator, social worker, software tester, stay-at-home parent, trader, universitylevel coordinator, in-between-jobs, in-between study and work, full-time graduate
and undergraduate students (8 with backgrounds in Architecture, Archiving, Commerce, Education, Electrical Engineering, Kinesiology, Mechanical Engineering,
Organizational Behavior), part-time graduate students who were also working (2
with backgrounds in Arts and Gender studies). The majority of participants (15)
had basic technical skills, followed by average (4) and above average (4). Participants were compensated $15 each.

4.3.2

Procedure

After conducting three pilot interviews, we recruited participants through mailing
lists and posters in several community centres in the city. We conducted semistructured interviews, each lasting on average 45 minutes, at a location chosen by
participants. One member of the research team conducted all interviews. We asked
participants to bring their main interactive devices (e.g., laptop, smartphone, tablet)
to the interview. All interviews were conducted in English. We recorded the audio
of the interview, took hand-written notes, and later transcribed them for analysis.

4.3.3

Data collection

After collecting demographic information, we asked participants to talk about and
show us their digital data, whether it was files, data from mobile applications, or
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other examples. Following the example of Vertesi et al. [288], we did not impose
a specific definition of digital data. However, unlike Vertesi et al. [288] we asked
participants to show us the data, although they were free to choose what to show so
as to respect their privacy. Participants gave an overview of their devices and then
a more detailed tour of each, explaining what they used them for, what data they
had on them, and why they had kept it. Then, we asked participants to imagine
what they would want back if their devices broke down or were stolen, focusing
on what was the most important data they had on them and why they considered it
important.
The second part of the interview revolved around a light version of the life
history method, a technique used to relive the life an individual through their narration [181]. In the context of our study, we asked participants to relive their digital
life history, focusing on the devices they used through the years, asking them to remember what they used them for, what data they had on them, whether they kept it
or not, and why. We also encouraged them to sketch a chronology of their digital
life history on paper to help them think through it (Figure 4.1). Life histories are
useful to understand individual experiences in the social context where they take
place and how individual understanding evolves through time [181]. During the interviews, we used the sketches as prompts to encourage participants in discussing
how their data evolved over time. Then, during the analysis process, we referred
back to the sketches to contextualize participants’ recollections.
We also asked participants to think about their data one and ten years into the
future, to know what they anticipated as something worth keeping and why. We
concluded by focusing on positive and negative aspects of their data management.

4.3.4

Data analysis

We analyzed the interviews using the Braun and Clarke approach to thematic analysis [61], where “coding is flexible and organic and evolves throughout the coding process” [62]. We did both an inductive and deductive analysis (based on the
“data economy” framework [288]). We used open coding with all members of
the research team examining and discussing the data collaboratively in an iterative
and reflective process. Each member could see how others were coding the data,

32

Figure 4.1: We asked participants to sketch the history of their data over the
years to see what they had kept or discarded. In this figure, examples of
sketches from two participants.
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discuss the interpretations, and propose alternative explanations. Throughout this
process, we regularly met for lengthy in-person discussions of the interpretations,
making sure they were coherent, comprehensive, reasonable, and reflective of the
actual data. We later grouped codes into categories and went back again to the
interviews to check for consistency.
We looked at preliminary trends after the first batch of interviews, adjusted our
research foci and proceeded with additional interviews until thematic saturation.
That is, when we got to P20, we noticed interviews were starting to closely repeat
ideas from previous participants, therefore we stopped at P23. In the later stages of
the analysis, we paid attention to the contrast between hoarding and minimalism.
These terms came up halfway through the study, when some participants used them
to describe their approach to data preservation.
We do not present counts for specific occurrences of behaviors, as we focus
on recurring patterns of behaviors across and within participants to characterize
hoarding and minimalism. We agree with Braun and Clarke that “frequency does
not determine value” [62]. Our goal in reporting is to characterize the essence
of hoarding and minimalism, not their distribution, as our methods simply do not
allow us to give a distribution.
Epistemological stance and reflexivity
In our analysis, we took a constructivist epistemological stance within a bounded
relativist ontology [197]. In the context of HCI, we position ourselves in the socalled third paradigm, where meaning-making is a central focus [124].
Our approach is similar to a constructivist grounded theory approach [56]. Taking a constructivist approach means that we saw interviews as an interactive process of meaning-making: we built knowledge with participants. Therefore, we do
not claim absolute truths about people’s behaviours, but a shared understanding
grounded in participants’ reasoning and experience, reflective of their broader cultural environment. Focusing on the words used by participants, we arrived at the
notion of hoarding and minimalism. These terms are socially constructed in the
sense that they embody cultural connotations: we debated whether they were appropriate, reflecting on our assumptions about what they point to. Ultimately, we
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use them to fairly represent the shared understanding we constructed with participants.
In line with our constructivist approach, we critically reflect on our position as
researchers and its influence on the analysis. Throughout the analysis, we reflected
and discussed our own experience with data preservation, since it is something we
deal with on a regular basis. In particular, one team member considered themselves
to have mostly minimalist tendencies, one had a mix of both, and another one reflected on a tendency to hoard pictures. Additionally, we frame data preservation as
a challenging task worth investigating but others might have different perceptions.
We also acknowledge that our Western cultural background and its values inform
our view. This points to the inherently interpretive nature of our work taking place
in the the current socio-technical landscape.

4.4

Results

First, we present contextualizing information about the data that participants discussed in the interviews. Then, we focus on the cross-cutting theme of hoarding
and minimalism, giving an overview of recurring behaviors across participants.

4.4.1

3

Contextualizing information

Similar to what Vertesi et al. [288] found, participants considered a variety of data
sources: computers, smartphones, tablets, wearable devices, online platforms, and
mobile applications. They talked about files, text conversations, pictures, videos,
bookmarks, logs, profile settings. Pictures were consistently regarded as one of the
most important pieces of data because of their sentimental value. Participants mentioned how photos served as a tool for remembering and how it would be hard to
take them again if they lost them: “I can’t retake those photos [...] I’m emotionally
attached to them [...] Music, I can always download again. It seems like photos
are less replaceable.” (P3) Other factors determining the importance of data were
recency, utility, time invested to craft it, and its role as a record. We are not the first
3 The

two other themes were “the importance of other people” and “striving for the right way
to manage data.” We decided not to include them in the final analysis because they had substantial
overlaps with work by Vertesi et al. [288]. In Chapter 6 we touch on the importance of other people
and how it helps in understanding data curation.
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to report these values [104] but we elaborate later on the important role of data as
a memento in relation to hoarding.

4.4.2

Identifying hoarding and minimalism

Halfway through the data collection process we met with Sarah (pseudonym for
P13), the participant who introduced us to the approach of data minimalism.
Sarah is a graduate student and mental health worker. She manages all her data
on her laptop. She does not use cloud platforms. She has a phone, but it is not a
smartphone. It is a “dumb” flip phone. She explains that she grew up in a small
community whose members did not use tablets or smartphones. She does not want
one, “never”, because “otherwise [she’ll] be on the bus [demonstrates hunching
over the phone]” and instead she wants to “look outside and talk to people.”
On her laptop, a small MacBook Air, there is only one main folder simply
called “Life.” “Everything is kinda organized,” she explains. “My apartment, inspiration, beautiful photos, photos of my family.” When we ask her why she called
it “Life” she takes a moment to think. “Well, I was thinking about it. [...] And I
was like, OK, what could this be? Well, it is my life. My family, my school. I mean,
my life is so much more than that. But I couldn’t think of a better name.” She then
explains how data helps her build an image of herself, an idea that will become
important to understand the broader role of preservation tendencies:
“I think humans are always trying to find things outside of themselves
to make them feel they’re more than they are. If I like a song, it’s part
of me, me kind of building up the image of myself. So I think it’s me
being like ’Oh yeah, my life, school and this and that.’ We don’t need
things outside ourselves, but we are always looking for things to make
us feel complete.” (P13)
At the end of the interview she summarizes her approach to deciding what to
keep and discard: “It’s very minimal. I try to delete everything that I don’t need as
fast as I can. [...] Do most people have a lot of stuff?”
Yes, they did. Compared to what we had observed up to that point in the study,
hers was a very different approach. In retrospect, it was clear that until that point
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we had mostly seen strategies closer to another extreme: hoarding. We thought
Sarah might be a “unicorn” and that we would not meet other participants like her.
But we did. And then something similar happened when other participants selfidentified as hoarders, even though we never used these terms in our questions.
In fact, looking back, we saw that some participants had specifically mentioned
“hoarding” before we interviewed Sarah, but it had not jumped out to us. Altogether, it became more and more clear that participants adopted a range of data
preservation tendencies that lived across a spectrum between hoarding and minimalism.
We start by describing and characterizing the tendencies participants reported,
largely grouping them along the two extremes of a spectrum: hoarding and minimalism. Throughout the analysis, we point to instances of nuance within individuals, with some participants being highlighted in both sections on hoarding and minimalism, or displaying interesting exceptions to their general approach. Broadly
speaking, some participants were stronger in their tendency towards hoarding or
minimalism, while others displayed a much more even mix of both or were not
easily classifiable. However, this is an over-simplistic categorization, given the
nuanced nature of the tendencies and the fact that they represent a spectrum of
behaviours within two recognizable extremes.
We also touch on the actual organization of data that participants displayed
(e.g., being organized or messy, using folder hierarchies or not), showing that it
appeared to be orthogonal to their tendencies—some participants were organized,
some were not, independent of the tendencies they displayed.

4.4.3

Hoarding: keeping to remember

Hoarding was characterized by the tendency to have large amounts of digital
“stuff”, rarely deleting any of it. Participants often kept data even if they described
it as having no value. The practice had both an emotional component (where it
was a response to the fear of forgetting and letting things from the past go) and a
practical component (where it was related to job or external requirements). When
discussing hoarding, participants often reported challenges and frustrations with
managing and “being on top” of data.
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Self-identifying with hoarding
Similar to what happened with Sarah, we were surprised when some of the participants self-identified as “hoarders.” “I am a hoarder, I hoard things,” said P17,
explaining why he had a large number of ebooks. Or:
“I consider myself a hoarder because I didn’t delete them, cause
I didn’t clean them or delete, and I’ve kept all of them, except a
few.” (P20)
“I’m a bit of a hoarder, I just keep all the stuff and nothing ever goes
away.” (P12)
However, not all participants were comfortable identifying with hoarding. At
one point during the interview, P8 said: “I am not a hoarder, really I am not!” And
added that she could delete stuff if needed. However she later explained that she
“keep[s] everything” because she “like[s] to keep things.” In fact, she had digital
data going back to her first computer from when she was 10 years old—she was
now 25.
Lots of data, often spanning years
The first point that characterized hoarding tendencies was the large amount of data
participants had kept through the years. P12, for example, had a large number
of old files on her computer from decades ago that she never looked at and was
surprised to occasionally discover. She also had a large number of pictures on her
phone and a lot of unrecognized documents on Google Drive. P17’s ebooks were
in the thousands. P3, who had recently taken a trip around multiple countries, had
around 6,000 pictures just from that one trip on a hard disk, which admittedly was
“a lot to deal with.” Although they had kept it for long time, participants often
dismissed most of their data, describing it as not needed. For example, P23 had
four external hard drives in which she stored videos taken at public events such as
concerts or festivals. She had kept them all since the 1990s:
“I’ve always kept them, I know I don’t need them anymore, but [I just
keep them]. I guess I hoard things. At least with data it just takes the
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drives. It’s not like it accumulates or takes the space in your room.
Before I used to [go] shopping to buy clothes and clothes would add
up. And then, OK, I’m running out of space! Get rid of the old stuff,
right? So I kinda stopped that now. But I guess I switched over to
data!” (P23)
This hoarding tendency did not seem limited to videos: her phone had multiple
screens full from top to bottom of application folders, each with several applications. However, she reported regularly using only a few.
Sometimes participants even went as far as describing the data they had kept in
rather uncomplimentary words; for example P12 said: “Crap. All kind of stuff. My
bills, recipes.” She did not know why she had kept it all through the years: “I don’t
know, might need it.” At the end of the interview, she asked if other people did the
same: “Are there people who don’t have tons of crap on their devices? Do you get
rid of your messages? Do kids do that? Do kids get rid of everything?”
Rarely deleting data
The large amount of stuff participants kept might be explained by the tendency to
avoid or to rarely delete data. Participants lamented the effort it takes to curate and
delete data: “I don’t think anything is going to go. I’m just going to add more,
because it costs so little to add stuff but it takes a lot of time to sort the stuff you
want to delete.” (P2)
At the same time, having access to larger storage space than in the past (whether
on hard drives or in the cloud) tilted the choice towards inaction:
“I can just put it there and forget about it and don’t have to actually
select. If I couldn’t backup to a physical hard drive and I could only
backup to the cloud with a limited capacity, that would force me to
clean up a little bit of the files. But because I have plentiful storage
space, I don’t think about it too much.” (P3)
In cases when storage became an issue, getting additional storage appeared to
be the easiest solution. P9, for example, described regularly buying new hard disks
to accommodate her growing set of data: “I think the reason I have my second
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hard disk is because the first is filling up, because I don’t like to delete stuff.” P8
explained a plan to keep everything in the future: “Oh, I’ll keep all of it! Well, I’ll
have to get a bigger hard drive [...] And if it doesn’t fit, I will use Google Drive
again if I run out of space on Dropbox.”
The emotional value of hoarding
The costs associated with curating data in the first place might explain why participants rarely deleted data. However, this tendency also appeared to be an emotional
response to the underlying fear of letting things from the past go and forgetting, a
sentiment that participants often brought up. “I like to keep memories. I don’t like
letting go of things,” (P8) “I tend to keep everything. It’s more like, I don’t want to
forget things that have happened to me in the past,” (P11) “I have not learned how
to let go of things.” (P17)
In fact, while in some cases participants described their data as having no apparent, concrete value, it had a deeper, emotional value. Such is the case with P15,
a stay-at-home mother of two, who had over 20,000 pictures on her laptop:
“I’m sentimental. As a mom, both my children, 15 and 18, they encapsulate memories. And sometimes it feels I have to hold on to those
because that’s all I got left in some sense. Sometimes it feels like
that. So the pictures represent something that’s important to me, that’s
precious. The experiences with my children. [...] There’s maybe this
impression that things that are digitalized are somehow permanent and
maybe it’s an attempt to try and hold onto things, in spite of the passing of time.”
Here hoarding was a proxy to remember life. It provided emotional support,
with the large amount of stuff representing a large amount of experiences to go
back to.
The practical value of hoarding
Along with an emotional value, hoarding tendencies also had a practical component, related to job requirements or external factors. For example, P14 reported
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keeping all tax documents for the previous five years, to comply with government
regulations. P3 explained that a large number of pictures from a trip could act as a
record for other people when looking for a job:
“We really value these pictures, they’re useful for us to keep as memories and also for employment. When they say ’Why did you have this
9-month gap in your history?’ We can say ’This is what we did,’ this
[the travel pictures] is proof I wasn’t somewhere else.” (P3)
Another participant, a student in architecture who was close to graduating, explained keeping Autocad files of all of her school projects because they might come
in handy when looking for a job:
“Much of the stuff is school work. When we want to apply [for a job],
make a portfolio, I’ve heard they ask you to send Autocad for specific
projects [...] I will need a job after I graduate.” (P9)
Keeping all files offered assurance that she would have the right piece of work
to show when the right moment came. However, P9 was frustrated by how increasingly challenging this practice was: “I think it’s not very efficient: files are getting
bigger and bigger, but my hard disks aren’t, except if I get more hard disks.” (P9)
She was not alone in expressing frustrations with hoarding.
Challenges when hoarding
The large amount of data that characterized hoarding tendencies often led to frustrations. Participants reported issues in 1) keeping up with their data because of
how much they had, 2) knowing what exactly they had, and 3) knowing where
they had stored it. For example, P15, who valued the 20,000 pictures stored on
her laptop for their emotional role, described also being overwhelmed by the sheer
amount: “It’s hard to keep on top of. I wish I was more organised in the beginning
’cause now it’s overwhelming going back and organising things [...] On one hand,
you can take 30 pictures and have one that’s good, but 30 pictures take time to go
through.” She aspired to become more organized and minimal in her approach, to
reportedly do things right [288]: “I’m hoping that by organising I can get rid of
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things, then I have more space. I hope it will be more efficient, so that whatever I
have, I am valuing it and enjoying it.” The problem was, she did not know how to
go about changing her approach.
Hoarding in relation to data organization
The large amount of data also made it difficult to know what exactly participants
possessed and where it was stored. This did not appear to be an effect of general
disorganization. P6, who was in general methodical with her organization, had
six different Google accounts that she used in the past to segment [293] her email
usage. She also used them with Google Drive, but she had a large amount of
data, so it was hard to know what it was: “I don’t know what’s on everything,
just random stuff.” Similarly, P12 had a rather organized computer, making use of
folders and sub-folders. Yet she had no idea what she had kept through the years,
simply because it was a very large amount of data: “I look at things and I’m like
’What’s even in there?’ And there might be folders inside those folders.”
Some participants did not appear to be bothered by their approach and characterized themselves as being “just lazy”, displaying a rather care-free attitude:
“Occasionally I have some weird stuff here, like this ebook, I don’t know what it’s
doing here, this is probably my stuff from 2015. I’m too lazy to move it so I just
leave it.” (P6)

4.4.4

Minimalism: I am more than my data

Minimalism was characterized by the tendency to keep a small amount of digital
data. Participants used both preventive and reactive strategies to keep as little as
possible: they set a limit on the amount of data to acquire, or they regularly went
back to cull it and delete it. Participants described minimalism as a way to be in
control of data and life, but they also hinted at underlying anxieties behind it, and
in some cases they felt detached from their data.
Prevention: limiting the amount of data
Similar to what happened with hoarding, some participants were explicit in calling
out their minimalist approach. As an example, P19 had recently switched from
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a Macbook to a Chromebook, which she found cheaper and more “basic”. She
explained how the change affected her data practices: “I am more of a minimalist
now. Really keeping what I need.” (P19) Her minimalist approach encompassed
several types of data, including, for example, mobile applications on her iPhone:
“My phone, again, minimalism. I do not like having tons of apps. And the apps I
don’t really use, I put them here [a folder]. But other apps, I was so happy when
they [Apple] said you could get rid of them.” (P19) Interestingly, the exception
to her minimalist approach was a collection of articles from the “New Yorker”
magazine: “I am obsessed with The New Yorker, the magazine. I have all different
sections of it. Every time, I download it and then I read it. And I save the ones that
are amazing and I want to re-read in the coming years.” (P19)
With minimalism, some participants limited the amount of stuff to keep in the
first place, and this worked as a self-imposed preventive measure: “I try not to have
too much stuff here [the desktop] [...] And I try not to download too much, ’cause
it is primarily for school.” (P13) Referring to her pictures, P6 explained that she
was selective and therefore chose to not use automatic uploads in the cloud: “Most
people auto upload them to Google Photos, but I don’t, because I don’t want to save
every single photo.” (P6) It is interesting to note that P6, outside of her pictures,
displayed a tendency to keep a lot of data.
Reaction: cleaning up data
Another recurring behavior participants displayed was going back to the data so
that they could cull it, clean it up, and delete it as needed: “Every couple months I
go through all the old photos and delete them.” (P21)
They articulated a thoughtful process of evaluation based on future utility and
personal values:
“With my phone, I guess I tend to only keep things that I think will
be useful. For example, if I went out and took a lot of photographs in
a single day, in that evening I might clean up the photographs that I
didn’t like or that I wouldn’t think would ever be of interest to anyone
else. If I don’t like them, I don’t think others will, and I don’t see the
point of keeping them. I’m generally quite clean with what I do.” (P22)
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In some cases, getting rid of things was the ultimate goal of being organized,
an activity participants sought out: “[I] organize, so that I know what to get rid
of.” (P19) But while some participants were very organized, this was not always
the case with minimalism. For example, P21, who had a minimalist approach with
the data on his phone, said he was “not an organized person whatsoever,” relying
entirely on the automatic organization his iPhone provided. Similarly, P16 did not
have many documents on her laptop and she stored them only on the desktop: “I
have a tendency to keep my stuff on the desktop, all the time. It’s not a good habit in
terms of organization but [...] It’s there, it’s easy to find.” Having a limited amount
of data might have made it possible to be less organized and still be able to use it
efficiently.
Underlying anxieties in minimalism
A minimalist approach was often described as a habit: “I clean it out regularly.
I don’t really know why, just a habit I guess. It seems kind of busy. So, I like
having clean files I guess.” (P10) However, participants with minimalist tendencies
sometimes displayed underlying anxieties behind their approach that we did not see
reflected in hoarding.
Curbing the amount of data with preventive and reactive actions appeared to be
a way to have control of one’s data and, by extension, life: “It’s probably a way for
me to stay clear.” (P13) In some cases the need to be in control extended beyond
data:
“For me, being able to see on Gmail that I have less than a hundred
emails that are unread and not having to rely on too many apps, it
makes me feel calm inside. I do not like clutter. Clutter? I hate clutter!
Visibly, physically, I like clean, I like washing clothes, I like seeing
everything clean on the table and house. I’m not like a clean freak,
that’s my mother. I’m somewhere in between.” (P19)
When talking about minimalism participants also expressed a need to limit
the time spent with technology, displaying a general avoidance for it: “I really
don’t like how much time I have to spend on it. I would rather be not staring
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at the screen for hours.” (P13) They placed greater importance on face-to-face
interactions, as if technology was in itself negative: “I like spending time with
people one on one, talking, I don’t like chatting.” (P19) This is an attitude that did
not surface in participants with stronger hoarding tendencies.
Some participants also reported worries about external factors, such as money.
For example, P16 used a very old computer and a four-year old iPhone, because
she was trying to be economical and have a rather frugal lifestyle. She also was in
a phase of her life where she did not have large amounts of data in the first place:
“I try not to do a lot. I don’t have to do a lot of documentation for school, I’m done
with school, so I don’t have a lot of essays.” (P16)
Similarly, P21 had recently “downsized” his digital life: he went from owning
a Mac computer to having just an iPhone for all his data. This change, that “did
not come from within” (implying again that minimalism was in part a reaction to
financial constraints) imposed a limit on the amount of space at his disposal:
”[When] I had more space, I would save almost every stupid photo to
the computer and have photos of my background, have photos of my
thumb. And now with limited space I have to be more choosy [...] I
never needed all those photos [...] I do enjoy this [the iPhone] because
it simplifies everything a little more.” (P21)
The exception to his approach were texts. P21 explained the need to keep all
of them because they were important for work and having a record of what people
said.
Detachment from data
Minimalism sometimes translated to a level of detachment from the data itself, to
the point of being at ease with the possibility of losing it. P21, for example, related
how his approach evolved after downsizing:
“After awhile, you know, they’re just photos. And life is ongoing really. There was that big need before to hold on to every little type of
thing. And now, you know, it wouldn’t be the end of the world if I lost
these things.” (P21)
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External factors such as money appeared once again to be important in determining the contextual value of data. This was the case more with minimalism than
hoarding:
“I would rather not [lose it] obviously, but I don’t think it would be
that critical. I would get over it pretty quickly [...] I would go to
some lengths to get it back, but if it was to cost me some money, I’d
rather lose the files than money. Money is more important to me I
guess.” (P22)
That is not say that in minimalism data did not have value. Participants reported
how the limited data they kept was a part of themselves: “The things I use more
frequently are in this file. This is my D&D, I play Dungeons and Dragons. It’s a
big part of who I am.” (P22) However, they also reported being at ease with the
possibility of losing data. As P16 summarized: “That’s OK, if I lose it, I lose it.”

4.5

Discussion and implications

In introducing a spectrum of tendencies, questions about their nature arise. Are you
innately more aligned towards minimalism or a hoarding? Can you move across
the spectrum? Can you embody aspects of both extremes at the same time?

4.5.1

Tendencies across a spectrum

We start by addressing terminology. We talk about a spectrum of tendencies with
hoarding and minimalism at two extremes, rather than categorizing participants as
either “hoarders” and “minimalists.” This is because we saw variation both across
and within individuals, and also across data types. P21, for example, had a minimalist approach with most of his data because of external factors: once he sold
his computer, he became choosy with what to store, except with texts. Similarly,
P6, who was highlighted in both the hoarding and minimalism sections above, displayed tendencies on both extremes throughout her various devices, hoarding the
majority of stuff, while also displaying exceptions for specific types of data (e.g.,
photos). P19, with the strongest minimalist tendencies, displayed an exception in
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collecting articles from the New Yorker. Several participants shared similar patterns of behaviors, suggesting that the tendencies were context-dependent and not
a clear-cut binary. Therefore, our goal was to categorize behaviors across a spectrum, not individuals.

4.5.2

Individual variation is common

A growing body of literature shows how people might segment their digital data
into multiple mental places: an account for work stuff and one for personal
stuff [293]; a messaging application for friends, one for family [207]. This mental
segmentation adds to the idea that there is variation within an individual: users approach data differently depending on the context they build around it. Therefore, a
single user can actually incorporate multiple behaviors, influenced and dependent
on the specific context she needs to manage at a specific time. Chapter 6 further
explores this idea.

4.5.3

Comparing and contrasting hoarding and minimalism

As two ends of a spectrum, hoarding and minimalism appeared to be radically
different opposite approaches. But while there were indeed differences in required
effort, they both served a similar function in helping participants construct their
identity.
Identity construction
Tendencies across both hoarding and minimalism appeared to often have the implicit goal of providing participants with a framework for building their identity.
This is a practice closely tied to data preservation [66, 68, 149, 211]. Participants
looked at themselves in relation to data, context, and other people. Here we refer to the several quotes where participants asked what other people did with data
compared to them: “Do you get rid of your messages?” (P12), “Do most people
have a lot of stuff?” (P13) Similar questions were a common occurrence during the
interviews. Towards the hoarding side of the spectrum, the large amount of data
appeared to provide emotional support against underlying worries and concerns of
time passing. Data was a symbol of experiences and memories (I have data there47

fore I am). On the contrary, limiting the amount of data in minimalism seemed to
provide a way to gain independence from technology and detaching from data (I
am more than my data, paraphrasing P13).
Costs and effort
Tendencies at both extremes came with costs, although at different stages of the
preservation process. Hoarding tendencies seemed to have no upfront costs (e.g.
P3: “I can just put it there and forget about it”), but later revealed themselves to
not be an optimal preservation strategy if the amount of data became too large.
Hoarding was a way to offset any upfront costs. Minimalism, on the contrary,
required both an initial investment and ongoing dedication: setting a preventive
limit and regularly going back to clean up data. In short, minimalism required
ongoing effort, while hoarding seemed to require effort only once problems started
arising, if at all.
Past clues about hoarding and minimalism
Previous studies contain clues about the notion of a spectrum of behaviors falling
between hoarding and minimalism, but they rarely use these terms. For example,
Spurgin [263], in studying photographers, talks about how some people delete all
pictures, some do not, most fall in the middle. Henderson [126, 127] talks about
filing and piling (two common strategies for organizing documents [177]) and mentions participants who self-identify as hoarders. We also see similarities between
minimalism vs. hoarding and cleaning vs. keeping email [117], where participants
either cleaned their inbox or let messages accumulate.
All these different categorizations of individual differences are neither in conflict nor duplicates. What we provide is a broader and more comprehensive lens on
user behaviours that builds on top of and extends previous categorizations.
By focusing on a broad range of data types, we provide a broader context for
previously reported behaviors that come from studies in specific, narrower settings
(e.g. personal documents, email). That is, the spectrum of tendencies that we
developed appeared to encompass several types of data, suggesting that it represents an overarching phenomenon not limited to a specific domain. We focused on
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data preservation, but we speculate that these tendencies might play a role in other
user behaviors (e.g., tab usage in browsers or notification management). Further,
we believe that looking at the different prior categorizations together in relation to
hoarding and minimalism might lead to building an even more comprehensive and
exhaustive spectrum of data related behaviors.

4.5.4

Reflecting on hoarding and forgetting

The tension in using the term “hoarding” is that the word itself often embodies
negative cultural connotations, evoking images of people buried alive by their possessions. This might explain, for example, why P8 was so emphatic in saying that
she is “not a hoarder!” But we saw how hoarding tendencies had an important role
for participants, providing them with an emotional support for the fear of forgetting things, an insight that further supports the link between digital possessions
and their role for identity shaping. Kaye et al. [149], for example, titled their paper about personal archives “To have and to hold,” highlighting the importance of
holding onto to things.
It is interesting to compare the emotional need of never forgetting to recent
neuroscience studies about memory. Researchers suggest that forgetting is in fact
a useful function of the human brain, essential to make decisions [135, 242]. Other
studies show how taking pictures of every moment does not actually help in remembering them [129, 268]. There are even specific circumstances (e.g., the breakup
of a relationship) where disposing of digital possessions is seen as a necessary act
to avoid negative emotions [247]. Considering these insights, a worthy question
to ask is whether attempting to store and keep everything forever still allows the
space for forgetfulness and how?

4.5.5

Implications for shaping technologies

Leading technology companies such as Apple, Dropbox, Google, and Microsoft
have an interest in encouraging users to move their data onto cloud platforms and
accumulate large amounts of it: the more data, the more space users need. The
more data, the more possibilities to thrive as a platform [264]. Unlimited storage
for pictures on Google Photos might seem a generous offer, but generosity is not
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Figure 4.2: macOS Sierra shows users large files on their hard drives, displaying the size and the last time they accessed them.
necessarily the main motive when considering a larger business model where data
is an essential resource for machine learning and AI training [170].
In this context, how much do technology applications influence data preservation behaviours? Some participants mentioned the amount of storage at their
disposal as a decisive factor for keeping large amounts of data, while others were
accumulating independent of it. At the same time, some participants gravitated
towards a minimalist approach because of the limited storage on their devices. So
we do not have a definitive answer to our question, but we do believe that considering the spectrum of tendencies we present can inform design decisions. What we
offer are not specific design recommendations for user interfaces, but rather broad
implications that could help shape technology.
Seeing these tendencies as living on a spectrum with two ends lead us to advocate for ways to mitigate the costs that characterize both sides. Some recent
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Figure 4.3: Files is an Android application by Google that gives users recommendations on how to free up storage space on their phone.
changes in interfaces show that mitigation is possible. For example, recent versions of Apple’s macOS provide a panel, although rather hidden, to explore how
storage space is used (Figure 4.2). It shows what are the largest files on a user’s
hard drive, their size and the last time they were used. This is information that the
operating system can easily access and can be helpful to users to inform decisions
about data preservation. Similarly, Google released at the end of 2017 “Files” 4 ,
an Android application that suggests to users how to free up storage space on their
mobile devices by deleting, for example, old apps and temporary files (Figure 4.3).
Even though it is not clear how many users are aware or regularly take advantage
of such features, their existence provides some evidence that companies are at least
somewhat conscious of the frustrations experienced with the accumulation of large
files.
4 https://filesgo.google.com
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We recommend more user support along these directions, namely, finding ways
to increase awareness for these features, and making them more visible during
daily usage. In Chapter 7 we will explore similar design concepts to understand
how people might perceive them.

4.6

Summary and conclusion

We have shown how participants approached digital data preservation driven by
a spectrum of underlying tendencies with two extremes: hoarding (where they
accumulate large amounts of data, sometimes considered useless, experiencing in
some cases challenges with managing it) and minimalism (where they try to keep
as little as possible, preventing or reacting to data as a way to be in control of it).
There was nuance and variation within individuals, but tendencies close to both
extremes of the spectrum appeared to be a way for participants to build their own
identity in relation to data (I have data therefore I am vs. I am more than my data).
The contribution and value of this study lies in: 1) bringing to light a spectrum
of tendencies with hoarding and minimalism on two ends, characterizing them
in depth, 2) comparing and contrasting different user behaviours, showing their
common role for identity construction, 3) putting them in context compared to
previously reported behaviors in the literature.
Our analysis sheds light on possible behaviors for preserving digital data, a
generally under-unexplored topic. Furthermore, they have broad implications for
shaping technology, opening rich possibilities for future work. Now that people
are in the foothills of a new world where seductive cloud storage is pervasive, it
is critical to understand what drives people’s behaviors so that we can shape this
world in a way that promotes informed decisions and well-being.
In the next chapter, we will complement Study 1, with a mixed-methods study
that looks more closely at decluttering data rather than preserving it. Then, in
Chapter 6, we will tease out the variation in behaviors across the spectrum and
introduce a set of “behavioral styles” that expand more general preservation tendencies.
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Chapter 5

Study 2
Unpacking Decluttering Criteria and
Practices
In this chapter, we present Study 2, a mixed-methods study (7 interviews and
an online survey with 349 participants) that we conducted as a followup to
Study 1 (Chapter 4). Here, we focus on decluttering, defining criteria and practices
that participants used to declutter their data. These criteria and practices inform the
design concepts that we explore in Chapter 7. In addition, we later use the 7 interviews from this chapter as part of the overall analysis we present in Chapter 6. We
also build a taxonomy of data types that will play a role in the prototype system we
introduce in Chapter 8. Similar to how we used the term preservation in Chapter 4,
we use the term decluttering to indicate specific actions that are part of the keeping
stage of personal data curation.

5.1

Introduction

Data curation involves both keeping and discarding data. After looking at preservation tendencies in the previous chapter, we now take a closer look at how people
decide what to get rid of when curating their personal data. As we have established
before, personal data curation is the overall process of keeping data and managing
it for future use. Past work tends to focus on the items that people keep, as we
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outlined in Chapter 2, pointing to criteria that people might use. However, as we
have seen, curation is not only about keeping. It is also about discarding. Less is
known about criteria for discarding data.
In this study, we aim to fill this gap by asking: what are the types of data that
people consider when curating, and what are the criteria and practices they use to
“declutter”? To answer this question, we conducted a mixed-methods study consisting of contextual interviews with 7 participants as a followup to Study 1 (23
interviews on “hoarding” and “minimalism”, see Chapter 4), and an online survey
with 349 participants. The goal of the study was to investigate “decluttering” practices with two different samples (narrow and specific in the interviews, broader
and more general in the survey) to generate insights that can inform the design of
personal data curation tools.
We define decluttering as the act of removing or reorganizing data. We see it as
part of the overall process of selecting what data to keep or discard within curation.
Decluttering can involve actions from across the curation cycle such as deleting,
hiding, archiving, moving, and so on.
Using data from both the interviews and the open-ended responses from the
survey, we outline a taxonomy of data types and decluttering criteria, together with
a set of decluttering practices, that we use to inform the rest of the thesis work.

5.2

Methodology

To answer our research questions, we used a mixed-methods approach: first, we
conducted 7 in-depth contextual interviews; then, we ran a broader survey with
349 respondents. We present details about each method, followed by the combined
analysis.

5.2.1

Contextual interviews with self-identified minimalists

In the first phase of the study, we conducted interviews to investigate the process
of decluttering possessions, both physical and digital. Our goal was to identify
decluttering practices to use as a basis for design.
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Participants and research process
In the interviews, we took a constructivist grounded theory approach [56], and
used theoretical sampling to recruit seven self-identified “minimalists” (2 women,
5 men) from a local “Minimalist Meetup” group in Vancouver, Canada. We chose
this specific population to expand on Study 1, to complement additional recent
literature that focuses more on a “hoarding” perspective [271], and to better explore
variation in attitudes among people who take a minimalist approach. Recent work
shows that “minimalist” participants can provide inspiration for design [58, 59].
Six participants identified as Caucasian, one as Asian. They all used a computer
and a smartphone, except P1, who used a flip phone. P6 also used a tablet. Their
occupations and ages varied: P1 (31, receptionist), P2 (36, investment analyst),
P3 (19, barista), P4 (35, system analyst), P5 (32, administrator), P6 (49, project
manager), P7 (36, life coach). Their living arrangements also varied: most lived in
studios or one-bedroom apartments. One lived in a minivan, one in a family house.
The research process was iterative and spanned four months. Data analysis
informed data collection. After each interview, we transcribed the audio verbatim
and did a first round of open coding. We proceeded until theoretical saturation.
We also used data from the survey as a complement. In most cases, interviews
took place at the homes of participants (Figure 5.1) and lasted approximately one
hour each. One interview took place at the participant’s place of work for scheduling purposes. Another interview took place in part in a minivan and in part in a
park near the minivan (the participant’s current living space). Participants were
compensated $40.
Interview questions
The interviews were semi-structured. In all interviews we asked participants to
give us a tour of their place and their possessions. Then, we asked them to recall
a recent time in which they decluttered possessions and if possible to show us the
process. We discussed what clutter meant for them, what was something cluttered
in their home, and how they approached minimalism. We asked similar questions
when switching to digital possessions. Participants showed us the data they were
comfortable with, walking us through their organization and decluttering practices.
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Figure 5.1: In Study 2 we ran contextual interviews with 7 self-identified
“minimalists,” asking them to show us and discuss how they curated
their possessions, both physical and digital. In this figure, some of the
homes and highlights that participants discussed (from left to right): a
small but cherished apartment; a collection of ebooks contrasted with
a collection of physical magazines; a frugal apartment with no visible
devices; a set of boxes for “purging” items.

We also probed the difference between the two domains and any challenges they
face in either or both. In the later interviews we also asked about digital tools to
delete data (e.g., Clean My Mac) and whether participants used them.
Data analysis
We started the analysis with line-by-line open coding using mostly in vivo codes1 .
To keep the focus on actions, events, and the underlying process, we used “active
codes” with gerunds [56]. We used constant comparison to better understand different contexts and individual attitudes. We later grouped codes into categories.
Then, we did a second round of focused coding, and finally a round of selective
coding. We also used memos: some became part of the categories we present,
others come up as choices in the research process (some examples are available in
Appendix C).

5.2.2

Online survey

In parallel to the interviews, we conducted an online survey about data management
behaviors and decluttering episodes. Our goal was to complement the interviews
with a larger sample and collect a broader range of decluttering experiences.
1 “In vivo” codes are based on participants’ words. They are a way to be alert about participants’
language and preserve specific meanings [56].
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Survey participants
We recruited survey participants through mailing lists, a university paid studies
board, word of mouth, and online postings in Vancouver, Canada. In total, 349
participants took the survey and answered at least one question. 334 participants
reported their age: 18-24 (45%), 25-34 (34%), 35-44 (11%), 45-54 (5%), 55-64
(2%), 65-74 (1%), 75+ (1%). 335 reported their gender identity: woman (69%),
man (27%), transgender (1%), other (2%). Out of 335, 30% had experience with
computer programming. 334 reported the highest level of education: primary or
high school (32%), technical training (7%), Bachelor level (44%), Master level
(16%), PhD level (0.9%). 319 reported their cultural background and ethnicity,
with a wide variety (e.g., African American, Asian, European, North American,
South American) 318 reported their current occupation: 127 were students at different levels; others had a variety of occupations (e.g., artist, cook, designer, nurse,
project manager, teacher). Each survey question has a slightly different number of
responses because only one question was mandatory. Our ethics board prescribed
that participants had the right to withdraw at any point. All participants had a 1/10
chance of winning a $25 gift card.
Selected survey questions
In the survey (administered using Qualtrics), we asked three questions about decluttering digital data: 1) “When was the last time you decluttered some of your
digital data, that is, you were in an active session focused mostly on deleting some
of your data?” (348 responses) 2) “Can you briefly describe what you decluttered?”
(325 responses) 3) “How often do you declutter digital data?” (348 responses).
Question 2 was open-ended, the others multiple-choice.
In the survey, we also asked questions about decluttering physical possessions
(see Appendix B), but we do not report them here because they overlap with previous work [140, 227]. Similarly, we asked participants about their general approach
in keeping or deleting digital data (349 responses), their approach for different
data types (e.g., documents, photos, media files, texts, apps, bookmarks, contacts,
Facebook friends) (346 responses for the data types on average), and to agree or
disagree with a list of statements connected to general data tendencies. We do not
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elaborate on these questions, because we realised they would not help us in other
studies, but we report some descriptive results, together with the complete list of
survey questions in Appendix B.
Data analysis
For close-ended survey responses, we report descriptive statistics based on participants’ answers. To analyse the open-ended survey responses to question 2 on
digital decluttering, we used open coding. We coded responses taking a mostly deductive approach, using words or sentence fragments as the unit of analysis. In the
coding, we used the following categories to look for specific aspects of decluttering: what data, when, how, why, where (in terms of devices or platforms). We also
developed additional inductive categories that informed the decluttering practices
we describe.

5.3

Results

In this section, we present results from both the interviews and the survey, highlighting at relevant points whether they are based on one or both methods.

5.3.1

General decluttering habits

Survey participants reported decluttering regardless of whether they tended to keep
or delete digital data. They decluttered a wide range of data types with photos and
screenshots being the most mentioned type: photos and screenshots (mentioned by
146 participants2 ); files and documents (107); email (64); audio and video files
(53); apps and programs (33); texts and voicemails (19); system data, disk fragments, cookies, cache, logs (such as call or browser histories) (10); contacts (8);
games (6); accounts (4); bookmarks (4) Facebook friends (2), reminders (1). They
decluttered from phones (58), computers (40), cloud platforms (16), external hard
drives (3), and tablets (2). We expand on criteria for different types below.
2 The

numbers we provide here should be carefully interpreted as indicative. Because responses
were open-ended and unstructured, not every participant mentioned both what they decluttered and
on which device they decluttered.
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When asked about the most recent decluttering session, a third of survey participants reported decluttering digital items within the last month (30%). In terms
of frequency, most reported decluttering data multiple times a year (33%). But a
relatively high percentage of respondents reported rarely decluttering digital items
(21%).

5.3.2

A taxonomy of data types and decluttering criteria

As mentioned above, survey participants reported decluttering a variety of data
types. We grouped different data types into six macro-areas (Figure 5.2): documents, organization, communication, media, system data, logging data.
• Documents: files and folders, productivity documents (text documents,
spreadsheets, presentations, PDFs).
• Organization: tasks, notes and reminders, events, bookmarks.
• Communication: emails, texts and messaging conversations, voicemails,
phone contacts, social network contacts.
• Media: photos and screenshots, videos, audio (music, playlists, recordings,
voicemails, podcasts), ebooks, web articles, games.
• System data: icons for apps or links on the desktop, applications, passwords, accounts on websites and services, temporary data (e.g., cache, system logs, cookies).
• Logging data: tracking data (location/watching/searching/browsing history), life-logging data (e.g., mood tracking, food tracking , sleep tracking,
or money tracking) 3 .
Then, we looked at decluttering criteria that survey participants mentioned using for different types of data.
3 Although

survey respondents did not mention specific logging apps, we included life-logging
data together with other types of tracking data to encompass a range of technologies that HCI often
associates with the study of personal data [85, 87].
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Figure 5.2: A taxonomy of personal data types, derived from the kinds of data
that survey participants reported decluttering. We note that even though
this taxonomy covers a relatively comprehensive set of data types, it is
not intended to be fully exhaustive given the nature of our methods.

• Documents: Empty or broken content; without a file name or with a weird
file name; duplicate similar to other documents; old versions of the same
document; large size; old; unused; backed up on an external location or
synced on cloud services; created, shared with, or sent by other people;
downloaded from a website.
• Organization: Old; completed; irrelevant; unused (bookmarks); unreachable (bookmarks).
• Communication: spam or irrelevant content; newsletters; containing sensitive information (e.g., attachment with passport, address, or credit card
number); old; group conversations, outdated (for contacts); unused (for contacts).
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• Media: Duplicates; large size; blurry photos; unflattering photos; emotional
content (e.g., post-breakup); irrelevant content; disliked content; not-safefor-work content; shared or sent by others; containing sensitive information;
used in another document (i.e., as attachment); content already consumed;
unused.
• System data: Unused; large size; old; tied to a service that does not exist
anymore.
• Logging data: Irrelevant; containing sensitive information.
These insights on data types and decluttering criteria informed the design of
the Data Dashboard prototype (Chapter 8). In particular, we used the taxonomy
of decluttering criteria as a starting point for populating the automatic categories
in Explore Your Data, designing the recommendations in Quick Actions, and providing default options in Settings (these are all key sections in the Data Dashboard
prototype, that we explain in more detail in Chapter 8).

5.3.3

Decluttering practices

Both interview and survey participants reported a mix of practices for decluttering4 .
These practices were largely consistent between physical and digital items. Yet, as
we discuss later, the digital domain offered unmet opportunities for simplification
and better support.
We characterize decluttering practices based on their temporal nature (routine,
serendipitous, and triggered) and the selection strategy involved (mass decluttering
or individual inspection). These different practices will play a role in the rest of
dissertation: in Chapter 6 we will discuss how broader temporal attitudes inform
behavioral styles in data curation; while in Chapter 7 we will use selection regimes
as a key design dimension to explore.
In the analysis, we also touch on the role of external tools for decluttering and
key differences between physical and digital decluttering that can inform the design
of data management tools.
4 In

this section, we use the label PX (i.e., Participant X) for interview participants’ quotes and
RX (i.e., Response X) for survey participants’ quotes.
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Routine decluttering
Routine decluttering happened regularly, as a habit. Participants took some time
to go through their data and delete some. For example, P4 decluttered his large
Google Photos library every week: “I do it as a routine. Every week I clean up
my entire Google Photos to make sure that there are no photos that I do not want.
I categorize it. I create the albums and I put them in my trips, so that it’s not
everywhere. [...] If I do not this, it’s scattered across the entire timeline and it’s
a pain to search.” Routine decluttering could be frequent or infrequent, depending
on different data types: “I delete text conversations on a daily basis, my email
inbox is always managed so that it’s empty. My photos are sorted weekly. At the
end of each month, I declutter files. At the end of each month I declutter friends on
social media.” (R34). Routine decluttering helped participants to mark the passage
of time or a transitional period in their life: “I finished the school term and decided
to organize my school notes and delete what I didn’t need” (R160).
An important distinction compared to other decluttering practices is that intrinsic motivations drove routine decluttering: respondents, on their own accord,
made some time in their everyday life with the explicit goal of decluttering data,
without external pressures. A key characteristic of routine decluttering was its longitudinal nature: it took place gradually over time. This points to the importance
of visualizing temporal dimensions of data, something that commercially available
tools to manage data do not do well–we explore this idea with Patina, one of the
design concepts we introduce in Chapter 7. The notion of routine decluttering is
consistent with insights from previous work [151, 152, 311].
Serendipitous decluttering
Serendipitous decluttering occurred in the context of another activity. For example, when participants were busy and not planning to declutter. But, by encountering some items that fit decluttering criteria in a serendipitous way, they decided
to declutter. Serendipitous decluttering could happen while browsing through
data: “I was looking through old photos and realized I could delete a bunch of
them” (R144). Or, while looking for something specific and failing to find it:
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“When I try to find something and I can’t find it, I usually go through and filter
out what I don’t want/need anymore, which will declutter my digital data” (R170).
The main difference between serendipitous and routine decluttering was the
unexpected and unplanned, yet ultimately productive, outcome of the process. The
context of items was essential to serendipitous decluttering: items popped up as
candidates for decluttering in relation to a broader set. Once again, decluttering
criteria were important to decide what to get rid of, but many of the criteria are
essentially invisible in digital items and require careful consideration from users.
Triggered decluttering
Triggered decluttering took place after a relatively infrequent event. For example,
a breakup [247], buying a new device, or space running low. For digital items, the
trigger was often a notification from the operating system: “My mac kept popping
up with a notification telling me I only have X GB of storage, your disk is almost
full.” (R271) Participants felt forced to act and discard items, even though this
might not have been what they wanted to do. For example, P2 had a strongly
minimalist approach with physical possessions, but not so much with digital data,
rarely finding the time and the will to delete things. On his 32GB smartphone, he
had only 1GB of storage left. He explained that he recently had to delete some
pictures because of an update: “I deleted some photos [because of] the regular
update. It wanted to update the OS and I didn’t have the choice. The pop up
message said the update will install when I restart the phone. So I had no choice,
right? I had to do it [delete]. So I got prompted again, that’s when I deleted.”
Triggered decluttering shares some aspects with serendipitous decluttering:
they both occur unexpectedly. But external factors motivate triggered decluttering while serendipitous decluttering relies on internal motivations.
Triggered decluttering was also time sensitive and often needed to be targeted
towards an end goal (e.g., freeing up space). In the digital context, this can be hard,
because digital items are often experienced as “placeless, spaceless, and formless” [215], and it might be hard to find the best candidates to achieve the end goal:
“My phone would not allow me to download a meditation app I wanted. It was
frustrating getting rid of enough space and I didn’t have a clear idea of what took
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how much space.” (R48) But digital tools could proactively find items to delete–
an idea that we explore with Data Recommender, one of the design concepts we
introduce in Chapter 7. Previous mentions of specific triggers to declutter in HCI
research include storage space when dealing with shared devices in the home [109],
changes in important relationships (e.g., separation, divorce, or death) [249], and
changes in social status [151].
Selection strategies
Based on how participants selected items to declutter, we describe two main strategies: mass decluttering and individual inspection. These strategies are consistent
with work by Jones & Ackerman [140], who highlight similar selection regimes.
Mass decluttering, or “purging,” involved getting rid of many items at once (a
finding consistent with Kim [151]). For example, P6 had a “purging week” at the
start of spring every year: “This one-week period in May. [You found me] right
in the middle of a purge. [...] I’ll stay here, spend the whole week doing minor
repairs on the house, patchwork. And the purge.” Books were among the items he
would purge; throughout the year he put aside the ones he did not want to keep so
he could donate them to a public library.
Mass decluttering considered items and their merits as part of a larger group or
category rather than individually. This strategy was often a way to jump-start the
habit of decluttering: participants wanted to get rid of the bulk of clutter so that
they could follow on with a more gradual and regular process after it. For example,
this is how P4 recalled a digital downsizing he had gone through: “I did a massive
cleanup maybe two years ago before I gave my desktop away. [...] I cleaned up
my photos in Google Photos and then I thought, let’s clean up other data as well.
I started cleaning up my contacts. In my phone, I had around 200 contacts, some
people I did not even contact in years! [...] You know, things like my old dentist,
my old doctor, those are just irrelevant. [...] It took long because there was a lot of
stuff I had to go through and delete or save.”
A complementary selection regime involved going through items one by one
through individual inspection. This was a cross-cutting strategy that often required
more time. For example, P1 recalled what happened when she had to move to a
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smaller apartment (triggered decluttering). She went through clothes and items
one by one and decided what to get rid of based on their use: “We had a very short
time. [...] The process was really ’Do I wear this? Do we use this?’ And anything
that wasn’t getting much wear and usage was gone” (P1). Several prior studies
also mention the need for users to inspect items on an item-by-item basis before
deciding what to discard [111, 150, 151, 299].
The role of external tools in decluttering
When it came to external help for digital decluttering, only one survey respondent
mentioned using in-person company support to decide what to declutter: “I was
running out of space on my computer. I couldn’t figure out what was what, so I
had to go to the Apple store genius bar and have them help me discern what was
deletable.” (R22) Some interview participants had heard of or had used tools that
can help declutter (e.g., CCleaner, AppCleaner, Clean My Mac). But in their view,
these tools only supported basic behaviors, failing to address the most relevant
data: “[Those tools are] mostly to clean up space and temporary files, probably not
main files.” (P5) In Chapter 7 and Chapter 8 we will explore ideas and solutions
that can provide a more comprehensive support for decluttering and data curation.

5.4
5.4.1

Discussion
Physical vs. digital decluttering

When we recruited self-identified “minimalists” for the contextual interviews, we
expected they would have a similar approach for physical and digital possessions.
But this was not always the case. Several interview participants mentioned how it
was more difficult decluttering digital items, a result consistent with past related
work we discuss in Chapter 2.
Several qualities of digital data (e.g., spacelessness [215]), contributed to making digital decluttering a difficult task for many. In addition, the tools that participants reported using did not offer adequate support for the varied and contextual
practices that they used. These results further motivate the need to explore new
ways for supporting data decluttering and selection, something we do in the rest
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of the dissertation. Here, we outline the general design directions we derived from
this study and later explored in Chapter 7.

5.4.2

Opportunities for supporting digital decluttering

Visualizing temporal aspects of data
In comparing physical and digital items, it was clear that for digital items it is not
easy to get a quick, visual sense of the different decluttering criteria that people
might want to refer to. Physical objects can give a better sense of them: they often
show traces of use and age, for example. If a user wants to know how frequently
they have used a digital item in the past month, they might struggle. Other criteria
are difficult for current digital systems to capture in the first place. It is difficult
for a file browser to know what data a user dislikes, or what data they have little
emotional attachment to? Machine learning might offer a possible remedy to this
lack of knowledge, but a more immediate solution might be to leverage metadata
for visualizing temporal aspects of data. For example, data management systems
could show the age of items or the frequency of interactions at a glance, with
embedded visualizations. Design work in this area could leverage the idea of a
digital “patina”, which is recurrent in HCI literature [99, 167, 211] and has clear
ties to “edit and read wear” [132]. This is one of the key design ideas we explore in
Chapter 7, connecting to attitudes that different behavioral styles (Chapter 6) might
have.
Proactively finding items to declutter
Several technology companies are starting to recognize some of the issues around
space optimization and unwanted data that we have surfaced in this chapter. A common approach to address this problem involves creating recommender systems that
can proactively help users. For example, in 2018, Windows 10 introduced Storage
Sense [35], a new setting that can automatically delete temporary files or files in the
Downloads folder that are older than a set time. Similarly, Google Photos provides
users with recommendations on how to declutter their cloud-stored pictures. These
examples show how recommender systems are gaining popularity in common data
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management tools. However, it is not clear what tensions they introduce in the
space of personal data curation or how different users might perceive and react to
them. Will people trust the system to know what to discard? Should these systems aggregate multiple items for mass processing forgoing individual inspection?
These are key questions to address, that we later explore in Chapter 7.
Preventing unwanted data accumulation
We have seen how participants encountered many types of data that they perceived
as clutter across their platforms and devices. In many cases, their decluttering
practices were a reaction to unwanted accumulation of items that they did not
consider important or relevant. If we take the idea of systems proactively recommending items to discard to its extreme, we can imagine systems that instead
prevent the accumulation of unwanted data in the first place. Previous work has
explored self-destructing data in emails [97] or having a lease on data shared with
others [192]. Similar approaches could also apply to a broad range of data types
and be more nuanced. A key opportunity is to explore solutions for capturing this
nuance and understanding how different users might experience similar extreme
tools. In Chapter 7, we will better explore the potential for this type of approach to
data curation.

5.4.3

Limitations

It is important to acknowledge the limitations of this study and in particular of
the online survey we conducted. In the survey, we relied on self-reported answers
from participants, without being able to see their digital data. The survey sample
also had one third of respondents with a Computer Science background or experience in programming. However, when we separated their answers from the rest
and conducted a visual inspection, we did not notice any major differences in the
descriptive results.
When looking at the survey as a whole, there can be an apparent conflation of
decluttering with deleting, but that is not intended. Even though the phrasing of
the open-ended question on decluttering suggests that decluttering is mostly about
deleting data, participants reported actions other than deleting in their answers, al-
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though our wording might have skewed responses towards focusing on deleting as
opposed to other aspects of decluttering and curating data. We decided to describe
decluttering as mostly related to deleting data to keep the question simple and understandable by potential respondents: we distributed the survey in several countries, with some having English as a second language, therefore associating decluttering with deleting seemed a reasonable simplification. Terms such as archiving
and curating might have been more difficult to understand for participants whose
first language was not English.
Overall, we see the survey as largely generative, with its insights informing
the design studies that come after it. The limitations in our questions and sample
prevent us from making stronger claims about the results. However, these results
can be a starting point for future research.

5.5

Summary and conclusion

In this chapter, we used data from interviews with self-identified minimalists and
an online survey to outline a taxonomy of data types and decluttering criteria. We
also described a set of temporal practices and selection strategies that participants
used to declutter their data. These results suggest opportunities for better supporting curation in data management tools and highlight the contextual nature of user
behaviors.
In the next chapter, we will synthesize our work on individual differences and
user practices with a set of five behavioral styles that can bridge empirical work
with design work.
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Chapter 6

Study 1, 2, 3, 4
Synthesizing Behavioral Styles in
Personal Data Curation
In this chapter, we take a bird-eye view of all the four main interview studies that
make up my dissertation. This is an unusual approach. The five behavioral styles
that we present are a direct extension of Study 1 (Chapter 4) and Study 2 (Chapter 5). But they are also informed by Study 3 and Study 4, two design studies that
appear later in the dissertation (Chapter 7 and Chapter 8). We choose to present the
behavioral styles early in the dissertation because they are necessary to understand
the recruitment process in later studies (Chapter 7 and Chapter 8).

6.1

Introduction

In previous chapters, we explained how understanding individual differences for
deciding what personal data to keep or discard is one of the key questions in PIM
research [144]. We also highlighted how previous research tends to focus on individual differences in organizing and retrieving data, leaving the keeping stage of
curation underexplored. Previous studies in HCI and Information Science report
how people’s digital archiving strategies are “widely varied” [259]. But despite
knowing this, a systematic model of individual behaviors is missing from the literature. Identifying different types of users and their overarching approach to curation
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has been a long-standing unaddressed need for the past decade. In discussing a lifecycle approach to personal data curation, Williams et al. [309] ask whether there
might exist “archetypes” for digital archiving. Gwizdka & Chignell [118] mention the possibility of “PIM personalities.” Bergman [23] outlines key variables for
how individual PIM behaviors differ, encouraging researchers to identify a set of
overarching “PIM styles.” And Khan et al. [150] ask for a precise categorization of
“archetypes” in relation to keeping and discarding decisions. This body of work
shows that categorizing user behaviors is an important step for creating and then
evaluating new, personalized curation tools. In this chapter, we propose a set of
behavioral styles to address this need.
Our work in this space started with the Study 1, an exploratory interview study
on general tendencies for keeping and discarding data (Chapter 4). Analyzing 23
interviews with a broad sample, we identified a spectrum of behaviors with two extremes: “hoarding” (keeping most of data) on one side, and “minimalism” (keeping
as little as possible) on the other. In Study 1, however, we highlighted that there
is considerable variation within the spectrum, leaving space for a more detailed
categorization.
In this chapter, we pick up on the premise of better categorizing individual
differences and turn it into a key research question: How can we make individual
differences in personal data curation actionable for research and design? To answer this question, we propose a set of behavioral styles in personal data curation:
Casual, Overwhelmed, Collector, Purger, and Frugal. These behavioral styles differ along a set of behavioral dimensions and individual characteristics, while also
pointing to temporal aspects of personal data curation.
To develop the behavioral styles, we used an iterative analysis process that
spanned all the four studies that make up the dissertation. Study 1 (Chapter 4) was
our initial exploratory study that focused on “hoarding” and “minimalist” tendencies in data preservation. Study 2 (Chapter 5) was a followup study consisting of 7
interviews with self-identified “minimalists” (Study 2 also included an online survey, but we do not focus on the survey results here.) Then, in Study 3 (Chapter 7)
we conducted 16 interviews as part of a design-led exploration around data curation. Finally, in Study 4 (Chapter 8) we conducted 18 interviews for evaluating a
system designed to accommodate the five behavioral styles that we had developed.
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After describing the behavioral styles, we chronicle how their descriptions
evolved over time with the addition of new insights, and how we used them as
a recruiting tool in later studies. To ground our analysis, we reflect back on our
design and research practice across the studies. We explain how we developed the
first version of the behavioral styles after Study 1 and 2, and later used Study 3 and
4 to validate them 1 and enrich them. Then, we discuss how the behavioral styles
help us better understand data curation, and how our specific approach to formulating them can inform research practice. We conclude with a range of design
opportunities that build on top of the behavioral styles.
In this chapter, we make three main contributions: 1) We present an actionable
set of behavioral styles that expand our understanding of personal data curation
practices. Designers, practitioners, and researchers can use the behavioral styles in
future user studies and product design. 2) We provide a reflexive account of the iterative analysis process that led to the behavioral styles. Designers and researchers
can use this account to inform similar user modeling efforts in other domains. 3)
We generate a set of opportunities tailored to the different behavioral styles that
can drive future design work on personal data curation.

6.2

Related work

The behavioral styles we present in this chapter advance our understanding of individual differences in PIM with a specific focus on curation. In this section we
outline key known differences and categorizations of behaviors in PIM to contextualize our work.

6.2.1

Individual differences in PIM

A recurring insight in PIM studies is that people manage data in different ways.
Bergman proposes 15 variables that can account for differences in PIM behaviors
and groups them into five categories [23]: “organization, structure, work process,
1 When

we refer to validation, we are still basing our approach on Grounded Theory procedures
and criteria for qualitative research outlined in Chapter 3. Validating the behavioral styles does not
mean that we are going to prove them as unequivocally true. Instead, we are checking them against
new data, seeing how they hold up, and identifying any theoretical gaps in our current explanation
that need iteration.
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memory, retrieval.” For example, organization can vary from ordered to disordered,
while structure can result in large or small collections. Differences along these variables lead to different categories of behaviors. For example, common categorizations for organizing documents are piling (letting documents pile as part of shallow
or “disorganized” hierarchies), filing (taking the time to organize documents into
hierarchies with moderate structure) and structuring (intensive organization with
deep structures) [128, 177]. For emails, cleaners and keepers are two key categorizations [117]. Cleaners tend to remove task-related documents, to-dos, and
event reminders from their email inbox, while keepers tend to leave them. These
strategies, however, are not exclusive and people often mix them depending on context [38, 128]. There are additional categorizations such as email prioritizers and
archivers [173], or frequent filers, no-filers and spring-cleaners [306], that previous
work summarizes in more detail [38, 118, 128, 220].
Work from psychology and cognitive sociology can explain why individual differences in organization exist in the first place. For example, personality traits like
conscientiousness or neuroticism can help predict differences between filers and
pilers [187]. People also differ in how they think of categories and these differences influence their organization style. Some people perceive categories as fixed,
with clear distinctions and boundaries–their file organization reflects this way of
thinking, with rigid structures that do not change over time [219]. Others do not
perceive clear boundaries between categories and so they do not use any specific
structure in their organization (e.g., storing all their files on the Desktop). Most
people, though, might be in between the two extremes: they are flexible and can
change or remove boundaries over time [219].
People also differ in how they retrieve information [25, 28, 302]. Despite
improvements in search functions, users often prefer navigation for retrieving
files [28] and search for retrieving emails [25]. The preference for one or the other
might be a personal trait (i.e., variable between individuals, but consistent within
them) [25] and might change as people age [33].
There are two key takeaways from this body of literature. One, data curation
is a subjective process [22, 24, 26, 158]. Any supporting tool for different curation
stages will need to rely on models of individual behaviors [23, 219]. Two, people
tend to distribute themselves in clusters along spectra of behaviors [23, 219] (and
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Chapter 4). Our work adds to the literature on individual differences in PIM by
focusing on the first stage of curation, where people decide what data to keep or
discard. Other than Study 1 (Chapter 4), we are not aware of models for individual
differences about keeping and discarding decisions. We also look at how organization behaviors, the second stage of curation, mix with keeping decisions. On a
few occasions we touch on retrieval, the final stage of curation, but we do not consider it as a key focus of our work and refer to past work for more details on this
stage [24, 28, 274, 302]. In the remainder of this chapter, we use the term curation
to largely refer to the first stage focused on decisions about what data to keep or
discard.

6.3

Methodology

To develop the behavioral styles, we draw on a total of 64 interviews from the four
studies that make up the dissertation (Figure 6.1). Each study had specific research
questions and used somewhat different methods, that addressed the evolving nature
of our overall investigation: we started with exploratory interviews to understand
general behaviors (Study 1), followed by more focused contextual interviews to
expand our initial results (Study 2). Then, we moved towards research through
design in Study 3 and 4, where we explored design artifacts as a prompting tool
for building knowledge [317]. All studies shared an interview component with
overlapping questions about what data participants tended to keep or discard, general management practices, feelings and attitudes about data curation. These are
the questions and answers we focus on. Our overarching methodology is in line
with constructivist grounded theory [56], with theoretical sampling informing the
move from one dataset to the other. After a broad interview sample in Study 1,
we moved to a specific and narrow sample in Study 2, and then came back to a
broad, but purposefully varied interview sample in Study 3 and Study 4. Below,
we summarize the four studies. All interviews took place in Vancouver, Canada
and lasted between 40 and 100 minutes (on average one hour).
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Study 1 (2017)

Study 2 (2018)

Study 3 (2018)

Study 4 (2019)

Chapter 4

Chapter 5

Chapter 7

Chapter 8

Focus of
the study

Exploratory interviews
(23) on how participants
decided what data to
keep or discard

Contextual interviews
with self-identified
minimalists (7) on
decluttering strategies

Elicitation interviews (16)
about five speculative
design concepts for data
selection

Evaluation interviews
(18) focused on a
prototype system for
data curation

Interview
sample

Broad sample
(16 women, 7 men,
aged 21-64)

Focused sample
(2 women, 5 men,
aged 19-49)

Varied sample
(9 women, 6 men, 1
non-conforming, aged
23-71)

Varied sample
(12 women, 6 men,
aged 18-64)

Figure 6.1: An overview of the four interview datasets and the related studies
used for the analysis of the behavioral styles. For each study, we report
the year, the corresponding chapter, a summary of the general focus,
and an outline of the interview sample.

6.3.1

Study 1: exploratory interviews with a broad sample

The first study (Chapter 4) took place in 2017 and consisted of exploratory interviews about general keeping and discarding decisions with 23 participants (16
women, 7 men, aged 21-64), with a broad set of occupations (e.g., consultant,
cook, social worker, software tester). The interview questions touched on what
data participants had kept through the years on different devices and how they decided what data to keep or discard. Participants showed us how they organized
their data, discussed what they considered important to keep, and their frustrations
or challenges with curating data.

6.3.2

Study 2: contextual interviews with “minimalists”

The second study (Chapter 5) took place in the first half of 2018. It consisted of
contextual interviews with 7 self-identified “minimalists” (2 women, 5 men, aged
19-49), who had different occupations (receptionist, investment analyst, barista,
system analyst, administrator, project manager, life coach). (The study also in-
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cluded an online survey, but here we focus only on data from the interviews.) The
interviews took place at the home or office of participants (Figure 5.1). The interviews were semi-structured and focused on how participants decluttered data.
Participants showed us their data and walked through their organization and curation practices.

6.3.3

Study 3: design exploration with with a varied sample

The third study (Chapter 7) took place in the second half of 2018 and consisted
of semi-structured interviews focused on eliciting reactions to a series of design
concepts for curating data from 16 participants (9 women, 6 men, 1 gender nonconforming, aged 23-71), who had a broad set of occupations (e.g., HR specialist,
journalist, photographer). We recruited participants using a short description of the
behavioral styles in a screening survey to recruit participants based on their different general approach to curation. The short description (included in the Results
section) focused on the key aspect of each behavioral style and was largely stable
before Study 3. (The complete screening survey is available in Appendix D). The
interview questions touched on how participants organized and curated their data
over time. We also showed them some design concepts to help them discuss data
curation in more detail, reflecting on their behaviors, goals, and frustrations. The
design concepts were also a way to provide support for the different needs and approaches in the behavioral style: some concepts were reflective and user-controlled
in their approach to data curation and selection, others were more extreme and automated. We thought that different extremes of the design dimensions we explored
could be a good match for different styles of behavior. After the study, we used the
the 16 interviews to support and refine the behavioral styles.

6.3.4

Study 4: system evaluation with a varied sample

The fourth study (Chapter 8) took place in 2019 and consisted of structured sessions with 18 participants (12 women, 6 men, aged 18-64), with varying occupations (e.g., occupational therapist, sales associate, social worker). The study
sessions focused on evaluating Data Dashboard, a prototype system for curating
personal data, designed to accommodate the different behavioral styles. For re-
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cruiting, we used the same short description of the behavioral styles from Study 3.
All the details of the prototype and evaluation are in Chapter 8. Here, we focus
largely the introductory interview part of the evaluation, where we asked participants to discuss and show us their personal data curation practices. Participants
talked about how they decided what personal data to keep or discard, remembered
specific episodes in which they discarded or re-organized a certain number of items,
and discussed any specific tools they used to curate data.

6.3.5

Data analysis

To synthesize data from the four studies we used both a deductive and inductive
analysis process. Here, we describe the process linearly for clarity, but we later
expand on its iterative nature and how the behavioral styles evolved over time.
In all of the studies we started with inductive open coding, as part of a reflexive
thematic analysis [61] (Study 1, 3, 4) or a grounded theory approach [56] (Study 1
and 2). We started by using in vivo codes, then grouped codes into categories, and
then evolved initial categories into more abstract concepts. The inductive coding
phase was useful to connect participants’ quotes to specific patterns of behaviors.
But throughout the studies we also used a more deductive approach, taking a highlevel look at study participants and comparing them based on a set behavioral and
design-oriented dimensions (Figure 6.2):
Quantity of data: how much data participants dealt with on a daily
basis.
Preservation tendency: how much they tended to keep or discard, from
most to a little. (This variable overlaps with Bergman’s collection
size [23].)
Organization approach: how they approached their data organization (structured, unstructured, a mix). (This variable overlaps with
Bergman’s variables around structure [23].)
Feelings: how they related to data and curation (attentive, satisfied,
frustrated, indifferent, etc.).
Thoughts: what were their priorities when curating data.
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Pains: what were their main pains and frustrations with curating data.
Goals: what they wanted to achieve when curating data.
The first three dimensions are behavioral variables based on the variation we
saw across participants in Study 1 (Chapter 4) and Study 2 (Chapter 5) but also
overlap with related work on PIM variables [23]. The last four dimensions borrow
from the empathy mapping framework [100]. Empathy maps are a common design
tool for building user models. They focus on what users say, think, do, feel, and
want to achieve during an activity or when using a product. One possible shortcoming of empathy maps is their static nature [256]. Throughout the analysis and
this chapter, we overcome this potential issue in three ways. First, we see the empathy mapping framework as a starting point for coding rather than a prescriptive
tool. Second, we ground our analysis in specific experiences and episodes that
participants reported. Third, we elaborate on the dynamic and composite nature of
the behavioral styles across time and contexts. This approach combines the practical nature of a tool such as an empathy map with the focus on narratives and user
experience of more complex analysis techniques.
With these two parallel approaches, one inductive, one deductive, we focused
on recurring patterns among participants using a process of constant comparison
for the different dimensions. Then, we clustered the patterns in a set of behavioral
archetypes. Behavioral archetypes are similar to personas, another common design
tool for user modeling. But they differ in giving emphasis to patterns of behavior
over demographics [20]. Archetypes are also more contextual than personas: a
person can embody different behavioral styles over time or when changing context [20]. In general, building archetypes, or personas is a common, established
step of design research [37, 238]. Outside PIM, some examples of similar efforts
include studies about privacy [83], games [223, 279], or child-centric design [7].
We named the behavioral styles with labels based on feelings (“overwhelmed”), attitudes (“casual,” “frugal”), or behaviors (“collector,” “purger”).
Because the behavioral styles share some aspects or behaviors, the labels highlight
a key distinctive trait. For example, both the collector and purger behavioral styles
share a disciplined attitude. But choosing a behavior as their label emphasizes the
difference between them.
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We also decided to label these patterns as “behavioral styles” instead of
“archetypes” or similar labels for two reasons. First, the word “behavioral” emphasizes how our descriptions focus on participants’ behaviors. Second, the word
“styles” helps explain how to interpret them: these patterns are context-dependent,
meaning that different people might have different styles in different situations or at
different points in time. As a whole, the set of behavioral styles are useful to identify relevant patterns within individual participants. A real person who perfectly
matches the Collector behavioral style may not exist because individual behaviors
are dynamic and contextual. The styles are a cross-cutting synthesis of individual
behaviors and only represent a reference point that we check individual people or
participants against. Then we can say, for example, that a person or participant
matches a bit of a collector, a bit of an overwhelmed, nothing of a purger, and
so on. Later in this chapter, we explain the process we used to check individual
participants against the different behavioral styles in Study 3 and Study 4.

6.4

Behavioral styles and approaches

As we explain above, the behavioral styles we present are a synthesis of dynamic
and contextual individual behaviors. We see the behavioral styles as dependent
on the many data types (Chapter 5) participants had to manage and curate. For
example, one person might feel overwhelmed by emails, take a casual approach
with work documents, and purge photos. For each behavioral style, we give an
overview of key dimensions and behaviors using a high-level description and a
short example. Then we discuss temporal aspects of participants’ behaviors.

6.4.1

Casual

Participants who took a “casual” approach to curating their data had no particular
worries, having a relaxed attitude to data management and organization. They kept
some items and discarded others, with no strict rules or underlying concerns. Similarly, they did not report substantial challenges in finding data when necessary.
Sometimes they described themselves as “too lazy” to do things differently. But
they also thought that data curation was not an important activity in their life: in
theory, they could have been more systematic about curating and managing data,
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Figure 6.2: A visual overview of how the five behavioral styles map to key dimensions we used in the data analysis: quantity of data (more data - less
data), preservation tendency (keep more - discard more), organization
approach (more organized - less organized), and feelings (more positive - more negative). The graphs are illustrative and do not represent a
precise numerical comparison between the behavioral styles.
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but they did not see why they should have bothered. Their priorities were elsewhere. Even when discussing privacy and security aspects of their personal data,
they did not appear particularly concerned. Some factors that influenced this approach included having newer devices with a significant amount of free space or
being willing (and able) to pay for cloud storage space when needed.
For example, one participant explained that he did not take the time to curate
ebooks because the time investment to do so was not worth it:
“My digital books [...] I probably have hundreds of epubs and PDFs
in here, some of which I read, some of which I haven’t and yeah, I
would want to go in here and delete them in principle, but in practice
I don’t. I don’t have six to ten to twenty hours to do this just to save a
few megabytes of storage. It doesn’t bother me that these are here. [...]
I am not going to get to this. I have more important things to do.” (P6,
Study 2)

6.4.2

Overwhelmed

Participants who felt “overwhelmed” tended to acquire or create large amounts of
data and keep most of it. However, they did not feel positively about their approach
because, in fact, it was not a fully intentional approach and they wanted to change
it. Often participants explained how they tried to organize and curate data, but
they failed because they did not have enough time to keep up with the amount of
data, or they did not have the knowledge required to organize as efficiently as they
would have liked to. Participants could be too busy with other responsibilities in
life and their interactions at work or in personal life often forced them to deal with
large amounts of data on a regular basis, with more data coming in than they were
able to deal with. Resigned to accumulating data, they experienced challenges in
knowing where to find their digital items or how to better manage them. Several
participants who felt overwhelmed thought that proactive, automatic tools could
help them overcome their challenges in curating data.
As an example, this is how one participant described feeling “overwhelmed”
and resigned when thinking about data from many apps, touching on challenges in
the whole curation process, from keeping decisions, to organization and retrieval:
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“Sometimes [it is challenging to] just remember where I saved [an
item]. Sometimes when I’m looking for a file–I’m a very obsessive
note taker. I have a lot of notes apps, I use Evernote, Google Keep,
Simplenote. I used to have a lot more notes app but I found it hard
to back it up. I remember something [and think]: ‘Where did I save
it? Where did I put it?’ because I have it in several places. [...] I just
don’t feel very productive. Sometimes I feel overwhelmed by all this
stuff that I keep track of. I think if there’s a system, a better way to
keep track. I keep a list of all the things I want to do in the future, but
I feel there’s not a way I can organize it better.” (P10, Study 4)
Another participant complained about “being behind” with her data management and emails in particular, due to a lack of time after having a baby. She wished
to return to a more manageable state:
“I’m actually behind on my emails as well, what a surprise! So this
for me [Gmail inbox with a list of emails] is not a good example, I
like to have maybe one page of emails, my inbox is my to-do list. This
for me is too much, I like to have five emails normally, and then I
put everything in a folder, I have quite a few folders, and I’ve always
worked like that. [I haven’t taken care of them] purely [because of]
time.” (P7, Study 2)

6.4.3

Collector

Participants who took a “collector” approach tended to acquire or create large
amounts of data and keep most of their items, often using multiple devices, cloud
accounts, and external hard disks. In terms of amount of data, they were similar
to “overwhelmed” participants. But in this case, participants were happy about
their approach, sometimes showing pride in their collections, and did not want to
change it. They reported being generally organized in how they managed data and
feeling “on top of things,” similar to “purger” participants. They felt that curating
data was a personal responsibility and were somewhat skeptical of tools that could
support this process. They took many actions to make sure that they could preserve
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and access their data in the long-term, for example, by doing regular backups and
archiving items in multiple locations. Their main worries were about the possibility of losing data (either from a device or in a data leak), the attention required to
“sync” data across platforms and devices, and the effort required to manage space
efficiently so that they could “keep everything.”
For example, one participant described choosing devices with large storage
capacity to hold data collected over the years:
“I get electronics that have a capacity to hold things because I tend to
store stuff. I have a 3TB hard drive where I keep my photos. But I
also keep them on my laptop, on my phone, all the time. I bought a
128GB [phone] because I have a lot of data that goes and comes and
I don’t like to delete it all the time. I do a cleanup of my phone and
laptop maybe once a year and that’s only because I get a message like,
hi, you need to clean your phone because there is no more space.” (P9,
Study 3)

6.4.4

Purger

Participants who took a “purger” approach tended to only keep necessary data,
even though they often had a relatively large amount of data to manage. They
reported regularly “cleaning up” devices and described themselves as being quite
organized. Curating and upkeeping personal data was an important activity for
these participants, who spent considerable time decluttering and reorganizing items
on a regular basis. Sometimes the limited amount of space on their devices drove
their behaviors. But often, they reported purging data because of reasons other than
space: for example, they wanted to access data more easily, they disliked keeping
unnecessary data, they wanted to protect privacy, and they enjoyed the activity of
cleaning up data in itself. Overall, they felt positive about their approach, often
saying that they were “on top of things” and they wanted to continue managing
their data in a similar way. In fact, they were interested in tools that would make
them more efficient and were often open to the idea of optimizing curation through
automation.
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One participant, for example, described regularly cleaning up data to find items
faster saying they were “a bit OCD”:
“Every two or three weeks I delete those files I don’t need. [...] If
I put a file in Google Drive and I try to find it, I don’t wanna scroll
down to everything and check the names. [...] For things I don’t need,
I’m like, why keep it? Yeah, I don’t want to keep [unnecessary things]
there. I just don’t want to. It’s kinda OCD. For the phone I periodically
delete pictures I don’t want and apps I don’t use anymore. But on the
phone it’s partly due to storage problems. Which is not that much of a
concern with my Mac. But in general I just don’t wanna keep useless
things.” (P3, Study 3)

6.4.5

Frugal

Participants who took a “frugal” approach tended to keep little of their data, but,
unlike other behavioral styles, they did not have a lot of personal data to begin with
(for example, because their job or personal life did not require them to deal with
data frequently). These participants felt that they were not necessarily organized,
but because of the limited amount of data they managed, this was not an issue. In
fact, frugal participants wanted to minimize their personal data so that they could
reduce the time necessary to manage and curate items. They cared about privacy
and security, and were open to user-controlled tools that could help them reduce
their data, although they often did not know or use any in their daily life. On a more
general level, they had a somewhat uneasy relationship with technology, trying to
avoid spending time or money on digital devices. For example, it was common that
participants said they did not want to pay for storage space and often they used old
devices, like flip phones. These participants considered the realm of digital data
as secondary and not as important as anything that was physical or disconnected
from technology. They talked aspirationally about wanting to live a life free of
distractions and intrusions from data and technology.
For example, one participant explained the different approach in curating physical and digital items saying that she did not feel a connection to digital items at
all:
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“I feel I don’t have much of a connection to physical things, but I have
even less to digital, right? So, it’s like... digital things, I just do not
care. Delete, delete, delete. With physical, I would stop and think
before I put [them] in the garbage. (P1, Study 2)

6.4.6

Temporal aspects of data curation

One common aspect across behavioral styles was the ongoing nature of curation
as a long-term practice. We found that participants curated their data at different
moments and with different strategies or approaches for decluttering data (that we
detail in Chapter 5): routinely if they did it on a regular basis, without urgency;
serendipitously, when they happened to encounter data while in the middle of other
tasks; and urgently, when they were triggered by events like storage space on their
devices running out. Different behavioral styles relied on different strategies more
or less often, as we show above.
User strategies often involved looking at time as a dimension of curation, with
participants showing both a retrospective and a prospective attitude to data. In a
retrospective attitude, they looked back and evaluated items based on their use and
other subjective criteria. In a prospective attitude, instead, they looked forward,
trying to predict their future data needs. As one participant explained: “I used to
have a lot [of yoga albums on my phone] but now only keep six. [...] I had to go
through and think whether I would use it in the near future or not. So I only kept
six. I picked the best and I got rid of the rest.” (P4, Study 2)
Over time, participants’ approaches often evolved, influenced by life changes
and transitions. Participants expressed a need to use curation as a way to evolve and
redefine their identity. This process involved reflecting on the past and anticipating
the future. It meant re-considering values and re-negotiating attachments. For
example, one participant described her approach to organization and curation as
“phasic,” explaining that her data practices changed over time:
“I am not a person who keeps organizing all of what is getting stored,
there isn’t the time and attention. Long back I had folders for my
professional [things], work. I don’t organize that frequently now. Per
need, I do. If I am working on a project, or moving, any documents I
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collect, I would place them in one folder so that I have ease of access,
so it’s more of a phasic organization. [...] Taking time to look at
the pictures: we tend to forget, and that’s how the world seems to be
moving, click, click, click. Unless you’re posting somewhere. There
was a time I used to post on Facebook, which I stopped, for several
years. It doesn’t seem that I need to, I am fine. That also stopped me
from accessing my photos and organizing them.” (P17, Study 4)

6.5

Evolution of the behavioral styles descriptions

In this section, we reflect on how the behavioral styles evolved over time across
the four studies and expand on our process. The analysis process was highly iterative and took several months (in parallel with analysis focused on answering more
specific research questions in each study).
After Study 1, we wanted to expand the focus of our investigation and unpack
the spectrum of “hoarding” and “minimalist” behaviors. In particular, we decided
to tease out the individual variation within “minimalist” tendencies by taking a
deeper look at a smaller set of participants. This approach helped us make our
initial model of tendencies more complete. But it was still not enough for moving
towards design.
Knowing that we wanted to explore possible, alternative design solutions in the
space of data curation, we needed an actionable way of referring to the individual
differences we saw across participants. We also realized that we needed a way
to recruit participants based on their differences, if we were to fully explore the
design space. Recruiting a sample with varied approaches to data curation was
essential to validate our design process and the idea of building personalized tools
for curation. So, after the first two studies, we decided to take a higher-level look at
the interviews we had collected and develop a set of user “archetypes,” behavioral
patterns that could summarize individual behaviors, inform design decisions and
help evaluating them. We chose to develop “archetypes” inspired by recent industry
work on user modeling [20]. We later renamed them as “user types” and then as
“behavioral styles” to avoid an over-simplistic interpretation of these patterns as
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ideal, fixed categories of behaviors. From the beginning, we avoided thinking of
the behavioral styles as personas, as we discuss later.

6.5.1

Initial, preliminary version

The initial work on the behavioral styles took place after Study 2 and a few months
before running Study 3. In this first phase, we analysed the 30 interviews from
Study 1 and 2 using the process described in Section 6.3.5. The initial set of behavioral styles (at the time still labelled “archetypes”) consisted of six instead of
five (what would become the “casual” style consisted of two separate but related
styles, “inbetweeners” and “untroubled”). Some of the styles also used different
labels. For example, “disciplined” instead of “purger”.

6.5.2

A first, stable version

Before running Study 3, we used the initial version of the behavioral styles to
discuss the framework within the team and our research lab. We asked the opinion
of people who were familiar with our line of work as a way to test how the set of
behavioral styles resonated with an external audience. In this phase, we realized
that some of the labels were not communicating the key characteristics of each
style, and that two of the styles (”inbetweeners” and “untroubled”) could be merged
into one without losing meaning. We went back to the interviews, looked at our
codes, and, using constant comparison, we iterated on the labels and segmentation
of the styles, arriving at a first, stable version that was very close to the one we
present here.

6.5.3

Summarizing the behavioral styles for recruitment

With the five behavioral styles largely stabilized, we used a short description of
them in a screening survey to recruit a varied sample of participants in Study 3
(and later Study 4). Respondents could choose one of the five options below, each
corresponding to one behavioral style. We used the same set of options in both
studies. Note that respondents did not see any label, only the descriptions. The
short descriptions capture only the key differentiating aspects of each behavioral
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style, balancing the need for nuance, with the need for simplicity that a screening
survey requires:
Casual: I keep some data, delete some, and generally have a pretty
relaxed approach to organization. I don’t think or worry much about
data management.
Overwhelmed: I keep most of my data, but sometimes feel overwhelmed by it. I am not as organized as I probably should be because
it is hard or I don’t have time to do it. I would like to get rid of some
data.
Collector: I keep lots of data, I am generally organized, and I am
happy about my approach.
Purger: I only keep necessary data. I am organized and regularly
spend time deleting and managing data.
Frugal: I do not have a lot of data to begin with and I try to avoid
spending a lot of time with technology.
As we have mentioned before, we do not see a strict one-to-one correspondence
between a behavioral style and a person because these patterns are dynamic and
contextual: behavioral styles can vary based on data types and over time. However,
we asked participants to choose only one option to simplify the survey and also
ensure stronger individual variation in the sample.

6.5.4

Validating the behavioral styles with additional studies

With the behavioral styles summarized in short descriptions, we used Study 3 and 4
as a way to validate our first stable version and also enrich it (as we detail below).
In both of the last two studies, we had to check the match of participants to the
option they picked in the screening survey. We did this by asking them the same
interview questions from Study 1 and 2 that we had used to generate the behavioral
styles in the first place. Carrying overlapping interview questions across different
studies allowed us to check our assumptions with new data and slowly lead to
convergence.
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In general, most participants in Study 3 and 4 matched what they reported as
their main approach when filling out the screening survey. But, as expected, they
often had exceptions to their general approach. It was common for participants
to display and discuss patterns of behaviors linked to more than one behavioral
style, based on different contexts (e.g., work life vs. personal life) and data types
(e.g., photos vs. messages). In most cases, participants closely matched one or two
behavioral styles. In a few cases, they matched three.
In a few cases the self-reported approach of participants in Study 3 and 4 did not
match what they told us and showed us during the study sessions. Often, it was a
matter of having a very diversified approach for many different types of data, as we
explain above, with the option chosen in the survey not fully capturing this nuance
and diversity of data types (as we expected from having a simplified description of
the behavioral styles and a single-choice question). In a couple of cases we had
participants reporting being “collectors,” for example, but when talking to them
and seeing their data practices, we felt they were closer to being “overwhelmed,”
because they used similar expressions and showed similar patterns to other participants we grouped in the “overwhelmed” behavioral style. With the exception of
this minority of cases, our screening question seemed a reasonable approximation
of actual behaviors but we later note how it should be seen as a tool that needs
checking, rather than a definitive match, especially because different data types
often call for a different approach. There might also be individual differences in
the degree of reflexivity and confidence that different people have around data curation, and out of hundreds of respondents, a few might have answered the behavioral
style question, which appeared last on the survey, without paying close attention to
all the options (this is always a possibility in surveys).
Another result of using the behavioral styles as a screening tool for recruitment
is that both in Study 3 and 4 we managed to recruit only a few participants who
displayed a frugal approach. However, we expected this result given our online
recruitment process: we did not expect a large number of respondents who largely
take a frugal approach to frequently check online recruitment advertisements. Further, the frugal behavioral style is based on a smaller number of participants. Regardless, we felt it was different enough to be part of the analysis.
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6.5.5

Connecting the behavioral styles to design research

In Studies 3 and 4 we also used the behavioral styles to drive our design process
and, at the same time, we leveraged the resulting design work to enrich the behavioral styles. A key goal of our work across the studies is to provide support for
different patterns of behavior in personal data curation. The behavioral styles were
essential for defining and scoping these patterns, and then understanding how to inform design decisions. In Study 3 (Chapter 7) we explore different dimensions of
curation based on previous work, including automation and system aggressiveness.
When exploring how to make these dimensions into concrete design concepts we
often referred back to the behavioral styles. For example, the collector behavioral
style informed Patina, one of the concepts we explore, a visualization of temporal
aspects of data (e.g., frequency of use, age). We imagine that a similar concept
might play well with users who tend to keep and manage large quantities of data
over time. Similarly, we have concepts (Temporary Folder and App, Future Filters)
where data is automatically deleted in the future that were inspired by prospective
curation decisions and the need to “purge” items that some behavioral styles referred to.
In Study 4 (Chapter 8), instead, we bring together insights from previous studies into a cohesive prototype system for curating data. Here, we used high-level
goals from across the behavioral styles to create a set of filters for sorting through
personal data: wanting to find data to purge, wanting to improve organization,
wanting to protect sensitive information, and wanting to avoid any potential data
loss. We also used different general attitudes about automation to design two different interfaces for achieving the same goals: one focused on providing information
but leaving the ultimate decisions about what to do with users, and one focused
on automating the data curation process with recommendations. We detail these
diverging attitudes in Chapter 7. Drawing on the behavioral styles, we outline a
series of use scenarios for evaluating the prototype and we develop additional insights about data curation, that we detail in Chapter 8.
We used the design work from these last two studies to elicit reactions from
participants and add more dimensions to the behavioral styles, considering aspects
of personal data curation that we had paid less attention to before. For example, in
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Study 2 we started to look at how data management tools play a role in supporting
(or hindering) data curation practices. We continued to look at tools and different
attitudes towards the role of technology in Study 3 and 4. In Study 3 we enriched
the behavioral styles descriptions with attitudes about automation, detailing opposing stances toward automated curation tools. In Study 4, instead, we explored
aspects of curation related to privacy and security, aspects of curation that we highlight at different points in the behavioral styles descriptions. The shift in methods,
from exploratory and contextual interviews (Study 1 and 2), to research through
design (Study 3 and 4) allowed us to look at the behavioral styles from different
perspectives. We were able to build a deeper understanding of curation leveraging
both user narratives [288] (Study 1 and 2) and direct exposure to possible design
solutions (Study 3 and 4).

6.5.6

Final version

Between Study 3 and 4 the behavioral styles were largely stable. Several participants from later studies closely matched answers from earlier studies. At this point,
we felt the work had reached convergence and the behavioral styles were mature
enough. The version of the behavioral styles that we presented earlier is the result
of this overarching, iterative process.

6.6
6.6.1

Discussion
How the behavioral styles help us understand data curation

We started the chapter by asking how to make individual differences in personal
data curation actionable. The behavioral styles we described fulfill that role as a
resource for research and design. But the idea of categorizing people and assigning
them labels can be controversial. Categories can hide implicit judgements about
behaviors and risk placing people into a singular box that they may not solely fit
within. Additionally, due to the subjective nature of data curation, implicit judgements and categorizations are almost impossible to escape. Participants often described their own respective approach by comparing themselves to other people:
“I know people who keep things for years and never go back. I’m not that kind of
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person” (P15, Study 4), “Unlike many people I use my phone with extreme caution” (P4, Study 4). Such statements show how participants compared and judged
others to rationalise and communicate their own approach. Personal data curation
helped participants define themselves against other people [139].
Both Study 1 (Chapter 4) and prior work show that curating data helps in identity building [66, 68, 140, 149] and that people hold strong moral views about the
best way to manage their data [288]. Study 1 introduced the idea of “hoarding”
and “minimalism” as two opposite ways of thinking about data and identity. However, this process is contextual and the labels are grounded in participants’ words.
The behavioral styles expand that model, with different styles matching one or the
other extreme: the Overwhelmed and Collector behavioral styles tease out variation within the tendency of “hoarding,” the Frugal and Purger behavioral styles
tease out “minimalism,” and the Casual behavioral style represents a bridge between the two sides of the spectrum (Figure 6.3). They tell us what actions people
take to fulfill the core function of identity building at the heart of data curation
and show us how this process takes place over time. These insights resonate with
theories from sociology, consumer behavior, and social psychology that detail how
identity building is a process that shifts and evolves over time through social interaction [17, 65, 194]. People imbue tools and objects around them, both physical
and digital, with symbolic meaning [17, 18]. Then, these objects and concepts,
with their symbolic meaning, play an important role in their evolving sense of self
and in relationships with other people. When we connect these ideas to the way
participants discussed their approach as evolving (or being stuck) in time, we can
see the behavioral styles as a dynamic categorization. The styles are not a set of
boxes. Instead, they are a set of patterns that can shift, mix, and evolve, just like
people do. Below, we discuss the implications for design and research of conceptualizing behavioral styles as we do.

6.6.2

Behavioral styles as a resource for design and research

A common argument against the type of user modeling we present in this chapter
is that people are complex and no behavioral style will ever fully capture their
nuanced experience. That said, we argue that the behavioral styles we built can be a
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Figure 6.3: A visual representation of the five behavioral styles as an expansion of more general data curation tendencies: the Overwhelmed and
Collector align with “hoarding” tendencies, the Frugal and Purger with
“minimalist” tendencies, and the Casual style bridges the two sides.

useful resource to drive design decisions, inform research recruiting, and help with
qualitative analysis. In our work across studies, they were an essential resource
that we turned to when we did not have direct access to participants. They were
relatively inexpensive and they helped us ground our process. But it was essential
to see them as a tool: something you pick up when you need to, but that you put
back when its job is done. To better explain our framing of behavioral styles as a
design and research tool, we compare them to personas.
Why did we not use personas? We could have. Personas are a common method
in user-centred design, promising to drive decisions and build empathy. We could
have created typical personas like “Harry, the Happy Hoarder,” or “Mary, the Minimalist.” But we did not. We we decided to avoid thinking of these behavioral
patterns as personas because of personas often focus on demographics and assume
that individual behaviors are static. While recent work has looked at integrating
complex identities into personas [180] or making them more participatory [204],
the arguments against them are plenty [179]. Personas can be abstract and imper92

sonal [189], they can reiterate gender stereotypes [131] or power relationships [70],
they can be removed from empirical data [88], and they are difficult to validate [53].
Compared to personas, behavioral styles helped us focus on contextual patterns
of behaviors. We were not trying to help and satisfy a single imaginary person.
Instead, we were trying to support behaviors grounded in specific scenarios we
observed. This approach influenced our design outcomes and led us to solutions
that opened a design space. For example, we could have created a tool that would
categorize one person as a typical user or persona based on demographics and
behaviors, and then personalize the interface according to fixed, preset criteria. We
did not, because we saw behavioral styles as contextual patterns of behaviors that
only represent a starting point. Similarly, when we used the behavioral styles as a
recruiting tool, we saw them as a starting point for reaching variety in the sample.
But they were not an end in themselves. After recruiting we still had to assess the
fit of each participant to one or more behavioral style, and understand what were
their exceptions to general patterns of behaviors. This approach made it possible to
generate unexpected design opportunities that build on the intersection of different
behaviors and contexts.
Our conception of behavioral styles as a representation of dynamic behaviors
and a generative resource calls into question common assumptions about user modeling. Often as designers and researchers we turn to modeling methods such as
personas in search of a prescriptive and predictive model that can help design by
limiting its focus. Instead, we propose to look at behavioral styles and similar
modeling efforts as a generative and descriptive resource. The goal is not to reduce
design options, but instead opening new opportunities. In the next section, we outline some opportunities based on our work, expanding on possible design efforts
for data curation tools and future research investigations around personal data.

6.7
6.7.1

Opportunities for design and research
Prioritizing user support

A first approach in design could be to prioritize different patterns of behaviors,
based on the level of support they need. For example, we see “overwhelmed” users
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as the ones needing most support. Participants who felt overwhelmed reported feeling stuck and resigned, but wanting to change their approach. In a sense, they felt
left behind by technology. Exploring new tools targeted at this style of behavior
is a key opportunity. Recently, tech companies have introduced of tools that can
proactively find and recommend items to declutter from devices or cloud platforms
(e.g., Google Photos, Files). This is a reasonable approach, but one that can undermine agency (as we show in Chapter 7). An alternative would be to inform users
of different curation practices and help them learn how to do things differently
using their current tools. This approach could take the form of assistive learning
tools integrated in existing user interfaces. Automated suggestions could show
users possible alternative ways of organizing or curating data based on different
patterns of behaviors. This is exactly how the behavioral styles can help generate ideas and integrate patterns of behaviors into design work. For example, the
system could show to “overwhelmed” users how a user with a “purger” approach
would re-organize and declutter their data. These tools could then explain the rationale behind the suggestions, and let users try and explore the proposed approaches
before committing to them. A different approach could be an illustrative, informational guide, similar to related efforts about promoting awareness of backups [313]
and privacy [200], that would illustrate different approaches and strategies found
in PIM studies as a form of direct knowledge-transfer from empirical research to
users.

6.7.2

Making curation feel more engaging

Other behavioral styles point to opportunities for making data curation more fun
and engaging. This approach could be compelling for some casual users while also
matching the need to purge data of other behavioral styles. Some ideas include
gamifying the curation process [320]; imagining new ways for repurposing and
“recycling” old data (for example, transforming one data type into a different one:
texts becoming haikus is a recent example [258]); or, allowing users to donate data,
willingly, to projects that have some collective benefit (e.g., research projects, a
historical archive), with proper mechanisms for anonymization. This last design
direction builds on investigations that have explored a similar idea in a different
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context (e.g., donating personal data after dying) [151]. The emphasis would be
on creating engaging experiences that offer benefits beyond optimizing space or
organization.

6.7.3

Exploring the role of curation for memory

Yet another opportunity is to better explore the role of personal data for memory
and how to make devices or cloud platforms feel like lived-in spaces rather than
static repositories. Features like “Remember This Day” on Facebook and “Rediscover this day” on Google Photos seem to address this need [243]. But they also
cause tensions around the evolving nature of personal identity [252]. A more subtle approach could focus on segmenting and resurfacing data based on temporal
dimensions [57, 209]: for example, grouping data based on calendar-based periods
(e.g., songs I listen to on Tuesdays) or phases of the day (e.g., data I interact with on
rainy nights). Services like Spotify provide similar personalized re-packaging of
music playlists [262], and we believe that similar ideas could be especially relevant
for users who take a collector approach. There is still a lot to explore about how
to best integrate these ideas in the design of data management tools that include
broader types of data [210].

6.7.4

Investigating new ways of capturing user variation

As we mentioned, we decided to condense the behavioral styles in a single question
to make the screening survey easier and quicker to answer: we had additional questions to include and we wanted to keep the survey as short as possible. However,
investigating new ways of including the behavioral styles in the recruiting process
is a potential avenue to explore in future research. Studies in psychology that focus
on capturing individual traits often use scales with several questions. A similar
approach could focus on wording the different behavioral styles as dimensions that
participants can measure themselves against. This approach could make it possible to better capture the composite nature of individual behaviors. Still, an added
complexity when looking at data curation is the way different approaches and different types of data intersect. Building scales with multiple items for multiple data
types might increase precision but also add complexity for respondents. Another
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opportunity would be to capture the behavioral styles in a visual way (for example,
showing typical device and cloud platforms configurations for each style), letting
users choose the one most similar to their own approach. A visual representation
of different behavioral styles and strategies could also act as a probing tool during
user interviews, helping participants better articulate their own curation strategies
by comparing them against established patterns.

6.8

Limitations

We do not see our work as globally valid or as an absolute truth about people’s
behaviors. Instead, similar to what we stated in Chapter 4, our analysis reflects
the social, technological, and cultural context of the participants we talked to: predominantly working-class folks, all living in a major Western country. These parameters should inform the transferability of our results [110, 165, 280] to another
context. Future studies can complement our work by looking at similar research
questions in a different context, to unpack differences and overlaps across cultures
and generations. We also encourage future studies to take a different epistemological approach for investigating individual differences in personal data curation.
We took a constructivist, interpretive, qualitative approach [110, 165] grounding
our analysis in participants’ experiences and narratives [288]. Future research can
build on our work by collecting quantitative measures of user actions (e.g., number
of times a user moves, deletes, or re-accesses data on a given period) and explore
emerging patterns of behaviors. Some previous user modeling studies, for example, identify user clusters using surveys and correlational analysis [223, 279]. A
similar line of work could focus on exploring the prevalence of different behavioral patterns in a broader population using quantitative data. Once again, we note
that we did not see a rigid one-to-one correspondence between a participant and a
behavioral style and we caution against a similar interpretation of our work, but we
encourage future studies to elaborate on this conclusion by using different methodologies. Finally, an additional way to build upon and expand our contributions is to
take a longitudinal approach and better capture temporal aspects of data over long
periods of time (e.g., months or years.)
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6.9

Summary and conclusion

Personal data curation is an underexplored topic with rich implications for the design of data management tools. As society moves towards a world where digital
data will become even more pervasive, it is essential to understand individual user
needs and accommodate the different ways people manage their personal data. We
have proposed a set of individual user behaviors, describing five behavioral styles
and their approach to curation. The behavioral styles represent an actionable resource for design and research, opening the way for new products and future investigations in this domain. Leveraging our work, future research can tailor design
efforts to different users and explore innovative ways of thinking about personal
data.
In the following chapters, we build upon the behavioral styles to explore some
of the design directions we outline. In particular, in Chapter 7 we use the temporal dimensions of personal data curation and different behavioral styles to inform
the design dimensions and concepts we explore. Then, in Chapter 8 we focus on
prioritizing and personalizing user support for data curation.
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Chapter 7

Study 3
Exploring a Design Space for Selecting
Personal Data
With this chapter1 , we enter the second half of the dissertation, where design work
takes the stage. Here, we build upon the insights from previous studies and explore
how to support the selection of personal data. We define selection as the practical
process of choosing what to keep or discard. As in previous chapters, the actions
of selecting what to keep or discard is a subset of the keeping stage in personal data
curation.

7.1

Introduction

So far, we have looked at personal data curation and the different ways people approach the process, driven by general tendencies (Chapter 4), using several decluttering strategies (Chapter 5) and reflecting different styles of behaviors (Chapter 6).
In this chapter, we want to look specifically at how technology can support
data selection, the process of intentionally deciding what personal data to keep
or discard. We have argued before how selecting what data to keep or not is a
1 Originally published in Vitale, Odom, and McGrenere. (2019) Keeping and Discarding Personal
Data: Exploring a Design Space. Proceedings of the 2019 Conference on Designing Interactive
Systems (DIS ’19) [291]
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necessary step for “emotionally viable” archival systems: choosing what to keep
and what to let go is important so that you can derive value from your personal
data over time by keeping things that matter to you [182]. We have also see how it
has become nearly impossible to decide what to keep and discard [24] due to the
growing amount of personal data.
How can technology support this selection process? Recent studies on the value
of digital data [111] and its longitudinal management [150] point to a growing need
for tools that can support keeping and discarding decisions. But we know from
previous chapters and previous studies [150] that people show strong individual
differences in their practices, so it is unlikely that a single solution could satisfy all
users.
With these premises in mind, we ask: How can technologies be better designed
to support people’s decisions around what data to keep or discard? In particular,
what different design approaches might be viable to different users and in different
situations?
Using a Research through Design approach [317], we created five design concepts as a way to probe people’s reactions, attitudes, and perceptions on the role
of technology in supporting personal data selection practices. The concepts intentionally emphasize different design dimensions stemming from related work in
PIM .

The five concepts are: Patina, a visualization of temporal aspects of data (e.g.,

age or number of interactions), Data Recommender (a recommender system that
suggests data to take care of using machine learning), Temporary Folder (a folder
with an expiration date), Temporary App (a mobile application with an expiration
date), and Future Filters (a mobile application to create advanced filters for deciding what to do with data in advance). For each concept, we created a short video
sketch [316] as a prototype that primarily illustrates how it works. Then, we conducted one-on-one interview sessions with 16 participants with varied data management approaches. The interview sessions touched on the potential benefits and
drawbacks of the concepts, with a range of reactions. We identified contrasting attitudes towards the systems we presented, with the tension between automation and
control informing the need for context-based solutions. Drawing on the interview
analysis, we critically reflect on our results and outline future design directions to
further open the design space.
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In this chapter we make three key contributions. First, we outline four design
dimensions (selection regime, automation, aggressiveness, and temporality) to define and broaden the design space around keeping and discarding decisions. These
can be used as a generative resource for creating new solutions. Second, we offer
five alternative design concepts that we used in an elicitation study with a diverse
sample to probe and explore the space, showing where people’s key boundaries
around control and automation lie. Third, we discuss future design directions for
supporting keeping and discarding decisions focusing on personalization, automation, defining new actions, and targeting data privacy.

7.2

Related work

Below, we review design efforts around personal data management from prior research projects. We use this review to outline a set of design dimensions and approaches to probe on. For more general insights about user practices and challenges
in selecting data, we refer to Chapter 2.

7.2.1

Existing and proposed design approaches

Augmenting data management interfaces
Two common user interface paradigms to manage data are: 1) document-centric,
with the most dominant desktop metaphor of files and folders (common on personal computers and cloud storage platforms), and 2) application-centric, with
the application acting as a bundle for data (common on mobile devices and social media platforms) [13, 301]. Both paradigms have benefits and drawbacks.
The file systems community, for example, has criticized the desktop metaphor organized around folders for being too rigid and inadequate as the amount of data
grows [255]. But despite their faults, folders still dominate management platforms
because they provide valuable functions: they help people control, organize, and
structure their work [301]. Enhancing them, rather than replacing them, might be
the best design approach [301].
Several projects propose augmentations or alternatives to folders (Table 7.1),
using for example metadata [300] or annotations [294]. Other projects choose
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an alternative activity-centric approach [13], exploring “time-ordered streams” of
documents [90], flexible desktop organizations [79, 295], or new metaphors based
on places, time, and data provenance [167]. While exploring radical alternatives
can help push forward design, our concepts largely focus on augmenting current
interfaces so that participants can better relate them to their own experience.
Design approach

Projects

Document or folder
augmentation

BIGFile [168], Facet Folders [300], File Biography [167], Finder Highlights [93], GrayArea [29], Old’n Gray [31], Project Planner [143], Vanish [97], WikiFolders [294]

Filtering or tagging

DMTR [30], Phlat [69], Stuff I’ve Seen [82],
Tagtivity [221]

Activity-centric

File Biography [167], Giornata [295],
Lifestreams [90], Presto [79], Tagtivity [221],
Task Aware Ranking [281]

Table 7.1: Previous research projects categorized based on their general design approach.

Using automation to complement selection practices
Most of the design projects reviewed so far focus on data organization or retrieval,
with little attention paid to keeping decisions (see Table 7.2). An exception is work
by Bergman et al., with several related projects addressing the keeping stage of the
curation cycle: GrayArea [29], DMTR [30], and Old’n Gray [31]. These systems
use the “demotion” principle [22], an intermediate action between keeping and
deleting (which is the most common discarding action afforded by user interfaces).
Demotion makes items visually less prominent or hides them in a separate area of
the interface. This is a valid compromise between keeping and deleting: unnecessary items do not distract when they are demoted, but they are still there in case
they are ever needed. Although discarding data can mean more than deleting (e.g.,
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Curation stage

Projects

Keeping

DMTR [30], GrayArea [29], Old’nGray [31],
Vanish [97]

Organizing

Giornata [295], Lifestreams [90], Presto [79],
Project Planner [143], Tagtivity [221], WikiFolders [294]

Retrieving

BIGFile [168],
DMTR [30],
Facet
Folders [300], Finder Highlights [93],
GrayArea
[29],
Lifestreams
[90],
Old’nGray [31], Phlat [69], Presto [79],
Project Planner [143], Stuff I’ve Seen [82],
Tagtivity [221], Task Aware Ranking [281]

Table 7.2: Previous research projects categorized based on the curation stage
they focus on.
demoting) our concepts focus on deleting as a key action to elicit more powerful
reactions from participants and understand where their boundaries lie.
The examples by Bergman et al. also highlight two distinct design approaches
to solve the “burden of curation” [140]: in GrayArea, users rely on direct manipulation to demote items by dragging them into a separate area of a folder, where in
DMTR and Old’n Gray the process is automatic. The tension between automation
and user-control is at the centre of many investigations in HCI [91, 102, 136, 237].
Within PIM, the discussion around automating user management strategies is
key [286] and goes back to early studies about email [19, 304]. Some examples of automation or semi-automation focus on selecting photos [164, 208] and
audio [195] or on the process of passing down digital data [112]. Jones [142]
discusses automatically archiving information that is no longer useful, while Vanish [97] introduces the idea of self-destructing data. Bergman et al. [26], among
others, argue for finding a balance between automation and user control in PIM
interfaces. Yet, this is a question rarely explored in the specific context of keeping
decisions. Understanding which “curating” actions can be automated and which
should not is an ongoing open question in PIM research [144]. Our work uses

102

the tension between manual actions and automation as a key design dimension to
explore potential new directions.
Using metadata to build awareness of digital items
Most design efforts discussed so far focus on improving data management tasks. A
different strand of design work by Odom and colleagues, instead, offers a counterperspective, and focuses on reflection, reminiscence, and enjoyment [212]. This
approach uses metadata for rediscovering kept data through everyday objects [209,
218]. Sas et al. [247, 249] also use a similar, reflective approach by proposing
“rituals” for letting go of sentimental digital items. We use this work as inspiration
to add possible design choices and incorporate an open-ended, reflective dimension
in some of our concepts. While prior work focuses on tangible interactions, we
explore using metadata in graphical user interfaces to resurface old digital items or
build awareness of their accumulation over time.
Exploring the potential of prospective decisions
Finally, we narrow the focus to email, with work by Gwizdka [114–116] providing
additional inspiration. In studying and designing email management tools, Gwizdka introduces the idea of prospective information to support task management by
anticipating future needs. Today, several email management tools apply a similar concept through reminders and snoozing functions. Empirical work on more
general data selection decisions points to temporal dimensions that consider both
the past and the future [140]. For example, Kim [151] mentions one participant
having a folder called “to delete,” while Brewer et al. [42] discuss prospective
memory for digital reminders. Our own work in Chapter 6 outlines retrospective
and prospective dimensions of data curation. Thus, we see the challenge of anticipating future needs with prospective decisions as a major opportunity to expand
the design space. While most data management tools are retrospective, there might
be space for prospective decisions and we use some of our concepts to explore this
area.
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7.3
7.3.1

Methodology
Research approach and design dimensions

Our review of related work shows how designing to support keeping and discarding
decisions is a largely under-explored territory, with different potential directions to
follow. This multitude of possibilities makes a design-led exploration ideal. Thus,
in our work, we took a Research through Design approach [317]. Our inquiry can
be seen as parallel to that of Gulotta et al., [112] who use of a similar approach to
investigate the space around data curation, legacy, and memory.
We started by clustering and mapping insights from prior work and our own
empirical work described in previous chapters into four key design dimensions to
probe: selection regime, automation, aggressiveness, temporality. These four design dimensions synthesize both previous related work on digital data and our own
work in previous chapters. Below, we describe the four dimensions, explaining
what we based them on and how we used them to drive the design process.
Selection regime - The first dimension considers possible “selection
regimes” [140] that people use when curating data: whether they consider
one item at a time or a collection of items all together. This dimension is based
both on past related work and our own empirical work. Past related work on
curation [140] introduces the idea of selection regimes, where people consider
items either in groups or individually. In our own work, we saw similar user
behaviors in Study 2 (Chapter 5). We created variations along this dimension
to encompass both individual items and collective categories, probing on the
differences in support needed for both.
Automation - The second dimension focuses on the tension between userinitiated data selection and automated data selection. This dimension is based on
past related work on data management: earlier in this chapter (Section 7.2.1), we
discussed how past work on PIM explores different approaches to automation, arguing for a balance between automation and user control. Thus, we see automation
as a key dimension to explore given the increased potential for automatic data management tools, thanks to machine learning and artificial intelligence. In our design
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work, we contrasted concepts that took automation to its extremes with others that
give more emphasis to user influence.
Aggressiveness - The third dimension is about the level of aggressiveness of the
system. This dimension is inspired by a large body of past related work on digital
data and metadata, covered earlier in this chapter (Section 7.2.1), that argues for a
calm, open-ended approach to designing for personal data. We used this dimension
to contrast concepts that are more open-ended (i.e., they only inform of data to take
care of, whether the user notices it or not, letting them decide what to do and when)
with others that are more forceful and push the user to decide whether to keep or
discard something.
Temporality - The final dimension represents the temporal user mindset in selecting data: either retrospective, looking at items based on past use, or prospective, looking at items based on future use. This dimension is based both on past
related work and our own work. Earlier in this chapter (Section 7.2.1), we provide examples of past work that points to prospective data management decisions
as a promising area to support. In our own work, we also highlight temporal dimensions of data curation (Chapter 5, Chapter 6), highlighting a contrast between
retrospective and prospective user attitudes. We used variations along this dimension to probe on the largely underexplored area of prospective decision making to
see whether this might be a viable direction compared to the retrospective nature
of many traditional management tools.
After defining the design dimensions, we created five concepts that differ along
their extremes to explore a design space for data selection. As we already mentioned, our own work informed the design dimensions, but these dimensions do not
have a precise one-to-one correspondence to the five Behavioral Styles presented
in Chapter 6, because the dimensions synthesize attitudes from across the behavioral styles. Similarly, when we created the design concepts we considered the five
behavioral styles and how each of them might relate to a concept, ensuring that
we covered a range of attitudes in the design space. Some concepts have a more
explicit link to a specific behavioral style (that we point out in their descriptions
below), but our goal was not to create or test a rigid one-to-one correspondence,
given the contextual and dynamic nature of user behaviors.
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For each concept, we created a short video prototype or sketch [316], an illustration of how it works. The videos use a mix of descriptions and user scenarios,
depending on what we felt best illustrated each concept. The concepts take inspiration from existing work or systems, as we detail in their respective descriptions.
However, to have more control in our elicitation study, we decided to design our
own set of video prototypes instead of using existing systems. By creating our
own concepts and videos we were able to push the design dimensions in specific
directions, often exploring their extremes in new combinations (Figure 7.1). All together, the concepts synthesize a mix of disparate ideas into a cohesive collection,
applying existing and proposed design approaches in new contexts. In the videos,
we tailored the user scenarios around key research questions we were interested
in exploring with participants. The videos, similar to experience prototypes [45],
frame the concepts in a way that offer glimpses into possible futures to provoke
and open dialogue with participants about perceived benefits and consequences of
each design [178]. Our approach is inspired by and shares similarities with prior
work on User Enactments [214] and Speed Dating [72]. These related approaches
argue for exploring the potential roles, values, and social boundaries of emerging
near-future technology by using more than one design vision. They encourage participants to imagine future interactions and react to them by drawing on their own
experiences.

7.4

Design concepts

We now describe the five design concepts, positioning them within the design space
and pointing to sources of inspiration.

7.4.1

Patina

The first concept, Patina, is a visualization on top of data in the geometric form of
a spiral 2 . It is inspired by a tree’s growth circles and symbolizes temporal qualities
of data. In the video for Patina, we show two different options for the spiral: on a
desktop, it represents the age of folders (Figure 7.2); with a set of music playlists,
instead, it represents the number of interactions over a period of time (Figure 7.3).
2 Patina’s

video is available in the supplementary materials to the thesis.

106

PATINA

DATA RECOMMENDER

retrospective • - - - - - - - - - - - - - - - prospective

retrospective - - - • - - - - - - - - - - - - prospective

pushy

- - - - - - - - - - - - - - - • open-ended

pushy

• - - - - - - - - - - - - - - - open-ended

automatic

- - - - - - - - - - - - - - - • manual

automatic

- - - - • - - - - - - - - - - - manual

mass items

- - - - - - - - - - - - • - - - one by one

mass items

- - - - - - • - - - - - - - - - one by one

TEMPORARY FOLDER & APP

FUTURE FILTERS

retrospective - - - - - - - - - - - - - - - • prospective

retrospective - - - - - - - - - - - - - - - • prospective

pushy

• - - - - - - - - - - - - - - - open-ended

pushy

- - - - - - - - • - - - - - - - open-ended

automatic

- - • - - - - - - - - - - - - - manual

automatic

• - - - - - - - - - - - - - - - manual

mass items

- - - - • - - - - - - - - - - - one by one

mass items

• - - - - - - - - - - - - - - - one by one

Figure 7.1: An overview of the design concepts and how they map to the four
design dimensions we used in our exploration.
Music playlists provide a good contrast to folders because they are “meant to be
enjoyed repeatedly and grown over time.” [169]

Figure 7.2: Patina showing the age of desktop folders: the bigger the spiral,
the older a folder is. (Each dot stands for a set time amount, e.g., a
week.)
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Figure 7.3: Patina showing the frequency of use for music playlists: the bigger the spiral, the more times a user has played the playlist.
Patina’s video leaves some aspects as intentionally ambiguous and unexplained
(e.g., How is the age of a folder calculated? How is the interaction period determined?). We wanted to encourage user interpretation and discussion. This choice
also emphasizes the open-ended nature of Patina in the design space: it invites reflection and builds awareness, but does not suggest any specific action to take on
data. We use this concept to probe on the viability of open-ended designs that leave
users in charge of initiating any selection action and on what metadata attributes
might be useful for doing so.
The idea of a patina takes inspiration from prior studies that mention its potential [211] or use it with physical [99, 160, 161] and digital objects [137, 188]. The
frequency of use in Patina is inspired by Hurst et al. [137] and Matejka et al. [188].
The idea of aging, instead, is informed by Giaccardi et al.’s work on “traces of use”
for daily objects [99]. Our work, however, takes place in a different context and
uses a different approach designed with data selection in mind. There are also commercial products with visualizations for used space on hard disks (e.g., Daisy Disk
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3,

Disk Inventory X 4 ) but these are separate from the data and use only one type

of metadata (size). Instead, we tie the visualization to the data and use two types
of metadata (creation date for folder and frequency of use for music playlists).
Patina was also informed by the Collector behavioral style. As we mention
in Chapter 6, we imagined that this concept might play well with users who tend
to keep and manage large quantities of data over time, providing them with an
opportunity to revisit and enjoy their collections. We also thought that a visualization such as Patina could engage people who take a casual approach to their data,
providing a fresh and unusual perspective to daily data curation. Finally, we saw
Patina as a potential way of directing overwhelmed users and users taking a purger
or frugal approach to items that they might want to get rid of. A similar visualization could easily match routine and serendipitous decluttering practices of different
users (Chapter 5).

7.4.2

Data Recommender

The second concept, Data Recommender (Figure 7.4), notifies users and provides
recommendations on data that might need attention, using metadata such as last
access, creation date, or size 5 . Users can decide to trash items, archive them in a
central archive, move them in a specific folder, or be reminded of them at another
time. Data Recommender will use machine learning to learn from their actions and
provide new recommendations. This concept is the closest to existing products.
For example, Google Photos

6

provides recommendations on photos to archive,

while Files on Android 7 gives recommendations on how to free up space.
Data Recommender is in the middle between human-driven activity and automation, following a mixed-initiative approach [46, 134]. Using this concept we
want to probe the link between data and context, the viability of different selection
actions, and the attributes that make items good candidates for disposal.
When creating Data Recommender, we imagined it might be particularly helpful for supporting routine decluttering (Chapter 5) and users who feel overwhelmed
3 http://daisydiskapp.com
4 http://www.derlien.com
5 Data

Recommender’s video is available in the supplementary materials to the thesis.

6 https://www.google.com/photos/about/
7 https://files.google.com
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Figure 7.4: Data Recommender notifies users when they have some data to
take care of (top) and provides a list of items (bottom): users can choose
to trash, archive, move, or be reminded of items again.
(Chapter 6). We also thought it could provide some support to users who take a
purger or frugal approach, given their desire to get rid of items. Prior work [215]
also points to recommender systems as a good approach to offload the work of
selecting items.

7.4.3

Temporary Folder and Temporary App

The next two concepts come as a couple: Temporary Folder and Temporary App.
In this case, we created two videos on two different platforms. The first, Temporary
Folder, takes place on a desktop computer (Figure 7.5) 8 : it acts as a standard folder,
but users can decide to set an expiration date for it. After the expiration date, the
folder will be automatically deleted. The second, Temporary App, takes place on
a smartphone (Figure 7.6) 9 . In this case, users can install a mobile application
8 Temporary
9 Temporary

Folder’s video is available in the supplementary materials to the thesis.
App’s video is available in the supplementary materials to the thesis.
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temporarily (e.g., for two weeks). At the end of the preset period, the application
will be automatically uninstalled.

Figure 7.5: When creating a Temporary Folder (top) users can pick an expiry
date for it (bottom, left). After the expiry date (bottom, right), the folder
is automatically deleted.
These temporary concepts fall within the prospective side of the design space,
unlike the previous two. Their radical take on automatic deletion was meant to
stimulate discussion among our participants about their perceived social acceptability. The purger and frugal behavioral styles (Chapter 6) were a key influence on
these two concepts. We imagined that Temporary Folder & Temporary App could
provide support for purging habits and the need to prevent data accumulation in the
first place. The preventive nature of these concepts could also help overwhelmed
users and could support routine decluttering practices (Chapter 5), helping people
set prospective routines.
Several commercial products also use automatic deletion in specific contexts.
As an example, the messaging application Telegram

10

allows users to set an ex-

piry date for photos, videos, and other files exchanged with contacts. If they do not
access them for a set period of time they are removed from the device (they are still
10 https://telegram.org
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Figure 7.6: When installing a Temporary App users can pick an expiry date
for it. After the expiry date, the app is automatically uninstalled.
on Telegram’s cloud though, so they are not completely deleted). Snapchat11 has
instead popularized the notion of emphemeral information as a default. The notion
of different information lifespans also goes back to an early study of desktop usage
that identified three types of information [14]: ephemeral, working, and archived.
More recently, Murillo et al. [202] explore the potential of data expiration for supporting users’ deleting decisions: one participant in their study mentions the idea
of an email folder that allows users to set an expiration date 12 . Temporary Folder
and Temporary App explore this idea in two specific contexts: desktop files and
mobile applications.

7.4.4

Future Filters

The final concept, Future Filters, is a mobile application that allows users to decide
what to do with data in the future creating set of rules or filters

13 .

For example,

“delete selfies and downloads that are older than two months when my free space is
11 https://www.snapchat.com
12 The

study by Murillo et al. was published in 2018, at the same time as we were developing our
concepts. We were not aware of it when we designed the Temporary Folder concept or when writing
the paper that this chapter is based on. It is nice to see the same idea in two independent studies.
13 Future Filters’ video is available in the supplementary materials to the thesis.

112

below 20%,” (Figure 7.7) or “archive shared documents not looked at in 2 years,”
and so on. Filters use a set of actions (e.g., delete, move, archive, remind me),
criteria (size, use, number of copies, source of data, copied on the cloud, etc.), and
triggers (a new update available, free disk space is below a certain amount, etc.).

Figure 7.7: Future Filters is a mobile application that lets users create data
filters based on actions, data types, data attributes, and triggers.
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This final concept has a strong emphasis on prospective decisions and mass
processing of items, with a certain degree of automation. The disciplined attitudes
to data curation that characterized both the collector and purger behavioral styles
influenced Future Filters. We imagined a similar approach could support the need
for feeling “on top of things” that participants reported. We also thought this last
concept could provide support for triggered decluttering (Chapter 5), helping people identify categories of items quickly.
Future Filters also takes direct inspiration from If This Then That 14 , a platform
to create cross-application rules based on triggers, and other products or features
that use automatic filters (e.g., File Juggler 15 , Hazel 16 , Gemini 17 , or email filters
in Gmail.
We use Future Filters to further explore the viability of prospective decisions,
probing on what actions might be more acceptable when considering automation.

7.5

Elicitation study

We used our set of design concepts in an elicitation study with 16 participants. We
showed them the videos of the concepts during one-on-one interview sessions that
also touched on their general data management practices.

7.5.1

Recruitment and participants

We used purposive sampling to recruit a diverse sample of participants. We advertised the study on a university listing and on Craigslist in Vancouver, Canada.
We used a screening questionnaire (see Appendix D) to select participants based
on their age, occupation, technical familiarity, and general approach to data curation. We used brief descriptions of the behavioral styles (Chapter 6 in the screening
questionnaire as a closed-ended question (see Appendix D).
We received 177 responses to the screening questionnaire. We contacted 36 respondents and 16 agreed to take part in the study. We stopped recruiting when we
reached a diverse set of participants and reactions. Nine participants self-identified
14 https://ifttt.com
15 https://www.filejuggler.com
16 https://www.noodlesoft.com
17 https://macpaw.com/gemini
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as female, six as male, one as gender non-conforming. They were aged 23-71 (average: 36). Occupations included administrative assistant, engineer, HR specialist,
journalist, photographer. In terms of general approach to data curation, four largely
had a collector approach, five felt overwhelmed, three tended to purge items, four
tended towards a casual approach. We note that this was the general self-reported
approach, but during the interviews participants elaborated on their approach, displaying some differences among data types and more nuanced behaviors. A few
participants also displayed a frugal approach in addition to the main approach they
had selected.

7.5.2

Procedure

The study sessions consisted of: 1) a short introductory interview on general data
management practices, 2) a main elicitation section going over each of the design
concepts, 3) a final, longer semi-structured interview discussing and comparing all
the design concepts and the ideas behind them. In the introductory interview, we
asked participants to discuss how they organized and selected their data over time
and on different platforms or devices, asking them to show us examples where possible. Then, for each concept, we first gave a short introduction and then showed
the video. After each video, we asked whether something was not clear, providing printouts of the concepts. Then, we probed on participants’ first impressions,
asking them how they felt when watching the video and what they felt about different aspects of the concept. Following Odom et al.’s approach [214], in the final
interview, we asked participants to reflect on and across their experiences of all
concepts. We asked them to pick the most or least valuable for them, discuss the
most positive or negative aspects across all the concepts, and elaborate on the ideas
behind them based on how they would fit their needs and experience. Participants
used the printouts of the systems to compare and contrast them. One member
of the research team conducted all interviews, in English, at our university. Interviews lasted between 37 and 70 minutes (on average: 49 minutes) and were
audio-recorded. Participants received $15 as compensation.
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7.5.3

Data analysis

To analyze the data, we used Braun and Clarke’s approach to thematic analysis [61]. We transcribed participants’ answers and started analyzing them inductively using open coding. Then, we grouped codes into categories and developed
themes across categories. One member of the research team coded the data and discussed the themes and interpretations with other authors during multiple meetings.
We also categorized participants’ reactions to each concept as positive, negative,
or mixed, and compiled a list of the most and least valuable concepts for each
participant.

7.6

Thematic analysis results

In this section, we present the results of our thematic analysis. In general, participants appreciated the idea of getting help in selecting data–they saw it as an
important but often challenging task. However, there were striking differences in
how they reacted to the concepts (Figure 7.8 provides an overview of participants’
individual reactions). For example, reactions to Temporary Folder ranged from enthusiastic (P15: “I like that one, a lot!”) to perplexed (P16: “Why would one want
a temporary folder?”) and terrified (P1: “I would be terrified to put something in
a folder that’s going to be deleted!”). In the first two themes of the analysis, we
contrast diverging opinions on what role technology should have in supporting selection practices: some participants preferred to retain full control of the process
(Theme 1). Others, instead, welcomed automation and felt comfortable in offloading selection tasks to technology (Theme 2). Then, we synthesize a middle ground
between the two different stances in participants’ overall desire for a contextual
approach and how this leads to a new perception of keeping and discarding actions
(Theme 3). As in Chapter 4, this analysis provides an abstracted, high-level synthesis of cross-cutting individual reactions. The first two themes we present might
give off the impression that participants expressed one or the other opinion, but
their attitudes and reactions were contextual, as Theme 3 details. In Chapter 6 we
already connected these high-level themes to different behavioral styles.
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Figure 7.8: An overview of participants’ varied reactions to the five concepts
we created (here abbreviated as Patina, Recommender, Temp Folder,
Temp App, Filters). In the first column, the participant number; in the
next five columns, participants’ general reactions to a concept categorized as positive, negative, or mixed; in the last two columns, the most
and least valued concepts for each participant.

7.6.1

Theme 1: Selecting data is a personal responsibility

The first theme captures opposing reactions towards support in selecting data.
Some of the participants were generally against automation, mass processing of
items, or aggressive systems. Their reactions to the design concepts highlighted
a need for control, a sense of responsibility for their data, and a strong desire for
doing things in a specific way (the “right way” [288]), all on their own.
https://airtable.com/appslJR9OVXiomlo3/viwnOOmxoEEvPwMvy/print…4a073ef8c64527e80515b8e7cbcdce68f8a9bab86567536e2fbc0fc%22%7D
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Wanting full control
For instance, P11, a professional photographer who managed thousands of photos
between her phone, laptop, and an external hard drive, made it clear that fully automatic tools would not work for her because they crossed an important boundary.
She felt that having full control over data and the selection process was essential.
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Her career depended on properly managing digital data, with no room for mistakes:
“I’ve heard the horror stories of photographers not backing up data properly and
losing up a whole shoot, and, yeah, it will pretty much just ruin your reputation.”
She explained how automatic tools felt intrusive and undermined her sense of control: “For data, and maybe this is my personality or work, but you don’t ever want
somebody coming in and telling you ‘this is mine’. Or, ‘get rid of it’. You make the
work, you wanna have control over it. That’s why I wouldn’t want something like
Future Filters going through my files. [...] I really I don’t appreciate that.”
Thinking independently
Similarly, P13, who used to work as a “programmer of sorts” in a medical imaging
company and often felt overwhelmed with data, highlighted that thinking independently and taking care of items without the help of technology was important to
feel in control. In her reasoning, she drew a parallel between some of the concepts
and older recommender systems in Word processors (i.e., Clippy): “It’s almost like,
you know–there were Word processors that tried to think for you. ’Oh, it looks like
you’re writing a document, let me do such and such.’ And I’m like so mad. I did a
lot of Word processing. And I know what I want, I know the spacing I want, I know
the editing I want. I know what I’m trying to do and this nuisance tries to think for
you. I don’t like that. [...] Personally, I would like more power and control myself.”
After seeing Temporary App, she added that automatic tools made her feel lazy,
hinting once again at the idea that selecting data is a personal responsibility: “It’s
kind of like, you feel lazy. Because how hard is it and throw it into the delete stuff?
Are we all that busy that we need [this]?”
Distrusting technology
Underlying many statements from participants there was a sentiment of distrust
towards technology. For example, participants questioned how the machine learning from Data Recommender would work and whether it would learn the “wrong
things.” Similarly, they feared that any function where they did not have full control would eventually go wrong. Thus, a lingering feeling of uneasiness. “I tend
to like the ones that remind you or prompt you vs automatically doing it for you,”
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explained P7, an HR specialist who did not trust any cloud platforms for personal
data management preferring to do things on “her own,” with a mix of collecting
and purging. She articulated her preference for Patina and Data Recommender in
terms of trust and comfort: “I wouldn’t feel comfortable putting in parameters and
just having the technology determine for me. I’d prefer to have them notify me or
go through them and choose. I liked [Data Recommender]. I’d feel much more
comfortable with that vs having things automatically deleted.”
These preferences were not always a direct reflection of differences in general curation approaches (e.g., tending to keep a lot vs. keeping little). Consider
the case of P15, working as an administrator in a government agency: she selfdescribed as a “very organized” person who “doesn’t keep a lot of things,” limits
her technology use, and deletes photos, videos, files, reflecting a purger and frugal
approach. She was onboard with discarding data, but trusted herself more than a
tool: “I’m not someone who keeps everything. So I’m not at all reluctant to delete
things at once, I know people who are. But at the same time, I don’t know if I
would trust the computer to delete things if I haven’t reviewed them and made sure
I want to delete them.” This explains why she was enthusiastic about Temporary
Folder but not Future Filters: “I have control over what I’m putting in the folder.
[With Future Filters], you don’t really know exactly what it’s deleting, you’re just
trusting that you’re putting things in the right place so I feel there’s more potential
for errors with [Future Filters].”
Changing idea and having the final say
The need to have full control and think independently informed a strong preference
towards always having the final say in all keeping or discarding decisions. Being
in control meant seeing recommendations as nothing more than suggestions that
need approval and leaving space for changing ideas. When pondering prospective
decisions, participants who were generally against automation felt uneasy and wondered what would happen if they changed their mind: “I think I like the concept of
[Future Filters] but it’s such broad categories that you might end up deleting data
and regret it.” (P8). Anticipating regret, some participants said that keeping everything “just in case” [271] seemed a better approach, while others saw a safeguard
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in the possibility of controlling decisions and having a final say. For example, P9, a
journalist who used to deal with large amounts of data but who wanted to be “more
organized” and “have less,” explained that “Across the board, the review process is
really important: before something gets deleted I should know it’s getting deleted,
it should not get deleted without me knowing. And I should have the physical option of choosing to delete or not. [...] I should have the final say. [...] Sometimes
you change your mind.”

7.6.2

Theme 2: Selecting data is a chore

The second theme captures reactions towards the concepts that contrast those explored in Theme 1. In this case, participants welcomed automation and generally
expressed the need for tools that would take care of things for them, freeing them
from the weight of selecting data. They felt tired of the responsibility of the selection process, something they put off or were not good at dealing with, and were
happy to offload the process to technology.
Being tired of taking care of data
Participants who had positive views of automation were happy about tools taking
care of selecting data, a process that they perceived as tiring and relentless. For
example, P14, an HR specialist who showed both collector and overwhelmed behaviors, said she “seriously” loved Future Filters and explained that it would help
her deal with things she was tired of: “I am tired of organizing my information and
taking care of it every 2-3 months because of the space limit. It bothers me a lot,
so if I can set the filters just once for the majority of things that bother me–and it
would be pictures, videos, and music, that’s the main problem–that would be just
perfect.”
Needing a push to feel the urgency
Participants noted how they needed a “push” to attend to data: “I thought the most
useful [aspect of the system] was that it actually popped up. So you have to actually
take action on all of the items, because that forces you to decide what to do with
them. I thought that was very useful.” (P10). Selecting items was a task they
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wanted to engage in, but often put off: “I feel this could be a cool way to do it
for me, because it’s something I put off. The last time was probably a year ago or
something, so having an app do it for me would be great,” said P2, who largely had
a casual approach to data. More automatic and prospective systems felt useful in
creating urgency: “I think Patina [was the least valuable]. Even though it sets an
indication, it doesn’t create an immediate urgency” (P6).
Desiring a proactive system
Some participants were satisfied enough with recommendations, but several had
preferences for stronger intervention, expressing the desire for a proactive system
that would think for them: “It’s perfect if the program can think for me in advance.
[...] The [Data] Recommender is going to bother me for sure. It means the program
advises me to think about something and I want the program to think in advance,
give me some kind of solution.” (P14) This preference might have come down to
personal style. This is how P10, a student in Education who reported constantly
running out of space on his laptop, related tools such as Future Filters to his selfdescribed “lazy” selection style: “I think it depends how organized you are. Future
Filters automatically deletes without telling you what. Patina and Data Recommender remind you and you decide what to do. So, if you feel like you need that
reminder and you can delete yourself, I think they would be nice. If you feel you’re
too lazy or not organized enough, Future Filters takes care of it for you. I am less
organized, that’s why Future Filters is a really good option for me.”
Deciding in advance to not worry later
The enthusiasm for simplifying selection extended also to prospective decisions,
with participants relating the idea to their own practice: “There’s definitely things I
know I don’t need. You know, pictures from the internet you want to send someone
and they stay on your desktop.” (P4). Several participants preferred to decide in
advance and not worry later: “I think it’s a good idea in terms of coming up with
some parameters for things you know you’re not going to need in the future and it’s
better to just automatically delete it and not worry about it” (P7). They perceived
such options as a way to limit the constant input required for selection, a process
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they compared to daily chores: “[Future Filters] might be better because I’ve made
a decision and then it will happen and it’s not being dependent on me being... you
know, it’s like cleaning or doing dishes. [...] Your input is at the beginning and
then it automatically takes care of itself.” (P13) However, as the next theme shows,
these decisions still needed to have some safeguards in place or otherwise respect
the context of data.

7.6.3

Theme 3: Context is key

In Themes 1 and 2, we have described a range of reactions to the concepts, with
two general contrasting stances. The final theme highlights how these reactions
were different but never completely polarized, because the context of data played
a key role. Participants noted important differences between data types based on
their nature (a document you take a lot of time to create vs. a movie or an app,
that you can always download again), their context (work data being generally
more important and critical than personal data), and the device under consideration
(computers being for serious stuff and smartphones being for less critical stuff).
They perceived data as being always somewhere out there, in the cloud or on a
device: this had both positive and negative consequences, and informed what we
call a post-cloud perception of selection.
Selection decisions are contextual
A recurring thread in participants’ reactions, whether more positive or negative,
was that keeping or discarding decisions are highly contextual. Thus, a concept
that worked for one type of data, might not have worked for others. For example,
many participants drew distinctions between work and personal “stuff,” saying that
they tended to be more organized and less selective with what to keep at work: “I
keep everything for work related, for personal it’s different.” (P7) Similarly, they
regarded data on phones as easier to discard and often less important. They perceived smartphones and mobile devices as “fluid, temporary, and more accessible,”
compared to laptops, that were “serious, demanding,” and with more places where
to hide things away. The difference in storage capabilities between the two types
of devices was also an important factor to consider: “For the phone I periodically

122

delete pictures I don’t want and apps I don’t use anymore. But on the phone it’s
partly due to storage problems. Which is not that much of a concern with my Mac,”
recollected P3 in illustrating their largely purger approach.
Exceptions to general decisions
Participants also remarked that digital data being old or unused did not necessarily
mean that they would have liked to get rid of it, as some concepts suggested: “I
don’t like the fact it says you haven’t used it because it might say, you haven’t used
it in six months, get rid of it. But that’s not a good idea because sometimes you save
files for you future situations. Deleting files because they are older, is that a good
idea? Maybe there’s a reason they should be kept.” (P16) They wanted to define
exceptions to general decisions and have the option to instruct the system about
any item that they might want to keep: “Maybe there’s an option to exclude certain
things. Like, all photos that are older than 2 weeks, except these three. That’d be a
good option to have, to be able to create exceptions.” (P10). These reactions point
to the importance of marking items to keep explicitly, an action often absent from
data management tools.
The cloud is as big as the universe
The contrast between different contexts and storing places was particularly evident
when comparing Temporary Folder and Temporary App. Several participants explained that automatic or prospective actions were more acceptable with mobile
applications because applications are not unique and are not the result of time or
effort: “There’s no big risk, you can install the app again” (P5). When expanding
the focus within their data ecosystem [288] and discussing the cloud, with places
such as Facebook, Google Drive, or Dropbox, participants noted how the change
in context changed their attitude, hinting that selection would be less necessary
in these storing places: “I never delete [from Facebook] because I imagine their
storage is as big as the universe.” (P6)
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Data is always somewhere out there
The key role of cloud platforms and the interconnected nature of data ecosystems
informed a perception of data as ubiquitous and perennial. Participants in Gulotta
et al.’s study [111] saw deleting as being against the nature of digital data. Participants in our study perceived data as never truly deleted because there will always
be a copy somewhere, out there. Perhaps it is a copy on an external hard drive,
maybe it is a backup on Facebook or Google, but data never really disappears unless you want it to: “We’ve talked about deleting apps on my phone regularly and
things and as long as they’re backed up somewhere, if they’re deleted it’s not a big
deal.” (P2). This post-cloud conception of data makes keeping and discarding decisions take on a different meaning: deleting means removing data only from one
specific device or removing a specific instance, while having a copy somewhere
else: “I don’t think I will put anything in Temporary Folder that I don’t have a
backup for, so it’s fine.” (P8). And archiving really means moving or hiding data
within a device ecosystem: “I wonder how the archive... maybe it’s like moving,
it sounds like a similar function. I [archive] with my emails, but I think it goes
to... it’s the same idea as moving.” (P6). Suddenly, automatic or prospective decisions are more acceptable: “Especially in the selfie scenario, you probably already
posted it on Instagram or Snapchat or whatever, so there’s a copy of it already in
the world, so removing it from your device it’s not a big deal.” (P5). The selection
process then becomes a matter of moving data back and forth within an ecosystem
and the cloud is the ultimate storage utility.

7.7
7.7.1

Discussion and future directions
Moving the design space towards personalization

The range of reactions we gained from participants supports the idea that decisions
around what data to keep or discard are highly personal, as we have seen in Chapter 4 and Chapter 6. As we expected, no single solution was able to resonate with
most participants. But these results show how branching into potentially controversial or radical areas of the design space can be fruitful. By inquiring into concepts
that appeared risky, we were able to get a better idea of where people’s bound124

aries lie, what it means to cross them, and how different people may have different
boundaries. The design dimensions we explored can now be used as a generative
resource to work towards new solutions. Some of the design dimensions and concepts we explored could be remixed (e.g., providing a list of filters that can feed
into recommendations) and modulated to support different user attitudes. There is
an opportunity for future work to further investigate this emerging space through
designing, developing, and studying more personalized solutions (e.g., customizing default keeping and discarding actions or criteria for recommendations). In the
following sections, we articulate some more key directions for future efforts.

7.7.2

Finding a space for automation

In our analysis, we were particularly fascinated by the contrasting attitudes towards automation. Do the strong reactions against some of the concepts mean that
we failed as designers to support user needs? We think the key here lies in unpacking the underlying threads of such negative opinions and leverage them to move
towards a more nuanced approach. As highlighted in the related work, the tension
between automation and user control is a long-standing issue. A key contribution
of our work is revealing that some keeping decisions, under specific circumstances,
can likely be automated. In particular, promising initial contexts to pursue automation in design interventions are mobile devices with limited storage space, media
files, and distributed data (i.e., data that is not unique or otherwise re-accessible).
In other cases (e.g., different devices and types of data), there still is a space for
automation, but only with proper safeguards. This principle extends to other dimensions of the design space, as we outline next.

7.7.3

Safeguarding automatic and prospective decisions

Our analysis reveals that there can be a space for both retrospective and prospective actions, manual and automatic, and open-ended or specific. However, it is
essential that future design interventions synthesize these extremes so that any action is reversible and any potential risks are mitigated in advance. This suggests
an opportunity to investigate how to design effective safeguards for automatic and
prospective actions. The easiest way to design safeguards would be to provide
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reminders before automatic or prospective actions, something that several participants asked for. Another approach would be to simply promote softer actions over
the more radical concept of deletion (e.g., moving, trashing, hiding). Yet another
opportunity would be to see the perceived risk and anticipated regret that come
up in participants’ words as explicit components of the decision process. For example, systems could visualize a history of prospective or reverted decisions (e.g.,
how many times a document was marked for trashing and then reverted, or how
many times a mobile app was uninstalled and then re-installed over the course of
a period of time). Similarly, efforts along the other dimensions of the space could
focus on letting users explicitly define potential risks and regrets and then evaluate
them at a later point in time.

7.7.4

Rethinking keeping and discarding actions

When reacting to the concepts and the actions they afforded, some participants
struggled with understanding what an archive is. For others, archiving was the
same as moving or hiding. Similarly, participants reported deleting practices rooted
in the importance of context and the availability of a multitude of platforms and
devices. Sas et al. [249] argue that “deletion is a crude binary process,” while
Ramokapane et al. [240] highlight how cloud platforms in particular provide poor
deletion models. We agree that a binary representation of data as either present or
deleted does not reflect the majority of our participants’ mindset. This argument
ties to prospect theory [145] and can further explain why keeping decisions are
so challenging: if deletion is a binary process, it is more difficult to balance risks
and gains. Yet, in most tools deleting is the default discarding action. Although
our results show that crude deletion is welcomed in some cases (e.g., with mobile
applications), moving towards a mitigated process of deletion might be the way
forward to support different contexts. This idea resonates with work by Harper
et al. [123] who argue for rethinking actions about owning, copying, and deleting
data. Based on these implications, we see two possible directions to follow. The
first is a design-focused effort in the line of work by Lindley et al. [167] to explore
and define a new grammar of actions around keeping decisions. Harper et al. [123]
propose “eradicating” or “withdrawing” files from the cloud, while Bergman et
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al. [29–31] show examples of “demoting.” This set of actions could be extended to
include mirroring (for storing a copy of data from a central repository only temporarily), distributing (to disseminate copies of data around many storing places),
warranting (to authorize automatic tools to act only on specific items), locking (to
mark items as protected by any discarding action). Providing options for discarding actions to be granular rather than binary will also allow for more personalized
solutions. For example, some users might choose “crude” deletion, while others
might opt for demoting or distributing items as their primary selection action. A
second, research-focused effort would be to further disambiguate actions as used
in interfaces and perceived by users with a taxonomy. This would follow the example of Watkins et al. [299], who categorize very specific different types of digital
“collections” and collecting practices. Research often refers to the old metaphor of
an archive to study and discuss people’s practices. It seems like apt timing to take
more seriously the question of what is an archive in the post-cloud age and is this
the best metaphor to use?

7.7.5

Taking steps towards active data privacy protection

A tangential but important issue that came up in our exploration was the topic
of privacy and security. This was not our focus, but we inevitably touched on
it. Participants discussed how the concepts could work for managing privacy and
security, both on their devices and in the cloud. Their attitudes varied. In general,
they perceived the concepts as acceptable if they came from trusted brands, were
officially part of the operating system, or were looking at data on devices more
than on cloud platforms (possibly because cloud platforms are “curated through
use” [315]). But often participants noted how keeping decisions are more delicate
and consequential when it comes to privacy. Nudges, reminders, and prospective
actions could prevent unwanted issues or “leaks” of sensitive data.
These results resonate with the public’s desire for more control over data [176]
in the face of recent data scandals [47, 107]. The advent of the cloud has imposed
a centralized data management model where a few corporations (Amazon, Apple,
Google, Facebook, Microsoft) aggregate the large bulk of people’s data. But as
Mortier et al. argue [198], this approach is “fundamentally flawed” and as the im-
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portance of digital data continues to grow, it faces increased scrutiny. We argue
that a contextual and user-driven approach to keeping decisions in the cloud can be
a concrete step in protecting privacy. In particular, our ideas around safeguarding
and rethinking keeping decisions can be extended to a privacy-oriented mindset
to provide more control to users. There is an opportunity for future work to target similar ideas exclusively around data privacy management and better explore
people’s attitudes. This approach would fall in line with recent work on “design
workbooks” for privacy [312]. Another possibility in this domain is to study how to
use similar concepts for data created about people (e.g., advertising data). Opportunities include allowing users to create temporary advertising profiles or review
and discard any tracking data that companies have on them.

7.7.6

Reflecting on the broader impact of our work

Finally, we reflect on the broader impact of our work for individuals and society [125]. On one side, we hope to inspire positive change in the space of data
management and selection, pushing towards a nuanced approach and truly usercentred designs. At the same time, we see how some of the concepts we propose
might lead to unintended consequences and be abused to further centralize data
management and restrict users’ freedom. For example, Temporary Folder and Temporary App could be used to restrict users’ access to their own cloud-stored data,
imposing a subscription model to items that they perceive as their own. Indeed, we
see this trend already emerging in several software applications, as P11 lamented
when discussing her use of the Adobe Creative suite. Business needs drive these
decisions, yet, this approach may contribute to eroding people’s sense of ownership and agency in relation to their data. This, in turn, feeds their general distrust for technology. We argue for an alternative, de-centralized data management
model, where users’ control is key, privacy comes first, and management actions
are context-based. New regulations such as the European Union’s GDPR (General
Data Protection Regulation) provide a first step towards more ethical practices in
the space of personal data, but regulatory efforts need to be complemented by design changes. It is up to us, as researchers and designers, to ensure that the needs
we discuss around personal data are met and that people’s boundaries are respected.
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7.8

Limitations

Some limitations in our study point to additional future work. First, while our sample is meant to be generative and varied in terms of occupations and data management styles, participants had a predominantly Western background. This limitation
is an opportunity for future work to focus on participants from different cultures,
to see if and how attitudes change. We also did not screen participants for more
general attitudes around decision making or psychological traits, because finding
correlational links was not the goal of this study. But there might be individual
differences in risk aversion and risk seeking that inform people’s attitudes in deciding what data to keep or discard. A previous study by Massey et al. [187] links
personality traits to differences in file management behaviors. Similar efforts along
this line can complement our work.

7.9

Summary and conclusion

Drawing on previous work on personal data management, we created five concepts
to explore a design space around keeping and discarding decisions. By probing
different design dimensions, we elicited contrasting attitudes about the role of technology in supporting decisions, finding a common ground in the need for nuanced
and contextual support. Our work in this chapter opens possibilities for new tools
that, with proper safeguards, have the potential to help users better select what
personal data to keep or discard. We see this as a critical step in addressing our
post-cloud world that is overflowing with data.
In the next chapter, we will explore how to include ideas and implications from
this study into a cohesive, centralized system, with a focus on personalization.
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Chapter 8

Study 4
Evaluating a Personalized Approach to
Personal Data Curation
In this final research chapter1 , we build upon the results of all previous chapters.
We use the insights on preservation tendencies (Chapter 4), the five curation behavioral styles (Chapter 6), the taxonomy of decluttering criteria (Chapter 5), and the
insights on selecting data (Chapter 7) to build Data Dashboard, a cohesive, personalized system that combines different design ideas from across the dissertation. We
then use a prototype of the system to explore how this approach can support people’s curation behaviors. Our results are promising and provide support for much
of the work that came before, but they also leave space open for future work in this
area.

8.1

Introduction

Throughout the dissertation, we have shown how deciding what personal data to
keep or discard can be difficult. Selecting what to keep is a contextual choice and
data management tools often offer poor support for this practice, making personal
1 Published in Vitale, Chen, Odom, and McGrenere. (2020) Data Dashboard: Exploring Centralization and Customization in Personal Data Curation. Proceedings of the 2020 Conference on
Designing Interactive Systems (DIS ’20) [292]
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data curation a challenging process. In this chapter, we focus on what we think
are the two most pressing challenges that complicate user practices and possible
design efforts that might mitigate them.
The first challenge for personal data curation is the growing number of devices
and cloud platforms that people use [288]. The distributed, often fragmented nature
of personal data undermines awareness of ownership, making curation even more
difficult: it becomes hard to curate data if you do not know what you have [213].
One approach to address this issue is centralization, which we define as providing
an overview of data from different places in a single central tool for increasing
awareness of what a user owns [213, 215]. Our work asks the following questions:
Can centralization help people decide what personal data to keep or discard? If
so, how should we approach the design of centralized tools? With cloud platforms
such as Google Drive and Dropbox moving towards centralization by encouraging
users to “sync” all their data to the cloud as a backup, investigating this question
can produce insights that will help us understand the consequences of a similar
approach.
The second challenge for building curation tools is the subjective nature of personal data management and curation [22, 219]. It is difficult to create a solution
that can satisfy different types of users who have different management styles and
curation approaches [150]. Our work in previous chapters details the subjective
nature of keeping and discarding decisions. A common design approach to deal
with individual differences is to turn to personalization or customization–the ability to tailor a system to specific users’ needs and characteristics. From this comes
our second set of research questions: Given the personal and subjective nature of
data curation, can customization help? How desirable is a personalized approach
to data curation? And, what are the aspects that make it more or less desirable?
To answer these questions, we designed Data Dashboard, a centralized and
customizable system for curating personal data. We evaluated an interactive prototype of Data Dashboard with 18 participants who had different approaches to
data curation, asking them to go through five potential use scenarios. Drawing
on previous work around digital data, we use the concept of data boundaries (the
idea of conceptual lines that prescribe where to store personal data and how) to
understand participants’ reactions to centralization and customization. We show
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that centralization blurs boundaries and introduces a dilemma around privacy and
security, requiring explicit safety guarantees. Customization, on the other hand, is
easier to accept because it upholds boundaries. We discuss what these results mean
for future data curation tools.
In this chapter, we make three contributions: 1) we provide additional empirical evidence for the role of data boundaries in personal data curation and use it
to understand participants’ reactions to design choices–specifically, we show reactions to centralization and customization; 2) we offer an approach to address
key challenges in data curation by designing a unified tool with personalized functions; and 3) we outline design and research directions for future data curation
tools focused on integrating data boundaries into design, rethinking the language
of personal data, and envisioning a post-cloud future.

8.2

Related work

The related work we discuss in this section falls into three main areas: (i) previous
PIM

system studies; (ii) data boundaries; (iii) personalization and customization.

Additional related work appears in the prototype description.

8.2.1

Previous PIM system studies

Several PIM studies propose and evaluate new tools for managing data. For example, some systems focus on management and retrieval of documents [69, 79, 82, 90]
or files and folders on desktop computers [29, 143]. Others explore how to manage and curate photos [32, 208, 245, 320], contacts [30], or emails [19]. A related
strand of work explores automation in the context of task management [119] or
cloud file systems [34], showing that it can help people in their management tasks.
However, attitudes towards automation for data curation show individual variation,
with some people opposing automation (as we show in Chapter 7).
The majority of past design work in PIM takes a quantitative approach for evaluating prototypes, using lab experiments or usage log analysis in field deployments.
These studies largely look at time on task and similar metrics for measuring success. A few studies, instead, use a more qualitative approach, focused on teasing
out participants’ attitudes. In our work, we use a qualitative approach in line with
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Research through Design [317] and reframe design artifacts in Chapter 7 and Chapter 8 as tools to understand broader aspects of data curation. This approach falls
in line with past work on digital data that uses systems to prompt discussion with
participants [111, 112, 212, 232]. Below, I expand on my methodological approach
throughout the dissertation.

8.2.2

Data boundaries

Past work points to the idea of data boundaries as a key lens to understand data curation. At a high level, we define data boundaries as conceptual lines that prescribe
where to store personal data and how. Boundaries appear in studies on data management [219, 288, 301], collaboration [293, 295], communication [49, 51, 207],
privacy [2, 15, 225, 231], and personal possessions (both physical [17, 58, 77, 270]
and digital [154, 166, 211, 299]). We can argue that data management and curation are essentially about establishing and negotiating boundaries. This process
has roots in cognitive models of how the human mind works: to make sense of
a continuous world, people build categories and “draw mental boundaries around
them” [219].
Research on digital data often looks at the contrast between physical and digital
possessions, exploring the boundary between the two domains [108, 111, 140, 149,
153, 211, 215, 224]. The notion of boundaries runs throughout studies on physical
possessions, helping us understand how people might experience them. For example, people might use boundaries to mark the unique character of their spaces [77],
give meaning to clutter [270], and establish what belongs in their home [58]. These
are all practices that help in building an identity [17]. Boundaries also exist in the
digital world. Sometimes they are explicit, as is the case when people use folders
to create structure in their data [301] or when they build collections with clear criteria for what goes in and what does not [299]. But more often data boundaries are
implicit. They are influenced by tools and applications [19, 166, 288, 293], work
and personal life [49, 51], group and family relationships [154, 207, 288, 296],
activities [295], and context (Chapter 7). A key boundary to understand participants’ reactions to centralization is the one around privacy. Previous studies argue
that privacy management is at its essence about negotiating personal boundaries
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between the public sphere and the private sphere [2, 225, 231]. Privacy boundaries
are “permeable” and “murky” with context playing a key role in defining and shaping them [2]. They are subjective and dynamic, evolving over time [15, 225, 231].
Our work provides additional evidence for how boundaries drive personal data
curation and shows how to use the concept to understand reactions to centralization
and customization. We did not have in mind the concept of boundaries when we
designed Data Dashboard or the study, but we identified it in the analysis and then
traced it back to past work.

8.2.3

Personalization and customization

Broadly speaking, personalization is about creating a system that is adapted to
the user’s individual preferences and characteristics [12, 36, 119, 190, 193, 269].
There is no standard definition of personalization, but previous work highlights
different levels of user involvement [36, 190, 193, 269]. In purely “adaptive”
system-controlled personalization, the system does not directly involve users when
deciding how to change the content, interface, or functionality [269]. Systemcontrolled personalization is largely implicit. Customization, by contrast, is the
term used for user-controlled personalization, also sometimes referred to as “adaptable”: the user is responsible for changing the system through explicit actions. A
middle ground approach involves mixed-initiative systems, where personalization
is system-initiated but needs to be “approved” by the user [46, 121, 134].
Regardless of level of user involvement, personalized changes in the system
can take place at different levels: user interface (layout), content, and functionality. Changes in the user interface include, for example, changing colors, fonts,
backgrounds, visible buttons, and so on. These changes are largely concerned
with aesthetics [314]. Changes in content are relevant in information-centric systems: they involve showing or hiding specific content based on different user
needs. For example, social network feeds show different content to different
users [190, 269]. Finally, changes in functionality are about changing how the
system works [119, 314]. For example, creating macros in spreadsheets, extending
browser functionality with extensions, or changing system settings. This approach
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is often labeled “advanced customization or personalization” [119]. In this study
we focus on content and functionality changes.
Personalization can help users complete tasks and provide benefits if done
well [46, 92, 106], but there are factors that influence and limit its benefits. In
general, users seem to prefer mixed-initiative interfaces over purely adaptable interfaces [46], and adaptable interfaces over purely adaptive interfaces [193]. But
the time and knowledge required for enacting customization often prevents people from enjoying its benefits [174]. Individual differences [193] and factors such
as exposure, awareness, and social influence also determine whether users will
customize or not [12, 92]. Several PIM studies have looked at automating information organization, with past work [121] (and Chapter 7) providing a more detailed overview of related work in the area. However, only a few studies have
looked explicitly at personalization or customization mechanisms for data management [119] and curation [208, 245], suggesting that this is a promising but
unexplored approach.

8.3

The Data Dashboard prototype

We designed Data Dashboard to address the two key challenges of personal data
curation outlined in the introduction: the fragmented nature of data across devices
and the subjective nature of curation.

8.3.1

Overview of the prototype

Data Dashboard is a centralized system that provides an aggregated overview of
data stored on different devices and cloud platforms (e.g., Dropbox, Google Drive,
iCloud). The system provides an overview of data and a set of customizable filters
for curating data. There are four sections: Activity, Explore Your Data, Quick
Actions, Settings.2
2 The

prototype is online at https://datadashboard.github.io. It works on all desktop browsers, but
has some bugs in Safari. Chrome is the best browser to use it. The prototype is not optimized for
mobile devices. We note that the prototype is only an illustration of possible functions: it does not
connect to any device or cloud platform. A video walkthrough of the prototype is available in the
supplementary materials to the thesis.
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Figure 8.1: Activity shows an overview of recent data.

Activity (Figure 8.1) provides an overview of recent data (Google Drive, Dropbox, and macOS provide similar views of recent files). For example, for a given
day, it shows documents that users have created or edited, photos and screenshots
they have taken, apps they have installed, and so on. Users can filter their activity
by time (today, this week, this month, all time, custom period). Activity also has
a section aggregating data shared with other people on collaborative services (e.g.,
Dropbox, Slack), grouped by the person it was shared with.
Explore Your Data (Figure 8.2) shows an overview of all data users have on
different devices and platforms, grouped by type of data (e.g., photos, emails, text
documents, videos, and so on)3 . Users can sort or hide the different data types
3 The complete list of data types we considered is visible in Explore Your Data after clicking the
“Sort or hide the types of data you see” button. It includes: photos, screenshots, emails, text documents, presentations, spreadsheets, videos, audio, folders, contacts, applications, messages, cache
and logs, bookmarks, ebooks, tracking data, browser history, passwords, notes and reminders, games.
This is a comprehensive but not exhaustive list of types, meant to be a starting point in our exploration. Future work could extend our approach to a wider range of types (e.g., unintentionally digital
traces collected by technology, such as the time spent on a device, clicks, queries.)
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Figure 8.2: Explore Your Data shows an overview of all data from different
devices and cloud platforms. Users can use filters to see different categories of data for each data type.

displayed. They can also filter what the system shows them, choosing a filter on
the left: “Data I could get rid of,” “Data I could organize,” “Private information,”
“Data to back up or sync.” Users can customize how the sidebar filters work in the
Settings section.
Quick Actions (Figure 8.3) provides a list of recommended actions for different data items. For example, the system suggests duplicates to remove, documents
to rename, or message conversations to archive. As in Explore Your Data, users
can filter the recommendations using the sidebar filters (same options as in Explore
Your Data). Users can also apply automatically suggested actions to similar items
in the future.
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Figure 8.3: Quick Actions has recommendations for curating.

In Settings (Figure 8.4), users can customize how the filters for Explore Your
Data and Quick Actions work. They can choose to include or exclude some default
combinations of data types and criteria or create new, custom combinations with
different data types and criteria. They can also add or remove connected devices
and cloud accounts.

8.3.2

Rationale and design

Data Dashboard combines insights from the previous chapters and past work on
personal data management [166, 213], while also combining and extending key
aspects of existing commercial and research products. The visual design of the
system takes direct inspiration from Google Dashboard 4 and similar privacy dash4 https://myaccount.google.com/dashboard
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Figure 8.4: The Settings page allows user to customize data filters.

boards. We wanted Data Dashboard to feel similar to existing systems so that
participants could better imagine when to use it. Still, we had to build our own system rather than use existing tools to explore how centralization and customization
could work together.
The idea of a centralized tool
One key inspiration for Data Dashboard is work by Odom et al. [213, 215] on
cloud platforms and the need for more awareness of digital possessions. Odom
et al. suggest creating a “visual inventory” of digital possessions, “a place where
‘my stuff’ can be found, even if, in technical terms, it exists on many different
servers, or many applications.” A place to quickly go back where data is originally
stored, preserving its context. Lindley et al. [166] explored a similar premise and

139

found that a centralized web archive might not be the ideal solution for users. Data
Dashboard, however, is not a central archive in itself, as it only provides links to
data stored on different devices and cloud platforms but does not copy any data
from other storing places (technically, Data Dashboard would rely on metadata
provided by devices and cloud platforms to provide an aggregated overview of
different items). Instead, we see it as a tool to curate a “meaningful archive” [183]
within the systems that people already use to store and manage data.
Some past PIM projects also explore the idea of centralizing data [69, 82, 143].
But they focus on retrieving data, rather than on helping users curate and decide
what to keep or discard. Cloud platforms such as Google Drive and Dropbox, instead, are moving towards centralization by encouraging users to “sync” all the
data from their computers to the cloud as a backup [81, 246]. There are also commercial products that offer to unify separate cloud accounts, such as odrive 5 and
MultCloud 6 , but Data Dashboard has specific novel functions for curation (e.g.,
the data filters and their customization).
Providing a dashboard
A key function of Data Dashboard is to provide an overview of personal data by
showing numbers for different categories (e.g., 49 blurry photos). Two systems inspired this approach: 1) Cardinal [75], a research tool that scans a user’s computer
and provides counts for the total number of files, breaking down numbers for some
popular file types (e.g., photos). We wanted to use the same approach in a useroriented system. 2) Google Dashboard 7 , a privacy-oriented page that provides an
overview of data created and stored in different Google products [233]. (Yahoo 8
also provides a similar interface for managing privacy settings, and work on GDPR
compliance also proposes the idea of a dashboard [241].) Data Dashboard is similar
to these tools (Figure 8.5) but extends to entire personal data “ecosystems” [288],
bringing together data from more than a single device or platform.
5 https://www.odrive.com
6 https://www.multcloud.com
7 https://myaccount.google.com/dashboard
8 https://yahoo.mydashboard.oath.com
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Figure 8.5: The design of Data Dashboard took inspiration from similar dashboards available online. Here, two key examples: Google Dashboard
(top) and Yahoo’s privacy dashboard (bottom).
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Our work in Chapter 7 and “cleaning” tools such as Files 9 , Clean My Mac
10 ,

and CCleaner 11 inspired the automatic recommendations for data to curate in

Quick Actions. However, we wanted Data Dashboard to be more comprehensive
than similar tools. Most of these tools focus on freeing up space by finding items
to discard based on their size. Instead, we wanted to help users go beyond freeing
up space, and provide them with a broader set of actions.

8.3.3

Personalization mechanisms

Data Dashboard provides both content customization and functional customization.
In terms of content, users can customize what data types they see and their order in
Explore Your Data (Figure 8.6). In terms of functions, users can personalize how
the sidebar filters in Explore Your Data and Quick Actions work, deciding what
the system will show (Figure 8.4). This approach is in line with work on advanced
personalization for task management [119]. The four options in the sidebar filters
(“Data I could get rid of,” “Data I could organize,” “Private information,” “Data to
back up or sync”) reflect different behavioral patterns and goals that people might
refer to when curating data, based on the insights we presented in previous chapters. In particular, “Data I could get rid of” embodies user goals from three key
behavioral styles presented in Chapter 6: Overwhelmed, Purger, Frugal. “Data I
could organize” is largely targeted towards the Overwhelmed behavioral style, but
is also consistent with the cross-cutting need for re-organizing data in other behavioral styles (Casual, Purger, Frugal, Collector). “Private information” is targeted at
the cross-behavioral style goal of protecting data privacy, with some styles (Collector, Purger) reflecting a stronger concern compared to others (Casual, Frugal).
Finally, “Data to back up or sync” is largely targeted at the Collector behavioral
style, with this pattern reflecting a common worry of losing data.
In addition, the three main sections (Activity, Explore Your Data, Quick Actions) target different types of users and data curation practices. Activity and Explore Your Data target users who prefer to explore data and decide on their own
what to do by inspecting items individually. By contrast, Quick Actions targets
9 https://files.google.com
10 https://cleanmymac.com
11 https://www.ccleaner.com
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Figure 8.6: The panel to sort or hide data types in Explore Your Data.

users who welcome automation and expect an intelligent system to do things for
them. Chapter 7 details these contrasting attitudes to data curation.

8.3.4

Implementation

We built the prototype using AngularJS and Bootstrap 3. We designed Data Dashboard as a system that would be quick to turn into a horizontal prototype, that
is, a prototype where only top-level functions are implemented to communicate
the scope of the whole system [21]. All data in the prototype is “fake.” This is a
limitation of our approach, as previous work shows the value of using real participants’ data [111, 112]. However, we took this approach because it was easier and
faster to prototype. Not using participants’ real data also prevented any potential
infringement of participants’ privacy and gave all participants the same experience
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when going through the scenarios. The recommendations in Quick Actions, the
data types in Explore Your Data, and number of items for each type are meant to
illustrate the scope of the prototype and largely reflect common distributions of
personal collections [73, 76].

8.4

Methodology

We evaluated Data Dashboard in a user study with 18 participants.

In the

evaluation, we collected participants’ opinions about the Data Dashboard interface, the key ideas behind it, and possible scenarios of use. This specific approach to Research through Design aims to use design artifacts and devices to
frame and open prospective conversations with participants, as previous studies
show [111, 212, 232, 317]. This approach also explains the relatively minimal,
under-designed nature of the prototype: we did not design a costly, high-fidelity
prototype because our goal was a design exploration focused on eliciting participants’ reactions. Before recruiting participants we ran four pilot sessions to check
for potential issues in our study procedures. We also gathered feedback from other
lab members throughout the iterative development of the prototype, going from
paper sketches to the interactive version we implemented.

8.4.1

Participants

We recruited participants using a university recruiting list and Craigslist in Vancouver, Canada. We used a screening survey where we asked participants their
age, occupation, main approach to data curation (based on Chapter 6), and what
devices, cloud platforms, and specific data management tools they used (all from a
list of popular options). (The screening survey is available in Appendix D.)
We received 169 responses to the screening survey. We contacted 38 respondents, 25 agreed to take part in the study, and we ran the study with 18 of them (12
women, 6 men, aged 18-64, median age: 33). Participants’ occupations included
accountant, background actor, business contractor, childcare provider, facilitator,
occupational therapist, sales associate, social worker, student, postdoc, research
manager, retired. Most participants self-reported having average technical skills
and no experience in computer science or programming. We recruited for a var144

ied set of participants who used different data curation tools, cloud platforms, and
devices. Some participants did not use any tools or cloud platforms. Participants
also varied in their approach to curation, based on the behavioral styles we introduced in Chapter 6. We had a roughly equal distribution of participants across four
behavioral styles: overwhelmed, collector, purger, casual. Only one participant
displayed a frugal approach for some of their data, but we have already discussed
in Chapter 6 how we expected a much smaller number of participants with a frugal
approach.

8.4.2

Procedure and data collection

The data collection took place over one month, with each study session lasting between 41 and 97 minutes (average: 64 minutes). Whenever possible, two members
of the research team conducted the session. One member would ask questions,
while the other would take verbatim notes on a computer. In cases where only one
member of the team conducted the interview, we later transcribed the audio recording. After each interview, we compiled a debrief document noting key answers and
preliminary insights from the interview.
The session had three parts (each lasting 10-30 minutes): an introductory interview, an exploration and scenario-based interaction with the prototype, a debriefing interview with two, short card-sorting activities. Participants interacted with
the prototype using the Chrome browser on a MacBook Air 13” laptop. We audio
recorded the whole session and screen-recorded the interaction with the prototype.
Participants received $20 in compensation at the end of the session.
Introductory interview
In the first part of the session, we had an introductory interview focused on data
curation practices. First we asked participants to remember and tell us about the
last time they decluttered some of their data, by reviewing, organizing, discarding,
archiving, or moving several items at once. Then we asked participants to show
us examples of how they organized their data on their devices, how they decided
what to keep or discard, and how they used specific tools –if any– to manage or
curate their data (e.g., settings panels to clean up data, Google Dashboard, and so
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on, depending on what they mentioned using in the screening survey and in their
interview answers).
Use scenarios
In the second part of the session, we introduced participants to the prototype and
let them familiarize with it for a few minutes, prompting them to think aloud. After this initial exploration, we asked participants to go through five possible use
scenarios with the prototype, once again asking them to think out loud.
Scenario 1 (space running out): “The space on your computer is running out.
You want to find some data to discard. You are not sure where to start looking, but
you know that you do not care too much about old documents.”
Scenario 2 (taking time for regular data curation): “It is a rainy day. You have
set aside some time for doing a regular cleanup of your devices. You usually do
this every few months. You want to review your data and make sure everything is
organized in your preferred way.”
Scenario 3 (exploring recent data): “You have 5 to 10 minutes in between
meetings and errands. You decide to take a look at your recent data to get a sense
of anything that needs taking care of.”
Scenario 4 (protecting data privacy): “You have heard about a data leak from a
popular cloud storage platform that exposed personal information to hackers. You
want to review what data you have stored on different cloud platforms that might
pose a privacy risk in the future.”
Scenario 5 (safeguarding data across devices and platforms): “You are in the
process of buying a new computer. You want to make sure that you are not going
to lose any of the data you care about. You want to ensure that everything is stored
in more than one place.”
The scenarios are based on insights from previous chapters: they consider both
different decluttering strategies (Chapter 5) and different behavioral styles in personal data curation (Chapter 6). We wanted to explore how different functions in
the prototype can support different scenarios and user attitudes.
More specifically, Scenario 1 (space running out) closely resembles the context behind triggered decluttering (Chapter 5) and reflects goals common to all
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behavioral styles, with the Overwhelmed style being a stronger target than others
(Chapter 6). Scenario 2 (regular data curation) ties back to routine decluttering
(Chapter 5) and largely reflects goals from the Purger or Frugal behavioral style
(Chapter 6). Scenario 3 (exploring recent data) is mainly targeted towards the
Casual behavioral style (Chapter 6) and also reflects a serendipitous decluttering
strategy (Chapter 5). Scenario 4 (protecting data privacy), focuses on the crossbehavioral style goal of protecting data privacy. Finally, Scenario 5 (safeguarding
data across devices and platforms) reflects one of key goals for the Collector behavioral style (Chapter 6).
The scenarios were also key for helping participants focus on concrete implications of use rather than low-level details of the prototype (e.g., colors, fonts,
buttons). Some of the scenarios mention specific devices to feel concrete, but we
encouraged participants to see them as a starting point to discuss additional devices
and broader situations or practices.
Debriefing interview
The third and final part of the session was a debriefing interview about the prototype. Here, we asked participants about their impressions of the system, clarifications about what they did during the scenarios, and then walked through all the
four sections of the prototype one by one to gather more specific feedback. Finally, we had a short card-sorting activity where we asked participants to rank the
five scenarios by how relevant they were to their own experience. We prompted
participants to explain their ranking, elaborate on the match between different data
management methods or tools (prototype included) and scenarios, and consider in
what other situations they could imagine using the prototype. Participants used
small paper printouts of the scenarios. We also asked participants to rank the usefulness of the prototype against any tools they mentioned using in the screening
survey or during the interview. Once again, participants used paper printouts with
the names of the different tools we had prepared for them.
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8.4.3

Data analysis

We used thematic analysis to develop recurring themes and patterns from the sessions [61]. The analysis process took place over three weeks. Two members of
the team conducted the bulk of the analysis and later discussed the themes with
the other team members. We started with a round of open-coding, where the two
team members coded data in parallel, seeing each other’s codes. Then, we grouped
codes into categories, and started thinking about themes and patterns across categories. Codes and categories were both inductive and deductive (based on insights
from previous studies, and specific aspects or sections of the prototype). We discussed several iterations of possible themes, choosing specific areas of the analysis
to focus on. After identifying the key lens of the analysis (centred around data
boundaries and their effect on centralization and customization), we went back to
the transcripts and re-coded them using only the three themes to check for consistency and make sure that our interpretation fully captured participants’ experience.

8.5

Results

In this section, we first provide some context for the analysis, based on general
reactions to the prototype and how participants used it during the scenarios (Figure 8.7) (more details are also available in Appendix A). Then, we delve into the
more interpretive part of the analysis. As in Chapter 7, the themes we present are
a high-level cross-cutting synthesis of individual behaviors.

8.5.1

Contextualising information

Overall impressions
Most participants (12/18) had positive reactions to Data Dashboard, saying that it
was “smart,” “intuitive”, “user-friendly,” and would save their time. Several participants also preferred the system when comparing it to other tools they had used
in the past. Some participants went so far as asking if they could have the system
installed on their devices after the interview.
But not all participants liked Data Dashboard. Participants who had mixed
reactions (3) thought that some aspects of the system were unclear or unnecessary.
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Participants who had negative reactions (3), instead, said they did not need or want
a tool such as Data Dashboard. Some opposed the idea of a system deciding how
to curate data. Others did not see data management as something worth their time.
These negative reactions are in line with previous work and support the idea that
different users have different needs when it comes to personal data curation and
technology support, as shown in previous chapters. Although it was not our goal
to find precise correlations among behavioral styles and reactions (the number of
participants would not allow it in any case), we noticed that the negative reactions
came most commonly from participants who took a collector approach–this result
aligns with our expectations but future studies with a bigger sample can better
explore this possible link.
Many participants also reflected on the potential privacy risks of centralizing
personal data; we expand on this theme later.
Interaction during the scenarios
Explore Your Data (EYD) and Quick Actions (QA) were the most commonly used
sections of the prototype during the scenarios. Participants thought that EYD
worked best for occasional, more focused scenarios and they used it more frequently in scenario 1 (getting rid of data to free up space) and scenario 2 (regular
scheduled cleanup). Instead, QA would work better for short management episodes
(scenario 3, taking a few minutes to look at recent data). Most participants also
used Activity at some point, but several participants found it underwhelming and
too similar to EYD. Several participants did not notice the Shared Data section or
found it confusing. Some thought it would help them when working on collaborative projects.
All participants except one discovered the sidebar filters in EYD and QA on
their own, and most used them at some point during the scenarios. Most participants found the filters comprehensive and the idea of automatically clustering data
helpful. Participants did not have clear requirements for how the system should
generate suggestions or cluster data, but they expected “a machine learning algorithm that gets better with time.” (P18) Most participants also discovered the
Settings page and its link to the sidebar filters but several found it initially confus-
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Figure 8.7: An overview of participants’ varied reactions to the Data Dashboard prototype. For each participant, we report the general reaction
(negative, more negative than positive, mixed, more positive than negative, positive), the most used sections during the scenarios we provided
in the evaluation, and the participant’s ranking of the most and least
useful scenario. As noted earlier, we excluded P1 and P2 from the final
analysis.
ing. In general, participants thought that it was a good idea to customize the filters
because it gave them more control; we expand on this theme later.
Scenario 4 (protecting privacy) and scenario 5 (safeguarding data across devices) presented some challenges for participants. When going through the privacy
scenario, several participants scanned the system looking for a way to see all data
stored in a specific platform (e.g., iCloud, Dropbox, Google Drive) or device (e.g.,
“my drive”). Often they could not find what they were looking for. But many participants also said that they prefer not to store private data on the cloud in the first
place and that this scenario did not apply to them. In the last scenario, instead,
many participants did not use the system and talked about their actual process of
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backing up files either manually or through completely automatic solutions (e.g.,
Apple’s Time Machine, Google Photos). Some participants also had trouble with
the language used by the system, saying they had no idea what “syncing” data
meant: “I know what data to back up means but I don’t know what sync means. I
don’t know if they’re related, maybe.” (P16) Overall, these reactions highlight how
participants saw privacy protection and backing up as processes that either take
place outside of specific tools or require little input from them. Participants most
commonly ranked these last two scenarios as the least relevant.
These results show how our scenario-based evaluation prompted participants to
explore Data Dashboard and think about its design. They also suggest that our approach of combining centralization and customization has potential. To unpack its
value and potential risks we now turn to the more interpretive part of the analysis,
where we delve into key aspects of curation, centralization, and customization.

8.5.2

Data boundaries drive curation

When we analyzed participants’ reactions and interactions with the prototype, one
idea became key: data boundaries drive curation. We have briefly discussed what
we mean by data boundaries in the related work section. Boundaries are an abstract
concept that can explain how people enact curation of their personal data ecosystems [288]. People create implicit or explicit boundaries that separate different
categories of information. These boundaries help people build their identity, mark
areas of their life, and feel in control. For some people boundaries will be more
malleable, for others more strict [219]. Here, we provide additional evidence for
how people create, protect, and think of data boundaries. Then, we use the concept
of boundaries to explain reactions to centralization and customization.
Creating boundaries
All participants implicitly talked about creating boundaries when deciding what
data to store and where to store it. They mentioned rules for what goes where and
why: “I have my data compartmentalized: [the] tablet is just for reading. [The]
laptop is for everything school related.” (P9). A key boundary was between private and non-private information, with participants choosing where to store private
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information based on perceived privacy risks of different devices and cloud platforms: “I don’t put any of my private stuff on the computer at all.” (P6) Boundaries
also helped participants distinguish and prioritize data based on importance. For
example, P10 (who showed a mix of collector, purger, and overwhelmed behaviors)
discussed moving data from one cloud platform to another to separate expendable
and essential information: “I started moving everything [from Box] to Dropbox,
because I think it’s just more reliable. So everything that I can’t afford to lose, I’ll
stick it in Dropbox.”
Breaking boundaries
The centralized approach of Data Dashboard prompted participants to reflect on
how they often experienced breaking points in boundaries. Sometimes this was
intentional. Reflecting on the suggestions and filters for “private information” in
the prototype, one participant explained that sometimes it is necessary to break a
boundary around privacy because of convenience: “[Having passport information
on Google Drive is] not ideal. But because of frequent travel, I am somewhere
and I am filling in a form and I need that information, [so] either through Google
Drive or email I was able to locate it. So, it’s more about ease of access to the
information that saves my time than anything else. Ideally, I don’t like to have
important documents even on email, but I haven’t learned if there is a secure system
to store them online.” (P17)
In other cases, boundaries were broken unintentionally. For example, after
looking at the different types of data in the prototype, one participant explained the
frustration of having WhatsApp photos from other people go automatically into
their own. In this case, the boundary between “my stuff” and “other people’s stuff”
was broken without permission: “I tried to figure out on this device as well, some
sort of filter where you can manage whether your images from WhatsApp, a group
message thread, are automatically going into your photos or not. It drives me
crazy that WhatsApp’s photos go automatically into your photos. If there’s more of
a filtering system to help you organize that, that would be great.” (P12)
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Boundaries influence trust
The need to create and protect boundaries also influenced participants’ trust in the
systems and platforms to manage data. Several participants asked whether Data
Dashboard would be associated with a specific brand because they tended to trust
specific brands with their data: “Google has created credibility over years so I
know I have trust in that system. [I use] Mac because of [its] ease of use but I
don’t always store all my important info over there. They have a very tricky way.
If you’re locked out, only they can unlock it. I don’t like that dependency on a third
party.” (P15) Others, instead, referred to the boundary between physical hardware
and cloud platforms to explain their practices, wondering whether Data Dashboard
would be largely local or cloud-based: “You can’t trust anything that you don’t
have control on the hardware. Especially with smartphones, because most of it
goes through the cloud, you can’t really trust anything,” said P4, who had both a
collector and frugal approach with data.
Boundaries lead to fragmentation
A consequence of creating boundaries is data fragmentation [143, 288]. This is
one of the key challenges for data curation in an age of multiple devices and cloud
platforms. When considering data boundaries, participants explained how fragmentation could be beneficial: “I am isolating my data more and more rather than
sharing it. The people who invented Facebook and all these platforms, they did
it with good intentions. The problem is these platforms are now abused [...] You
can’t really trust their intentions so you have to protect yourself by isolating your
data.” (P4) But it could also be costly, leading to confusion and frustration: “I’ve
started working for different organizations, you have data from different places and
sometimes it gets confusing. I have some things from my previous experiences and
now everything is getting mixed up.” (P3) From a design standpoint, we can ask
whether fragmentation is a problem to be solved and how to solve it if that is the
case. Next, we look at how centralization and customization intersect with data
boundaries.
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8.5.3

Centralization blurs data boundaries

Centralization is convenient
Participants saw something positive in centralizing data, with the different sections
of Data Dashboard providing avenues to reconcile data from different devices and
platforms: “I really like how it’s combining different sources of where these things
could be stored.” (P12) They thought that centralizing data provided some clear
benefits, like saving time: “This looks delightful. The most important criteria for
a service like this for me is the time benefit I get from it [...] I don’t mind giving
them access to all my data.” (P3) Or, making it easy to see everything in one place,
as was the case in Explore Your Data: “You see everything: your contacts, your
bookmarks. That’s really handy. I like that. It just feels very comprehensive.” (P10)
“It’s all different types of [accounts]. I like the way it’s set up. It’s quite clear, it
looks good. I can see everything at a glance.” (P16) They also hoped that the cards
for different types of data they saw in Data Dashboard could break the barriers
between different devices: “If it were to show me text messages, it would be good
for me because right now I have no way to see them from the computer.” (P11)
Convenience goes hand in hand with risks
However, data centralization introduced a dilemma. As much as it seemed convenient, it created additional risks: “If I have everything together, [the] ease of use is
high but [the potential risk for a] security breach is higher as well.” (P15) Especially when looking at Activity and Explore Your Data, most participants expressed
concerns that touched on how centralization blurs data boundaries: “Some people
like to collaborate in one place, one app, access [all] email accounts and whatever,
but that’s not my preferred way.” (P8) Based on these concerns, they wanted Data
Dashboard to respect the boundaries that they created by choosing specific storing
places for different types of data (a result consistent with past work [166]): “I already upload most of my files to Google Drive, Dropbox. I don’t feel that bothered.
But if this accesses even the files that I specify not to be [accessed for a specific
function], that would really bother me.” (P5, whose approach to curation was a
mix of collector and casual.)
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In particular, when considering privacy data boundaries, several participants
felt uneasy about Data Dashboard: “You already have questions about the security
of iCloud, Google Drive, etc. and that’s reduced when you go to third-party tools.
Especially when you see [that] the algorithm can see private information.” (P18)
Some participants imagined the negative consequences of having all data centralized in one system and wondered whether this is the right approach. For example,
after seeing a recommendation to review cloud documents containing passport or
credit numbers in Quick Actions, one participant wondered about the consequences
for privacy: “But there is a link to the file and it says what’s in the file, so what else
do I need as a thief? You just gave everything on a platter. It doesn’t make any
sense to me.” (P4)
These reactions resonate with the privacy-utility trade-off, a common notion across past work on smart energy systems [282], health data [48], location
data [52], and differential privacy [6] among others. In short, the privacy-utility
trade-off considers the tension users might experience with a program that uses
data about them to provide a potentially useful function (e.g., recommending what
movies to watch based on movies watched in the past).
Some participants also had issues with terms related to privacy in EYD, saying
they were unsure of what “tracking data” meant: “Tracking data.... what does it
include?.... Not totally sure.” (P12) We used these terms because they are common
in similar tools, but these reactions show the importance of language for building
trust in the system and building awareness of what private data users might have
stored on their devices.
Centralization requires guarantees
Because of the potential to blur and distort boundaries, participants expressed a
need for explicit guarantees around centralization: “I just want it to be secure [so
that] no one else can get into the system. I don’t know how... I have no idea how you
do it. How do you protect something like that?” asked P16, one of the participants
who felt overwhelmed with data. Participants wanted to make sure that the system would respect data boundaries and mitigate potential security risks: “It’s the
central point that commands all my accounts so it has to be highly secure.” (P7)
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Participants rationalized the potential adoption of Data Dashboard by referring to
the terms and conditions that the system would have and would need to strictly
apply (although there was no such thing in the prototype): “If I am using the system, the terms and conditions that are mandatory to be agreed upon, should not
include that your data has any potential of being shared by any third party for any
commercial use.” (P17) If the terms are clear and the system feels reliable, then
centralization becomes acceptable: “It depends on the privacy statement really. If
the agreement seems good enough and it seems a reliable service, I don’t mind using it and it going through my things.” (P3) If it is possible to reinforce a boundary
between local data and data in the cloud, then the worries disappear: “If this is an
online interface, I’d have problems with it. But if it was offline with no interaction
other than backing up, which I control, then I’m completely fine.” (P5) Once again,
these reactions highlighted the need for clear explanations around data curation,
with participants often blaming themselves for being “not techy”.
Even with potential issues mitigated, some participants wondered about the
feasibility of centralization. They reflected on the underlying conflict between their
expectations and business practices that impose borders around data: “My question
is, can you actually make it? And I’ll be the first guinea pig. The big giants, they
have big muscle and they compete. [...] I don’t know if it’s possible because of the
conflict of interest of these business things. [...] I am using Google Drive because
I have a Google account, iCloud [because I have] an Apple account. Does this
[system] need to be linked to a certain company or email account or something? If
this is like my online version of my external hard drive, yeah, I would like to have
everything consolidated under the one big, safe roof.” (P19) This conflict required
a broader guarantee, one that puts user needs above business needs: “If there is
such a magnificent creation down the road, it could be under the one roof, but also
secure and safe. That’s kind of my dream.” (P19)
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8.5.4

Customization upholds boundaries

Customization can make boundaries visible
Most participants had positive reactions to the customization options in Data Dashboard: “I like choices, so I’m all for it.” (P17) Some were confused by the link
between the sidebar filters and the Settings page, but in general they thought that
customizing was a good idea. For example, participants liked the option of sorting
and hiding data types in Explore Your Data because it helped them see the things
they wanted to prioritize: “I’m the sort of person who would limit what I see here.
I would keep photos, bookmarks [...] It’s also good that I can reorganize. Minimize what I see and prioritize what I see first.” (P9) Similarly, the option of sorting
through data using the personalized filters excited participants because it made it
easier to look at their data: “This is great to look at what’s old, what’s inactive,
unreachable, unused, these are really good,” said P12, who also described herself
as “a purger more than a saver, always looking for ways to free up space.” Together,
these options made personal boundaries more visible and tangible, and helped participants navigate different data curation scenarios: “Sometimes I need to see all
of the information, sometimes if I am running on short time, I wanna do a narrow
search, instead of always seeing everything.” (P17)
Customization allows users to manipulate boundaries
A consequence of perceiving boundaries as more visible was that participants also
felt they had more options for manipulating them. Several participants thought that
the default options in the system were “novel” and “comprehensive” enough to
meet their needs. Choosing what to include or not made them feel more in charge
of the system: “I have some kind of authority to make a selection of what I want.
This is my priority, I want to check duplicate documents. These options are good
because then I also have a sort of selection power.” (P15) But an additional positive
aspect was the option of creating your own filters through custom combinations in
Settings. While this function was confusing for some participants, they generally
saw it as a useful way of setting specific boundaries: “[It is] cool [that] you can
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make your own filters. I like that ’cause I can figure out what’s important to me,
my own criteria, I like the customization aspect.” (P18)
Customization reinforces control
One possible disadvantage of customization is the time required for it, as we mentioned in the related work section. When discussing the customization options in
Data Dashboard, and the Settings page in particular, participants reflected on the
time required for setting the filters as they preferred. Several participants imagined it would not take a lot of time because the system provided default options
to choose from: “I don’t think it would take that much time.” (P12) Others imagined it would take some planning on their part: “I think it might take me probably
a couple of hours to figure this out. I would plan it out before I actually use the
system.” (P10) But in the end they thought that investing time in customizing was
worth it: “I don’t mind investing the time if this was going to figure out the system,
I would get out a piece of paper and think of recent data to get rid of.” (P10). Taking the time to customize would lead to the system respecting their own priorities
and boundaries: “I think filters are always useful. I don’t mind [spending time customizing] because everyone has something different they’re looking for so it’s good
to have these filter so they have what’s most important to them.” (P3) Participants
perceived this trade-off between time and control as necessary to counterbalance
any potential risks coming from other aspects of the system. Feeling in control
made them feel safer: “When it comes to data, I am very cautious. So if I have the
settings set correctly, hopefully it acts accordingly.” (P19)
Overall, these positive reactions show that customization upholds data boundaries by making them more visible, allowing users to manipulate them, and reinforcing their control and involvement in data curation.

8.6

Discussion

Our results around centralization and customization show the importance of data
boundaries for curation. While the centralized nature of Data Dashboard had several advantages for curation, it also had the potential for blurring boundaries. Past
work on centralized personal archives [166] similarly found that storing personal
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data in a central place undermines the “different facets of the self,” ignoring differences between unremarkable and valuable content. Our study suggests that customization can offset the negative aspects of centralization and better help users
demarcate different types of content. Customization options, on the other hand,
tended to uphold participants’ boundaries. Combining the two approaches is a
promising design direction that can balance conflicting user needs. Below, we
reflect on some of the evaluation results and outline how to move forward in designing curation tools.

8.6.1

Reflecting on the feasibility of Data Dashboard

Before discussing potential directions inspired by our results, we address a key
question: as P19 wondered, is a system such as Data Dashboard feasible? Would
limiting its access to metadata be enough to make it viable? Would “the big giants,
with their big muscle” allow it? Probably not, because each of them is making
the same promise to users: enjoy simplicity by having all your data in one place!
Our place. Except, as a user you might end up with several places, competing with
each other [288]. At the moment, there is little benefit for cloud storage providers
to reduce fragmentation and provide data interoperability, but things might change
in the future. For example, Dropbox has recently started to allow its users to create,
open or edit Google Docs files from within the Dropbox interface (but without the
permission to move files off Google’s servers) [80]. In turn, Google Drive allows
users to edit Microsoft Word, Excel, and PowerPoint documents. In theory, these
are steps in the right direction, but similar “integrations” still rely on proprietary
formats and depend on the whims of a small set of companies. Is there another
way? Yes and there is a precedent: email standard protocols.
IMAP, SMTP, and POP3 email protocols allow users to access and manipulate
emails from a variety of clients, often leaving data on the original cloud server
where it is stored. Users can also aggregate multiple accounts into a single client,
easing the burden of fragmentation while still enforcing personal boundaries. Similar standards should apply to a much broader set of data types outside email. The
continued introduction of new email clients year after year also proves that standards do not limit commercial opportunities. Once access and basic actions be-
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come standardized, tool creators can focus on innovative functions that address
more interesting, unexplored user needs and make their product unique. Below, we
discuss some ideas for future developments.

8.6.2

Integrating data boundaries into design

An implication from our work is that filtering and sorting data into “chunks” based
on types or other automatic categorizations can be helpful. The examples in Data
Dashboard suggest that working on algorithms that can filter and recognize different types of information is a promising direction. While there are previous technical efforts along these lines [16, 64, 261], more work is necessary to address the
functional design of these mechanisms.
Current commercial products for storing and managing personal data also offer some form of support for enacting boundaries, but often in a basic way and
with limited scope. For example, cloud storage platforms such as Google Drive,
Dropbox, or OneDrive allow users to set sharing settings for documents. But this
type of boundary mechanism is often static, only possible at the level of individual
items, and tends to focus on privacy in the context of sharing data with other people. Instead, we have seen that data boundaries are dynamic and contextual, not
only about privacy, and most often involve broad mental categories. Similar mechanisms are also often inconsistent across services and require users to set similar
settings multiple times in different storing places. This limitation highlights the
potential value of a system such as Data Dashboard.
Another example of boundary mechanisms comes from email clients such as
Gmail, that allow users to automatically sort emails into different categories (e.g.,
social, promotions, updates) (Figure 8.8). This is a promising idea. However these
categories are pre-defined and users have little freedom in personalizing them.
Overall, we think that support for data boundaries could be more dynamic, expressive, and cohesive.
One possibility is to envision more granular mechanisms that integrate data
boundaries in their design and combine the key positive aspects of both centralization and customization. For example, we can imagine users being able to directly
review and manipulate boundaries at the level of individual items: they could be
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Figure 8.8: Gmail allows users to automatically sort emails into pre-defined
categories.

looking at a document containing their passport number, and choose how private,
important, or relevant they consider that type of information to be. Then, they
could set the boundary to be valid only for a certain amount of time and apply it
to similar items or just the single item, set it for one platform or multiple, all from
a central control point. An explicit boundary management mechanism could allow
users to better manage breaking points, defining whether a boundary can be broken and in which scenarios (e.g., “keep passport data off the cloud, unless I am
travelling”).
Another potential avenue for integrating boundaries into design is to think of
them as objects that users can share and exchange. The initial premise of exploring
customization was to see if it would help in the design of a system that can accommodate individual user needs. Our results show that this is possible. However,
while each person is different, there might be clusters of users who take a similar
approach to data curation. We can envision a way for users to adopt the boundaries
of other people, adapting them to suit their own needs. A system similar to Data
Dashboard could use a similar sharing infrastructure to provide more personalized
defaults based on user preferences. This could reduce the time required for setting
personal filters and make the system more appealing to those who are not willing
to invest time in customization [120]. Of course, it would be necessary to consider
how to create similar functions in a privacy-preserving way, so that they do not
break the boundaries they are trying to support.

8.6.3

Rethinking the language of personal data

Another key line of work emerging from our study is about rethinking the language
of personal data management and curation. Personal data curation has relevance
beyond practical actions such as deleting files, moving documents into folders, or
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uninstalling mobile applications to free up storage space. Those are concrete actions that need support. But the broader implications of curating data are about
control over personal information and the consequences of producing, storing, and
accessing data in platforms and devices that are part of a “surveillance” apparatus [319].
The language used to explain where personal data (from documents to location history) is stored and what happens to it is essential for understanding and
controlling its use. In our study, we saw that participants sometimes struggled
with some of the terms used in the system, such as “syncing data” or “tracking
data” and pointed to the importance of language and terms for building trust in
the system. These recurring reactions from a varied sample of “not techy” participants show how it is necessary to work on improving the language of everyday
user interfaces, especially in privacy and security-related scenarios. How can users
curate and control their personal data if they are not aware of what this category
might include and what common actions in everyday tools do? Past work shows
how language inconsistencies are common in popular operating systems for actions as simple as deleting data [113]. We argue that simplifying and unifying the
language of personal data is a necessary, basic way of supporting user needs. Doing so would be the first step to address the deeper issue of naming the processes
behind personal data in a way that makes people more aware of the mechanisms
behind its storage and handling. As Zuboff says in describing strategies for fighting surveillance capitalism, naming is the first step in “confronting and taming the
unprecedented.” [203]
To help navigate a looming data-driven society [86], privacy and data regulations are paramount [1, 265], but design practice has a role to play too. There is
an opportunity for future design initiatives to start addressing the underlying gap
in personal data literacy. This would involve rethinking common technical terms
for describing personal data, and creating initiatives, both within tools but also outside them, to build a common vocabulary around personal data. We imagine this
as a community effort where designers and researchers explore how user language
and the grammar of possible actions within data management are intertwined, an
idea brought forward by previous work [123]. One option could be to promote
consistency across operating systems, applications, and tools, creating a grounded,
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standard vocabulary that users are familiar with. This could involve a systematic
study of users’ term that could be then integrated into “personal data standards,”
just as there are conventions for common design elements. Another option would
be to let users define and teach their own language to the tools through mechanisms
that leverage a link between individual items and categories of data. For example,
systems could give users an example item, ask them to categorize it using their own
words, and then apply this user-generated vocabulary in the interface.

8.6.4

Centralization as a matter of perspective

Another important thread in our work is the contrast between physical devices
and cloud platforms, with centralization hinting at a tension between local and
online data storage. This tension highlights a gap between users and technology
companies, with different perceptions of what centralization means. For users,
centralization is largely about data access. For companies, centralization is instead
about data storage.
Users tend to perceive local devices as closer to them: after all, personal devices used to be the only place where users could access their personal data. Cloud
platforms, instead, feel more peripheral: they have become a key component of
personal data ecosystems [288], but because users tend to use more than one, they
can feel fragmented, less tangible, and out of sight [213]. Thus, for users, accessing data from the cloud is about bringing items back from a set of far away places
to a central device in their hands. This is why the Cloud, to users, can feel decentralized. But from a technical standpoint, cloud computing is in fact a centralizing
force [94], pushing all data to be stored not on single devices but on the servers
of a few large companies, centralized in a limited number of locations. These
companies then promote their cloud platforms by emphasizing the convenience of
storing everything into a central place. Except, people’s perception of what is central is different. This divergence in the promised vs. the actual experience of the
Cloud reinforces the need for more consistent language around personal data and
stronger conventions. It also makes us wonder whether a different paradigm for
modern computing is possible.
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8.6.5

Envisioning a post-cloud future

Current setups force users to go through a third party for accessing data across
devices. There is no practical alternative. This dynamic has consequences for personal data boundaries, with tools creating boundaries of their own and imposing
specific structures on data (e.g., having to store files in a Dropbox folder if you
want to access them on more than one device, rather than in a local and more personal structure). But what if we imagined an alternative that emphasizes users’
perception of local devices as central, rather than giving priority to the cloud? For
example, one where interoperability across data formats and storage devices made
it possible to easily synchronize data without the need for a cloud-first structure.
The tools and user interfaces would be similar to existing ones, but the functional
paradigm would be different. We imagine that future data infrastructures could rely
on local, “social” clouds, maybe with a physical device acting as the central node
connecting data links across devices. For example, members of a family, neighborhood, or social group could set up a “local cloud” that allows personal data
to move freely among known and trusted members’ devices. Items could be synchronized to different devices on an individual basis rather than by uploading them
on a distant server. The local cloud would take advantage of the multiple devices
for maximizing storage and preventing data loss through redundancy. A similar
approach could make it possible to make data available across devices, while still
respecting data boundaries and local structures. These ideas are speculative, but
not entirely new. Before the advent of commercial cloud computing, investigations
on peer-to-peer and decentralized technologies for data access and storage were
popular [3, 71, 146, 244]. But then, the Cloud won. Today, the increasingly critical
discourse around technology companies, cloud platforms, and privacy might signal a shift in perceptions. Within this evolving landscape, there is renewed interest
around decentralized computing [297], cooperative storage [275], and cross-media
information spaces [257]. All together, current efforts and past explorations point
to a promising domain that future design work can help explore [287].

164

8.7

Limitations

Our sample is meant to be generative and not statistically representative, so it has
some limitations around age and gender balance. We did not screen for gender
identity, but studies on related topics have similar samples [58, 59] and notice
no apparent differences in participants’ attitudes based on gender. We screened
for age, but we did not get interest from many respondents over 50. Instead, we
focused on the variation in data curation approaches. Recent work [5] hints at
differences in desired PIM behaviors based on age and gender, providing a complementary perspective to our work. Future studies can further complement our
work with a more representative sample to see if and how our results transfer to
a broader population. Future work should also explore quantitative measures of
user satisfaction for a design approach similar to ours, how to extend our efforts to
other stages of data curation (i.e., retrieval), and what might be the psychological
or logistical effects of spending time curating data (e.g., enjoyment, satisfaction,
time saved, more efficient retrieval).

8.8

Summary and conclusion

Storing, managing, and curating personal data is a challenging process made more
complex by the mix of devices and cloud platforms that people regularly use. In
this chapter, we have explored how centralization and customization can support
people’s behaviors. We identified how centralization blurs personal data boundaries, while customization upholds them. Using this specific analysis lens helped
us outline key challenges for designing data curation tools. As our relationship
with data evolves and likely becomes more complicated, we see taking a step back
and reflecting on key design decisions as essential for shaping future products. Our
work shows that there is great potential for exploring how to design tools that integrate data boundaries as a core part of their functionality and provide new mechanisms for managing them. We hope our work will provide a foundational starting
point for innovative tools that can define future paradigms for data management.
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Chapter 9

Conclusion
In this dissertation, we have presented the results from four interview studies (total
of 64 interviews) and an online survey (349 respondents) on personal data curation
behaviors. We have investigated user decisions around what data to keep or discard and characterized individual differences in this space. Starting from an initial
spectrum of general tendencies for preserving data (Chapter 4), we have identified
five behavioral styles that describe contextual patterns in participants’ curation approaches (Chapter 6), making individual differences actionable for design. Then,
we have used these insights to explore alternative design concepts for selecting data
(Chapter 7) and a personalized approach to personal data curation (Chapter 8).
Below, we first summarise these and a few additional contributions in more
detail. Then, we discuss implications for future work. We conclude with a few
closing remarks to reflect on our work.

9.1

Summary of results and contributions

In this section, we summarize the key results and contributions of the dissertation,
distinguishing between primary and secondary contributions.
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9.1.1

Primary research contributions

Rich characterization of data preservation tendencies
Before our investigation, the HCI literature lacked a deep, systematic understanding
of how people decide what data to keep or discard. Most of past work relies on
the assumption that people tend to just keep everything. But that was a broad
assumption and in this dissertation we show that there can be substantial individual
differences in how users decide what personal data to keep or discard.
Our first key contribution is a rich characterization of general data preservation
tendencies and their role for identity construction.
In Chapter 4, using 23 interviews with a broad sample, we identify a spectrum
of preservation behaviors with two extremes: “hoarding” on one side (where participants tended to keep most of their data over time) and “minimalism” on the
other side (where participants tried to keep as little as possible). We show how
these behaviors are contextual, nuanced, and important for identity construction.
Previous studies on personal data and PIM also highlight the tie between data
and identity, but our work shows how this connection can be experienced with opposing attitudes (“I am my data” vs. “I am more than my data”). This distinction is
subtle but key to understanding how different people might approach data curation
using different strategies and approaches.
Five behavioral styles that synthesize personal data curation approaches
Building on top of the “hoarding” and “minimalism” spectrum, we identify a set
of five behavioral styles and approaches to personal data curation, using a total of
64 interviews from the four main interview studies that make up the dissertation
(Chapter 6).
The five behavioral styles (Casual, Overwhelmed, Collector, Purger, Frugal)
complement previous characterizations of individual differences in PIM research
with a focus on keeping and discarding decisions. They also represent a significant
advancement of our initial characterization of user behaviors in Chapter 4. They
enrich our understanding of personal data curation as a practice tied to identity
curation, bringing to light a temporal dimension to the process.
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The behavioral styles also represent an actionable and generative resource for
design that practitioners and researchers can use.
Design dimensions and design concepts for supporting data selection
In Chapter 7 we bring together insights from previous studies and past work on
digital data to explore a design space of possible solutions. We describe four key
design dimensions that can be a helpful resource to generate design ideas: selection
regime, automation, system aggressiveness, and temporality.
Then, we use the dimensions to create a set of five design concepts that map
the design space and explore alternative approaches for supporting data selection
across a range of situations and devices (Patina, Data Recommender, Temporary
Folder, Temporary App, Future Filters).
These speculative concepts can be a starting point for more comprehensive
products, whether in industry or academic research.
Our methodological approach of creating video prototypes for the concepts
can also serve as inspiration for future studies that explore uncharted design spaces
where technical constraints limit possible prototypes.
Example of a personalized approach to personal data curation
Our work in Chapter 8 combines insights from previous studies into a cohesive
system, Data Dashboard, that focuses on exploring and evaluating two key design
approaches for personal data curation: centralization and customization.
Our results show that this approach can be successful in supporting personal
data curation behaviors. However, it needs to respect and integrate data boundaries
(permeable, invisible rules that inform where and how people store personal data)
as a first-class object for users to interact with.
These insights provide a concrete starting point for building new products and
advancing user support for data curation.
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Generative design directions based on empirical work
Throughout the dissertation, we propose several generative design directions and
opportunities that can help in prioritizing user support, exploring new product concepts, and expand the focus of personal data management tools.
We see these generative design directions as broader, more open-ended, and
less prescriptive than traditional design implications found in many HCI studies.
The directions we propose indicate open opportunities but do not necessarily prescribe how to implement them [78, 248].
At a high level, we propose to tailor technology to different tendencies for data
preservation, finding ways to offset costs inherent at both ends of the hoardingminimalism spectrum (Chapter 4). We also highlight design opportunities for supporting data decluttering by visualizing temporal aspects of data, proactively recommending items to discard, and preventing unwanted data accumulation (Chapter 5). Then, we outline ways for prioritizing user support, making curation feel
more engaging, exploring the role of curation for memory, and investigating alternative ways of capturing user variation based on the five behavioral styles we
present in Chapter 6. We follow with directions for centering design work around
personalization, automation, and privacy by exploring safeguarding mechanisms
and new data curation actions (Chapter 7). Finally, in Chapter 8 we discuss ways
for integrating data boundaries into design, rethinking the language of personal
data, and envisioning a post-cloud future.
These directions can be a starting point for future research and design agendas, paving the way for innovative data management tools that will help shape the
upcoming post-cloud landscape (Chapter 8).

9.1.2

Secondary research contributions

Reflexive account of our user modeling process
Our research process in Chapter 6 can inform similar user modeling efforts in other
domains. The reflexive account of how the behavioral styles evolved throughout
the four studies, and how different methods helped us enrich them, can help re-
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searchers or practitioners to carry out a similar modeling process for capturing
salient individual differences.
Taxonomy of personal data types and decluttering criteria
In Chapter 5 we build a taxonomy of data types and related decluttering criteria,
using an online survey with 349 respondents. We identify six macro-categories
of data types (Documents, Organization, Communication, Media, System data,
Logging data) and map different decluttering criteria to each of the categories.
These categories and criteria can be used for designing new tools, scoping research studies, or directing algorithm design.
Description of temporal decluttering practices
Finally, still in Chapter 5, we identify a set of temporal decluttering practices (routine, serendipitous, triggered) that can inform design and provide support for the
behavioral styles and approaches we present in Chapter 6.

9.2

Implications and future work

Next, we outline implications for future work, touching on how our results can
be leveraged for User Interface (UI) and product design, HCI research, algorithm
design, policy and sustainability.

9.2.1

Implications for UI and product design

A key direction for future work is to build upon our efforts on differentiating, prioritizing, and personalizing user support. In particular, we encourage future design
work to explore alternative ways of addressing personalization. For example, the
Settings in Data Dashboard provide a first step in this direction, but future work
should test and evaluate different visual approaches for providing customization
options that go beyond a set of check boxes.
Similarly, a key implication of our work is to keep exploring and pushing new
design metaphors for conceptualizing personal data. For example, exploring a positive take on curation by bubbling up data at the right moment and building sediment into personal items. Or, exploring how concepts such as fossilization and
170

disintegration can apply to personal data. Bubbling data could involve shifting the
focus from active curation to passive curation, with systems reducing user effort by
resurfacing relevant items based on content similarity or context-matching (e.g., a
photo of an event bubbling up in a message conversation when the event is being
discussed). Metaphors around sediment, fossilization, and disintegration, instead,
could focus on expanding dynamic and temporal qualities of data from a visual
standpoint. As an example, a segment of data could become impossible to edit after a set amount of time to visually signify its outdated relevance, thus fossilizing.
Similar metaphors provide a starting point for exciting new interfaces that move
beyond current abstractions, largely tied to office work (as is the case with files and
folders) or technical implementations (as is the case with mobile applications).
These ideas, together with the design directions we propose throughout the
dissertation, point to the need for rethinking personal data management tools with
a long-term perspective.

9.2.2

Implications for future HCI research

From a research perspective, the key implication for future HCI work is to expand
the focus of our investigation in terms of users, data types, and methods.
Our work focuses on personal data curation for individuals. However, a natural
extension of our work would be to look at individual differences in curation in a collaborative setting, as we mention in Chapter 4. Future studies can use our work to
investigate how different behavioral styles and approaches influence collaboration,
both in work and domestic settings. For example, how do individual differences in
curation play a role in small, unstructured groups (e.g., freelance knowledge workers, student groups, and so on)? How can collaborative tools better accommodate
different management and curation styles? How do similar insights shift when considering shared data in a family context? And what are the implications of curating
data (or failing to do so) when groups or family ties dissolve?
Our work also largely focuses on personal data that people explicitly create or
acquire, for example photos, documents, messages, applications. These are types
of data that people are familiar with and accustomed to interact with using established visual metaphors and paradigms (Chapter 7). But personal data now includes

171

a growing number of types, with new devices generating more types. Future work
can shift the focus from the types of data we explored to less visible data, such
as audio recordings stored by voice assistants, data stored on social networks, and
interactions recorded within Internet of Things devices.
An additional way for future research to leverage and extend our work is to expand our methodological approach. Our user modeling work is purely qualitative,
but, as we mention in Chapter 6, future studies can use a quantitative approach to
triangulate our results. Our design work in Chapter 7 and Chapter 8, instead, relies on prototypes and concepts, but future work could shift the focus to research
products (i.e., “inquiry-driven,” polished artifacts meant to be engaged with as they
are) [216], to investigate long-term curation practices through field deployments.
We can imagine ideas from some of the concepts in Chapter 7 or the prototype of
Data Dashboard (Chapter 8) becoming part of a functional research product that
can generate new insights about data curation practices over the long-term. Longitudinal studies could help better uncover the effects of engaging in personal data
curation over time and unpack its temporal dimensions.

9.2.3

Implications for algorithm design

The design ideas we explore in the dissertation highlight the need for a parallel
technical effort to make them viable. Data Dashboard in Chapter 8 shows how
clustering personal data into automatic categories and types can be helpful, but a
similar approach will only be as good as the algorithms behind it. Current management systems and platforms can recognize different types of data, but they largely
rely on file extensions to do so. Instead, our work shows that often the content of
data is the key focus of interest in curation. Improvements in automatic content
classification and categorization algorithms can go a long way in supporting data
curation.
However, given the sensitive nature of much of personal data, a key challenge
is to make similar algorithms work entirely offline on local devices. Often online
platforms can offer advanced functionalities for recognizing and sorting data because they rely on the cloud infrastructure behind them. But this might not be the
best approach for supporting curation, as participants’ reactions to Data Dashboard
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show (Chapter 8). Companies such as Google are exploring how to make machine
learning available locally, entirely independent from cloud infrastructure, to preserve user privacy [162]. We believe that technical efforts for supporting personal
data curation should focus on this same challenge.

9.2.4

Implications for policy and sustainability

Our work can also have implications for policy and sustainability.
Recent years have seen an increased focus on regulatory efforts for the storing
and processing of personal data [1, 265]. However, our work suggests that any potential tools and policies in this domain should also address the confusing technical
language of personal data that everyday users often struggle with (Chapter 8). Additional regulatory efforts should also shift focus from storing and retention practices to the algorithms behind advanced functionalities related to personal data. For
example, they could focus on the algorithms for automatic recognition and categorization of personal data that we discuss in the previous section. Yes, we do think
that similar algorithms can help, but there is a need for stronger regulation around
who can use them and for what purposes.
Finally, an indirect but important implication of our work is the need to reflect
on the possible environmental effects of storing and preserving large quantities
of data. We are not Luddites. We do not advocate for a return to the days of
paper-based personal information management. But storing digital data can require
large quantities of energy [141, 199]. Although recent work shows that predictions
about data centres’ energy use have been largely exaggerated, there is still a need to
closely monitor electricity consumption over the next years and proactively prepare
for a growing demand in cloud data storage [185]. Making data storage a carbonneutral practice is a first step, but often hard to achieve at scale [98, 272]. As
the climate crisis exacerbates, there will be increasing pressure to ensure that data
storing practices remain sustainable.
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9.3

Closing remarks

Four years ago, the idea of automatically deleting data seemed extreme, a provocation. Now, it is almost an industry standard for products that collect sensitive data
such as audio recordings and location history [40, 235].
Four years ago, the term “digital hoarding” was only briefly mentioned in a
medical case study. Now, there is a growing body of research about keeping and
discarding data practices, with perspectives from computer science, psychology,
information science, and health sciences [171, 205, 206, 222, 253, 271].
In the immediate future, people’s personal data will keep growing, with external actors wanting more and more of it, for uses that might not reflect what people
want. For sure, this feels as the right time to take more control of personal data.
But then, what to keep of it?
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L. De Russis, L. Yarosh, B. Anjum, D. Contractor, and C. Wu. It’s Time to
Do Something: Mitigating the Negative Impacts of Computing Through a
Change to the Peer Review Process, March 2018. URL
https://acm-fca.org/2018/03/29/negativeimpacts/. →
pages 128

189

[126] S. Henderson. How do people manage their documents?: an empirical
investigation into personal document management practices among
knowledge workers. PhD thesis, ResearchSpace@ Auckland, 2009. →
pages 30, 48
[127] S. Henderson. Personal Document Management Strategies. In Proceedings
of the 10th International Conference NZ Chapter of the ACM’s Special
Interest Group on Human-Computer Interaction, CHINZ ’09, pages 69–76,
New York, NY, USA, 2009. ACM. ISBN 978-1-60558-574-1.
doi:10.1145/1577782.1577795. → pages 3, 30, 48
[128] S. Henderson and A. Srinivasan. Filing, piling & structuring: strategies for
personal document management. In System Sciences (HICSS), 2011 44th
Hawaii International Conference on, pages 1–10. IEEE, 2011. → pages 72
[129] L. A. Henkel. Point-and-shoot memories: The influence of taking photos
on memory for a museum tour. Psychological science, 25(2):396–402,
2014. → pages 49
[130] D. Herron, W. Moncur, and E. van den Hoven. Digital Decoupling and
Disentangling: Towards Design for Romantic Break Up. In Proceedings of
the 2017 Conference on Designing Interactive Systems, DIS ’17, page
1175–1185, New York, NY, USA, 2017. Association for Computing
Machinery. ISBN 9781450349222.
doi:10.1145/3064663.3064765. → pages 15
[131] C. G. Hill, M. Haag, A. Oleson, C. Mendez, N. Marsden, A. Sarma, and
M. Burnett. Gender-Inclusiveness Personas vs. Stereotyping: Can We
Have It Both Ways? In Proceedings of the 2017 CHI Conference on
Human Factors in Computing Systems, CHI ’17, page 6658–6671, New
York, NY, USA, 2017. Association for Computing Machinery. ISBN
9781450346559. doi:10.1145/3025453.3025609. → pages 93
[132] W. C. Hill, J. D. Hollan, D. Wroblewski, and T. McCandless. Edit wear and
read wear. In Proceedings of the SIGCHI conference on Human factors in
computing systems, pages 3–9. ACM, 1992. → pages 66
[133] V. Hollis, A. Konrad, A. Springer, M. Antoun, C. Antoun, R. Martin, and
S. Whittaker. What does all this data mean for my future mood?
Actionable Analytics and Targeted Reflection for Emotional Well-Being.
Human–Computer Interaction, 32(5-6):208–267, 2017. → pages 2

190

[134] E. Horvitz. Principles of Mixed-initiative User Interfaces. In Proceedings
of the SIGCHI Conference on Human Factors in Computing Systems, CHI
’99, pages 159–166, New York, NY, USA, 1999. ACM. ISBN
0-201-48559-1. doi:10.1145/302979.303030. → pages 109, 134
[135] A. Hsu. How Forgetting Might Make Us Smarter - NPR, June 2017. URL
http://www.npr.org/sections/health-shots/2017/06/
23/534001592/could-the-best-memory-system-be-onethat-forgets. → pages 49
[136] J. Huh, M. Pollack, H. Katebi, K. Sakallah, and N. Kirsch. Incorporating
User Control in Automated Interactive Scheduling Systems. In
Proceedings of the 8th ACM Conference on Designing Interactive Systems,
DIS ’10, pages 306–309, New York, NY, USA, 2010. ACM. ISBN
978-1-4503-0103-9. doi:10.1145/1858171.1858226. → pages 102
[137] A. Hurst, J. Mankoff, A. K. Dey, and S. E. Hudson. Dirty Desktops: Using
a Patina of Magnetic Mouse Dust to Make Common Interactor Targets
Easier to Select. In Proceedings of the 20th Annual ACM Symposium on
User Interface Software and Technology, UIST ’07, pages 183–186, New
York, NY, USA, 2007. ACM. ISBN 978-1-59593-679-0.
doi:10.1145/1294211.1294242. → pages 108
[138] I. Ion, N. Sachdeva, P. Kumaraguru, and S. Čapkun. Home is Safer Than
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Repurposing Bits and Pieces of the Digital. In Proceedings of the 2016
CHI Conference on Human Factors in Computing Systems, CHI ’16, pages
840–851, New York, NY, USA, 2016. ACM. ISBN 978-1-4503-3362-7.
doi:10.1145/2858036.2858297. → pages 94
[259] D. Sinn, S. Kim, and S. Y. Syn. Personal digital archiving: influencing
factors and challenges to practices. Library Hi Tech, 35(2):222–239, 2017.
→ pages 3, 69
[260] M. Sleeper, J. Cranshaw, P. G. Kelley, B. Ur, A. Acquisti, L. F. Cranor, and
N. Sadeh. “i Read My Twitter the next Morning and Was Astonished”: A
Conversational Perspective on Twitter Regrets. In Proceedings of the
SIGCHI Conference on Human Factors in Computing Systems, CHI ’13,
page 3277–3286, New York, NY, USA, 2013. Association for Computing
Machinery. ISBN 9781450318990.
doi:10.1145/2470654.2466448. → pages 17
[261] F. Smadja. Automatic categorization of documents based on textual
content, Sept. 16 2003. US Patent 6,621,930. → pages 160
[262] Spotify. Introducing Two New Personalized Playlists: On Repeat and
Repeat Rewind, Sept. 2019. URL
https://newsroom.spotify.com/2019-09-24/
introducing-two-new-personalized-playlists-onrepeat-and-repeat-rewind/. → pages 95
[263] K. M. Spurgin. ”Three backups is a minimum”: A first look at norms and
practices in the digital photo collections of serious photographers. I,
Digital: Personal Collections in the Digital Era, Chicago: Society of
American Archivists, pages 151–201, 2011. → pages 29, 30, 48
[264] N. Srnicek. Platform capitalism. John Wiley & Sons, 2016. → pages 2,
27, 49
[265] State of California. California Consumer Privacy Act (CCPA), Oct. 2018.
URL https://oag.ca.gov/privacy/ccpa. → pages 1, 162, 173
207

[266] R. A. Stebbins. Exploratory research in the social sciences, volume 48.
Sage, 2001. → pages 21
[267] A. Strauss and J. Corbin. Discovery of grounded theory. 1967. → pages 20
[268] T. Stylianou Lambert, L. A. Henkel, C. M. Weber, and K. Parisi. Museums
and Visitor Photography: Redefining the Visitor Experience. Linda A.
Henkel, Katelyn Parisi and Carey Mack Weber,”The Museum as
Psychology Lab: Research on Photography and Memory in Museums,” in
Museums and Visitor Photography: Redefining the Visitor Experience, ed.
Theopisti Stylianou-Lambert, Museumsetc, Edinburgh and Boston, 2016,
pp. 152-83., 2016. → pages 49
[269] S. S. Sundar and S. S. Marathe. Personalization versus customization: The
importance of agency, privacy, and power usage. Human Communication
Research, 36(3):298–322, 2010. → pages 134
[270] L. Swan, A. S. Taylor, and R. Harper. Making place for clutter and other
ideas of home. ACM Transactions on Computer-Human Interaction
(TOCHI), 15(2):9, 2008. → pages 133
[271] G. Sweeten, E. Sillence, and N. Neave. Digital hoarding behaviours:
Underlying motivations and potential negative consequences. Computers in
Human Behavior, 85:54–60, 2018. → pages 3, 16, 30, 55, 119, 174
[272] B. Tarnoff. To decarbonize we must decomputerize: why we need a
Luddite revolution. The Guardian, Sept. 2019. ISSN 0261-3077. URL
https://www.theguardian.com/technology/2019/sep/17/
tech-climate-change-luddites-data. → pages 173
[273] L. Tauscher and S. Greenberg. How people revisit web pages: empirical
findings and implications for the design of history systems. International
Journal of Human-Computer Studies, 47(1):97–137, 1997. → pages 10
[274] J. Teevan, R. Capra, and M. P. Quiñones. How people find personal
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Appendix A

Data Dashboard Usability Report
Below, we include the complete usability report for Data Dashboard. It contains
more details about how participants used different sections and functions during
the scenarios, together with suggested design changes. I wrote the report together
with undergraduate student Janet Chen.

A.1

User interface usability

A.1.1

Activity

Most

1

participants used the Activity section at some point during the scenarios.

However, Explore Your Data and Quick Actions were more popular 2 . When asked
about it, several participants said they found Activity underwhelming or frustrating.
They thought it was unhelpful because it was too similar to Explore Your Data, but
not as complete. The option of filtering data by time appeared generally useful but
a few participants found it confusing.
Suggested changes
• Consider merging Activity and Explore Your Data.
1 Activity

used at least once by 10/18 participants.
used by 17/18 participants at least once, used 40 times across all participants;
Quick Actions: used by 15/18 participants at least once, used 33 times across all participants.
2 Explore Your Data:
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• Adding a time filtering option to Explore Your Data should provide all the
functions of Activity with none of the redundancy.

A.1.2

Shared Data

Within Activity, most participants did not notice the Shared Data section. When
prompted about it, some thought it could be helpful, but several misunderstood
how it works (they thought other people were seeing all of the data in the system).
Overall, several participants questioned the need or usefulness of Shared Data for
managing their own personal items.
Suggested changes
• Consider removing Shared Data.
• Details about sharing could be included on individual items in other sections.

A.1.3

Explore Your Data

Most participants used Explore Your Data (EYD) at some point in the scenarios. In
fact, it was the most commonly used section throughout the scenarios. Participants
thought that EYD was useful to get an overview of all personal data, a bird-eye
perspective, as one participant said. They also thought that EYD would be better
suited for occasional, more focused scenarios, as opposed to short management
episodes, where Quick Actions would work better.
Data types
In general, participants thought that organizing data automatically into different
types and lists based on different filtering criteria (i.e., data to get rid of, data to
organize, private information, data to back up or sync) was good. But a few participants said they do not think about their data in terms of types largely based on
formats and file extensions. Instead they think in terms of projects organized into
folders. A few participants wanted to see all data categorized into lists, not just the
items that fit into the sidebar filters.
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Several participants wanted to customize the list of data types in EYD, both
in terms of content and order. Some wanted to add their own data types. Only
half of the participants discovered the button to customize the list of data types
on their own (“Sort or hide the types of data you see”). But when prompted to
use it, almost all participants found it very helpful. Most data types listed in EYD
seemed to resonate with participants, except Tracking Data and Cache & Logs.
Some participants did not know what Tracking Data or Cache could be.
Lists of items
When considering the lists of items in EYD, some participants wanted an indication
of data recency. Some participants also found the amount of text in EYD’s lists
overwhelming.
When clicking on “Data I could get rid of” in the sidebar filters, the indication
of space taken by different data items was useful, but participants also wanted
an indication of the total remaining and occupied space on different devices and
platforms.
Suggested changes
• Add filtering and sorting by time and platform/device.
• Show total free/occupied space for different types and platforms/devices.
• Make “sort and hide” work direct manipulation rather than a popup panel
and increase its discoverability.
• Consider categorizing all data not just data that matches the filters.
• Better show on which device/platform items are (also in QA).
• (See below for specific design changes for sidebar filters.)

A.1.4

Quick Actions

Participants used Quick Actions (QA) frequently during the scenarios. They
thought it was helpful for freeing up space and organizing data regularly, in short
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amounts of time. Most participants expected a machine learning algorithm to be
behind the suggestions and they expected QA to focus on showing recent or “ongoing” items. Some participants felt that seeing actual data was more helpful than
having lists of links like in EYD. Only a few participants did not find QA useful
and said that it felt too restrictive compared to EYD.
In terms of specific UI elements, several participants did not use the filters in
QA and instead scrolled through the suggestions. Several participants found the
“snoozing” button for each suggestion confusing.
Suggested changes
• Remove the snoozing button.
• Show on which device/platform an item is stored more consistently and more
prominently.
• Show a preview of the actual data if possible.
• Make it possible to mark exceptions in the suggested actions (as in, do not
suggest this item again).
• Consider removing the sidebar filters from QA.

A.1.5

Sidebar filter panel

The sidebar filter panel is both in EYD and QA. All participants except one discovered the filters on their own, and most used them at some point during the
scenarios. When discussing them in more detail, most participants found the filters comprehensive and the idea of automatically clustering data helpful. However,
several participants found the filters confusing or to be “too much work”. A few
thought some of the labels should be renamed or were unclear (the word “sync” in
particular was not clear to a few participants).
Suggested changes
• Think of a different UI pattern for the filters.
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• Consider changing the labels for different (e.g., “declutter” or “free up
space,” “organize,” “back up”).

A.1.6

Settings

Most participants discovered Settings and its link to the sidebar filters in EYD and
QA. However, roughly half of the participants did not fully understand the connection between Settings and the filters. In general, several participants found the
Settings page confusing: for example, they expected a button to make the Settings
“run” or they expected that after checking one of the options the system would start
deleting or organizing data immediately. Eventually, after being prompted about
them, some of these participants understood the link between Settings and the sidebar filters. Participants who understood the Settings-filters mechanism thought that
customizing filters was a good idea. Settings made participants feel in charge of
the system. Several thought that the default options were comprehensive and novel.
Being able to create additional combinations was confusing for some participants
but generally seen as helpful.
Suggested changes
• Emphasize the link between filters and settings by anchoring [234] the advanced settings to the filters in EYD and QA.
• Expand the list of defaults to cover all major cases and situations.
• Consider a quicker way to include new combinations, maybe through an
online repository of filters that people can add and share.

A.2

Use scenarios

A.2.1

Scenario 1

Scenario 1 (space running out triggers curating actions): “The space on your computer is running out. You want to find some data to discard. You are not sure where
to start looking, but you know that you do not care too much about old documents.”
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In the first scenario, most participants used EYD to find documents to discard.
Often participants tried to click “browse all” in each data type to manually explore
their data. Some participants used the sidebar filter “Data to get rid of” and appreciated what the system suggested. Several participants also used the suggested
actions in QA to remove duplicates. However, a few participants tried to use the
Settings page to “delete” data from one of the default options (e.g. “Data older
than 5 years”) and found this function confusing.
Implications: EYD and QA seem to fit expectations and filters seem helpful for
going through different scenarios. Settings can be confusing because of the issues
mentioned before.

A.2.2

Scenario 2

Scenario 2 (taking time for regular data curation): “It is a rainy day. You have
set aside some time for doing a regular cleanup of your devices. You usually do
this every few months. You want to review your data and make sure everything is
organized in your preferred way.”
When organizing in the preferred way, the majority of participants used EYD
with many selecting the “Data to organize” filter. They often listed their preferred
order to look through data types (e.g., Messages, Photos, Emails, etc.). The order
changed based on personal preference, but most participants wanted to go through
EYD cards one by one. Several participants wanted to sort by data type and recency
so they used Activity instead of EYD. For example, one participant went to Activity
to look for unorganized recent activity to move into folders.
Implications: once again, filters seem helpful, and EYD meets expectations.

A.2.3

Scenario 3

Scenario 3 (exploring recent data): “You have 5 to 10 minutes in between meetings
and errands. You decide to take a look at your recent data to get a sense of anything
that needs taking care of.”
Almost half of the participants used QA to squeeze in some data management
within 5 to 10 minutes. In QA, most participants used the options to rename files,
backup and sync, remove duplicates, and move folders into files. Other participants
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preferred to browse through all their data with EYD or use Activity to check for
unread documents or unopened emails. One participant wanted to use Shared Data
“to see if anyone [had] done anything on the documents”. This suggests that Shared
Data could help brief check-ins on collaborative projects during dead moments.
Implications: recommendations seem to fit the urgency mental model. Shared
Data likely has more potential as part of collaboration-focused systems.

A.2.4

Scenario 4

Scenario 4 (protecting data privacy): “You have heard about a data leak from a
popular cloud storage platform that exposed personal information to hackers. You
want to review what data you have stored on different cloud platforms that might
pose a privacy risk in the future.”
When going through the privacy scenario, several participants scanned the system looking for a way to see all data stored in a specific platform (e.g., iCloud,
Dropbox, Google Drive) or device (e.g., “my drive”). Often they could not find
what they were looking for. For example, one participant went to the Settings section and then to Accounts at the bottom, hoping they would be able to access all
data on Dropbox from the link to the Dropbox account. Another scrolled through
Quick Actions until they saw the Dropbox and iCloud icons.
Implications: participants looked for visual signifiers (i.e., icons) of platforms
and devices where the data is stored. With privacy scenarios, their mental model
focuses on specific platforms rather than specific data types. A possible change
would be to make it possible to see data grouped by platform as an alternative to
the current grouping by data types.

A.2.5

Scenario 5

Scenario 5 (safeguarding data spread across devices and platforms): “You are in
the process of buying a new computer. You want to make sure that you are not
going to lose any of the data you care about. You want to ensure that everything is
stored in more than one place.”
Many participants were unable to use the system to go through the last scenario.
Some participants used EYD to access all files but were left wondering if there was
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an option to back them up to the cloud or save to an external hard drive. Several
participants talked about their actual process of backing up files and did not use the
system. But some participants did use the “backup and sync” filter in QA.
Implications: backing up seems to be either a completely automatic process
(with Time Machine and Google Photos) that requires little user input and where
all items are backed up, or a completely manual process with external hard drives.
This might be the least relevant action and given the confusion around the term
“sync” this filter might be demoted or redesigned. A possible change would be to
make the “Back up” section focus more on exporting data or maybe providing a
visualization of backed up items.
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Appendix B

Survey Questions and Additional
Results
B.1

Complete set of survey questions
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Q4 We are going to ask you questions about your digital data.
By digital data, we mean anything that you consider your own “stuff” on the digital devices you
own: for example, your computer files, your emails, your photos, your texts, messages (e.g.,
WhatsApp conversations), or mobile apps.

Q5 What is your general approach in deciding what digital data to keep or delete over the long
term?
Please choose where you fall on the spectrum.
I delete as
I delete more
Somewhere
much as
than I keep
in the middle
possible
General
approach in
keeping or
deleting data

o

o

o

I keep more
than I delete

o

I keep as
much as
possible

o

Page 1 of 15
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Q6 How does your approach differ for each of the following data types?
I delete as
I delete
Somewhere
I keep
I keep as
much as
more than I
in the
more than I
much as
possible
keep
middle
delete
possible
Documents
on one of
your
devices
(e.g., Word,
Excel, pdf
files)
Documents
on a cloud
storage
platform
(e.g.,
Google
Docs)
Texts and
messages
Media files
(e.g., video,
audio files)
Pictures
Emails
Browser
bookmarks
Mobile
applications
Contacts
Facebook
friends

❌ (Does
not apply)

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o
o
o
o
o
o

o
o
o
o
o
o

o
o
o
o
o
o

o
o
o
o
o
o

o
o
o
o
o
o

o
o
o
o
o
o
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Q7 Choose how the following statements reflect your experience
Neither
Strongly
Somewhat
agree
Somewhat
Disagree
disagree
disagree
nor
agree
disagree
I am
satisfied
with my
general
approach
for selecting
what data to
keep or
delete
I can always
find the data
I am looking
for
I take steps
to prevent
losing my
data (e.g.,
backup)
I spend a lot
of time
managing
my data
I think
selecting
what data to
keep or
delete is a
good use of
my time
My data
represent
important
parts of my
life
I do not like
spending a
lot of time
using
interactive
devices
(e.g.,

Agree

Strongly
agree

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o
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computer,
smartphone,
tablet)
I have a
clear idea of
what data I
have across
my
platforms
and devices

o

o

o

o

o

o

o

o

o

o

o

o

o

o

I do not like
to let go of
things from
my past

o

o

o

o

o

o

o

I am not
particularly
attached to
my data

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

I am ok with
the
possibility of
losing some
of my data

I think most
people have
a similar
approach to
mine
Deciding
what data to
delete takes
too much
time
I find it hard
to manage
my data
with current
tools
I have
adequate
tools to
select what
data to keep
or delete
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I would like
to delete
some of my
data that I
do not need
anymore
I have
clutter in my
data that I
would like to
take care of
I know I
have some
data that I
do not need
anymore but
I am not
sure where
it is
I acquire or
create large
amounts of
data on a
regular
basis

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

Q8 When was the last time you decluttered some of your digital data, that is, you were in an
active session focused mostly on deleting some of your data?

o Never
o More than a year ago
o Within the last year
o Within the last 6 months
o Within the last month
o Within the last week
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Q9 Can you briefly describe what you decluttered?
You can touch on these aspects: What data did you delete? What prompted you to do it? What
was your process? What was challenging? What was the final result?
________________________________________________________________
________________________________________________________________
________________________________________________________________
________________________________________________________________
________________________________________________________________

Q10 How often do you declutter digital data?

o Never
o Rarely (e.g., when running out of space, when buying a new device)
o Once a year
o Multiple times a year
o Monthly
o Weekly
o Daily
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Q11 What is your general approach in organising digital data?

Please take a quick look at your data as it is now and choose where you fall on a spectrum
between unstructured (that is, you do not use folders and subfolders, tags or labels; you do not
rename files) and structured (that is, you have a structure with folders and subfolders, or tags
and labels; you rename files).
Extremely
unstructured
Documents
on a device
Cloud
documents
Media files
Pictures
Emails
Browser
bookmarks
Mobile
applications
Contacts

o
o
o
o
o
o
o
o

Unstructured

Somewhere
in between

o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o

Structured

o
o
o
o
o
o
o
o

Extremely
structured

❌ (Does
not apply)

o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o

End of Block: Digital data
Start of Block: Devices
Q12 Now we are going to ask you questions about your digital devices (e.g., computer,
smartphone).

Page 7 of 15

230

Q13 How many interactive devices (e.g., laptop, smartphone, tablet, smartwatch) do you
regularly use?

o1
o2
o3
o more than 3
Q14 How much storage space does your main computer provide?

o 128GB or less
o Up to 256GB
o Up to 512GB
o Up to 1TB
o More than 1TB
o I am not sure where to look this up
o I do not own or regularly use a computer
Q15 How much space is available on your computer right now?

o Less than half of the total available space
o About half of the total available space
o More than half of the total available space
o I am not sure where to look this up
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Q16 How long have you had your main computer for?

o Less than a year
o Between 1 and 5 years
o More than 5 years
o I don't remember
Q17 How much storage space does your smartphone provide?

o 16GB or less
o Up to 64GB
o Up to 256GB
o I am not sure where to look this up
o I do not own or regularly use a smartphone
Q18 How much space is available on your smartphone right now?

o Less than half of the total available space
o About half of the total available space
o More than half of the total available space
o I am not sure where to look this up
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Q19 How long have you had your smartphone for?

o Less than 1 year
o Between 1 and 3 years
o More than 3 years
o I don't remember
End of Block: Devices
Start of Block: Additional information
Q20
You are almost done, thanks for sticking with us!

Q21 We are now switching gears and are asking about your physical possessions (rather
than digital ones) in your home (across different rooms) and in your physical workspace at your
place of work/study.
Where does your organisation fall between messy and tidy?
More
In between
Definitely
More tidy
messy than messy and
messy
than messy
tidy
tidy
Bedroom
Closet
Kitchen
area
Bathroom
Work /
study area

o
o
o
o
o

o
o
o
o
o

o
o
o
o
o

o
o
o
o
o

Definitely
tidy

o
o
o
o
o

❌ (Does
not apply)

o
o
o
o
o
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Q22 When was the last time you decluttered some of your physical possessions?

o Never
o More than a year ago
o Within the last year
o Within the last 6 months
o Within the last month
o Within the last week
Q23 Can you briefly describe what prompted you to declutter your possessions?
________________________________________________________________
________________________________________________________________
________________________________________________________________
________________________________________________________________
________________________________________________________________
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Q24 How often do you declutter physical possessions?

o Never
o Rarely (e.g., when moving to a new place)
o Once a year
o Multiple times a year
o Monthly
o Weekly
o Daily
Q25 What is your current occupation?
________________________________________________________________
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Q26 Choose how the following statements reflect your experience
Neither
Strongly
Somewhat
Somewhat
Agree
agree nor
agree
agree
disagree
disagree
My days
are
usually
full of
activities
at work,
home,
school, or
elsewhere

Disagree

Strongly
disagree

o

o

o

o

o

o

o

I value
leading a
busy life

o

o

o

o

o

o

o

I want to
use my
time as
efficiently
as
possible

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

I regularly
have
some free
time to
unwind or
relax
I feel like I
always
have a lot
to do and
not
enough
time

Q27 What is your cultural background?
(e.g., Native American, North American, Southern Asian, etc.)
________________________________________________________________
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Q28 What is the highest level of education you have completed?

o None
o Primary or high school
o Technical training
o Bachelor level
o Master level
o PhD level
Q29 Do you have a technical background (e.g., Computer Science) or experience with
programming?

o Yes
o No
Q30 How old are you?

o 18-24
o 25-34
o 35-44
o 45-54
o 55-64
o 65-74
o 75 and above
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Q31 What term best describes your gender identity?

o Male
o Female
o Transgender
o Other
o Prefer not to answer
End of Block: Additional information
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B.2

Descriptive results about general data practices

In their general approach, a slight majority of survey respondents (51%) tended
towards keeping over deleting data (combined bottom two rows in Table B.1).
Approach
I delete as much as possible
I delete more than I keep
Somewhere in the middle
I keep more than I delete
I keep as much as possible
Total

Percentage
8.60%
12.89%
27.79%
36.68%
14.04%

Count
30
45
97
128
49
349

Table B.1: In their general approach, survey participants tended towards
keeping over deleting digital data.
When it came to specific data types (Figure B.1), respondents generally reported more keeping for pictures (74%, combining the counts for the two options
“keeping most” and “keeping more than deleting” together), contacts (71%), and
Facebook friends (59%). Instead, they reported more deleting for mobile applications (42%, similarly counting the two options “deleting most” and “deleting
more than keeping” together), emails (35%), and bookmarks (30%). These results
support the idea that keeping and deleting decisions can vary across data types.
However, the limitations in our sample and phrasing of these questions prevent us
from making broader claims about these results.

239

delete most

delete more

middle

keep more

keep most

NA

Device docs
Cloud docs
Texts
Media files
Pictures
Emails
Bookmarks
Apps
Contacts
FB friends
0%

25%

50%

75%

100%

Figure B.1: Keeping and deleting decisions varied according to different data
types: respondents reported the most keeping for pictures and the most
deleting for mobile apps.
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Appendix C

Data Analysis
C.1

Examples of coding in Study 1

In Study 1, we used Saturate1 to conduct collaborative coding of the interviews.
Here, two examples of coding that show some categories paired with codes (Figure C.1) and the collaborative nature of the process (Figure C.2).

Figure C.1: Example of a category and related code from Study 1.

1 http://www.saturateapp.com
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Figure C.2: Example of collaborative coding from Study 1.

Figure C.3: Example of categories and codes from Study 1.
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Figure C.4: Examples of codes about “hoarding” in Study 1.

Figure C.5: Examples of codes about “minimalism” in Study 1.
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C.2

Memos from Study 2

These memos contain rough and preliminary ideas. I reproduce them here in their
original form, but they might present concepts that significantly evolved over time.
April 6, 2018 (Study 2 ongoing):
different dimensions or types of minimalism: aesthetic minimalism,
minimal technology use, minimal data storage, minimal possessions,
minimalism as a life philosophy
May 8, 2018 (Study 2 ongoing):
the way people approached things (physical or digital or both) in their
process was both retrospective (e.g., I haven’t used in a long time, I
can get rid of it) and prospective (e.g., this will likely going to cause
me difficulties, better get rid of it now). So looking back, but also
looking forward – things (and the self) through time
May 22, 2018 (Study 2 ongoing):
Decluttering involves selection and deletion
Declutter: removing unwanted items
Select: choose a subset from a larger group
Delete: remove
Maybe, it makes sense to see it this way: decluttering is the process,
deleting and selecting are the actions.
June 2, 2018 (Study 2 ongoing):
Long term solutions won’t come from the file and folders paradigm
A comprehensive view of all can be helpful, maybe a dashboard with
metadata to highlight things that are likely candidates to be preserved
(for example the files, or better the objects, you spent the most time
on) or deleted (the files you never opened or haven’t opened in x etc.)
244

June 18, 2018 (Study 2 ongoing)
when do people delete data?
The when:
regularly (i.e., regular time they set to go through and delete their data,
short independent episodes over longer periods of time – this is routine
decluttering – the goal is to delete data as an activity in itself)
when an unusual event happens (e.g., breakup, new device, space is
running low – this is triggered decluttering)
in the context of a related but different daily activity (e.g., listening
to songs, interacting with data by doing other actions where the main
goal is not deleting something – contextual decluttering – actually accidental decluttering better describes it)
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C.3

Example of coding in Study 3

In Study 3 I used Annotations, a Mac application2 to analyse interview transcripts.
Here (Figure C.6), an example of codes that became part of the theme “selecting
data is a personal responsibility”: “automation makes you look lazy” and “I can
think on my own.”

Figure C.6: Example of coding from Study 3.

2 https://www.annotationsapp.com
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Figure C.7: A subset of the categories and codes from Study 3.

247

C.4

Examples of coding in Study 4

In Study 4, we first used Delve3 for collaborative open coding and then Saturate
for re-coding data with the main themes. Below, we include some example quotes
focused on centralization (Figure C.8, Figure C.9) and customization (Figure C.10,
Figure C.11).

Figure C.8: Example of coding about centralization from Study 4.

Figure C.9: An additional example of coding about centralization from
Study 4.

3 https://delvetool.com
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Figure C.10: Example of coding about customization from Study 4.

Figure C.11: An additional example of coding about customization from
Study 4.
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C.5

Examples of coding in the survey responses

To code the survey responses, I used Annotations. Below, some examples of coding
for data types (Figure C.12) and decluttering criteria (Figure C.13).
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Figure C.12: Example of coding data types in the online survey.
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Figure C.13: Example of coding decluttering criteria in the online survey.
252

Figure C.14: A subset of the categories and codes from the survey.

253

Appendix D

Additional Study Materials
D.1

Screening surveys for Study 3 and Study 4
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Study 3 screening survey
Start of Block: Participant information
Q1 Data Management Tools study recruiting
We are recruiting for an interview study on digital data management tools. Please complete the
survey and we will get back to you in case you are selected, thanks!
There are no right or wrong answers in this screening survey: we are looking for a varied set of
participants.

In the interview, we will show you a series of systems to manage data in the form of short
videos. Then, we will ask you questions about them. We will also ask you to bring some of your
main interactive devices with you and ask about your general data management behaviors. We
will audio-record the session. The study will last around 1 hour. The compensation is $15.
(For any questions, please contact REDACTED)

Q2 How old are you?
________________________________________________________________

Q3 What is your main occupation?
________________________________________________________________
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Q4 How would you characterise your general expertise with interactive technology?

o Below average
o Average
o Above average
Q5 Do you have experience with programming or a background in Computer Science?

o Yes
o No
Q6 What interactive systems do you use most frequently?

▢
▢
▢
▢
▢

Windows
macOS (Apple computers)
Android (Samsung, LG, Motorola mobile devices)
iOS (Apple mobile devices)
Other ________________________________________________
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Q7 What cloud platforms do you use most frequently?

▢
▢
▢
▢
▢
▢
▢
▢

Dropbox
Google Drive
iCloud
Box
OneDrive
Amazon Drive
Other ________________________________________________
I don't use any cloud platforms
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Q8
Thinking of your general approach with managing digital data (files, texts, photos, videos, etc.)
what is the option that best represents you?
(It doesn't need to be a perfect match, you can choose the one that is closest to you even if you
have some exceptions.)

o
I keep some data, delete some, and generally have a pretty relaxed approach to
organization. I don't think or worry much about data management.
o
I keep most of my data, but sometimes feel overwhelmed by it. I am not as organized as
I probably should be because it is hard or I don't have time to do it. I would like to get rid of
some data.

o I keep lots of data, I am generally organized, and I am happy about my approach.
o
I only keep necessary data. I am organized and regularly spend time deleting and
managing data.
o
I do not have a lot of data to begin with and I try to avoid spending a lot of time with
technology.
Q9 What is your email address?
(We will use it to contact you in case you are recruited for the study)

o Email Address ________________________________________________
End of Block: Participant information
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Study 4 screening survey
Start of Block: Participant information
Q1 Data Management Tool study recruiting
We are recruiting for a study on digital data management tools. Please complete the survey
and we will get back to you in case you are selected, thanks!
There are no right or wrong answers in this screening survey: we are looking for a varied set of
participants.
In the interview, we will show you and ask you to interact with a prototype in a set of use
scenarios. We will ask you questions about your experience of interacting with the prototype.
We will also ask you questions on your behaviors and attitudes towards data management. We
will audio-record the session. The study will last around 90 minutes. The compensation is $20.

(For any questions, please contact REDACTED)

Q2 How old are you?
________________________________________________________________

Q3 What is your main occupation?
________________________________________________________________

Q4 How would you characterise your general expertise with interactive technology?

o Below average (1)
o Average (2)
o Above average (3)
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Q5 Do you have experience with programming or a background in Computer Science?
(If yes, please elaborate)

o No (1)
o Yes (2) ________________________________________________
Q6 What interactive systems do you use most frequently?

▢
▢
▢
▢
▢

Windows (1)
macOS (Apple computers) (2)
Android (Samsung, LG, Motorola mobile devices) (3)
iOS (Apple mobile devices) (4)
Other (5) ________________________________________________
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Q7 What cloud platforms do you use most frequently?

▢
▢
▢
▢
▢
▢
▢
▢

Dropbox (1)
Google Drive (2)
iCloud (3)
Box (4)
OneDrive (5)
Amazon Drive (6)
Other (7) ________________________________________________
I don't use any cloud platforms (8)

Q8 Have you ever used any of these tools or applications?

▢
▢
▢
▢
▢
▢

CCleaner (1)
Clean My Mac (2)
DaisyDisk (3)
Files by Google app on Android (4)
Google Dashboard (5)

Settings panels to clean up data or free up space on your computer or
smartphone (6)
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Q9
Thinking of your general approach with managing digital data (files, texts, photos, videos, etc.)
what is the option that best represents you?
(It doesn't need to be a perfect match, you can choose the one that is closest to you even if you
have some exceptions.)

o
I keep some data, delete some, and generally have a pretty relaxed approach to
organization. I don't think or worry much about data management. (1)
o
I keep most of my data, but sometimes feel overwhelmed by it. I am not as organized as
I probably should be because it is hard or I don't have time to do it. I would like to get rid of
some data. (2)

o I keep lots of data, I am generally organized, and I am happy about my approach. (3)
o
I only keep necessary data. I am organized and regularly spend time deleting and
managing data. (4)
o
I do not have a lot of data to begin with and I try to avoid spending a lot of time with
technology. (5)
Q10 What is your email address?
(We will use it to contact you in case you are recruited for the study)

o Email Address (1) ________________________________________________
End of Block: Participant information
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Appendix E

Additional Documents
E.1

Study 1 call for participation
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Advertisement everyday users
Subject: Digital Data Management Study
We are conducting a study to investigate of how people manage and preserve digital data (e.g.,
files on computers, data produced with mobile applications) across their personal devices. The
study will consist of an interview where you will discuss how you manage your digital data,
showing us examples from your devices. We will ask you to explain your data management
strategies, how you categorise digital data, and how you deal with the possibility of losing
digital data. We might also ask you to collect screenshots of how you organize your files or
data, but you will have the freedom to choose what we can capture or not.
The interview will take approximately one hour. You will receive $15 for participating.
The study is available to anyone who meets the following:
•
Is 18 years of age or older
•
Regularly uses one or more interactive devices (e.g. smartphone, laptop, tablet) with
personal files or data on them
•
Speaks English fluently
When
Participation times are negotiable, and will take place at the UBC Computer Science building or
in a convenient location of your choice (your office, a café, etc.).
If you are interested, please contact Francesco Vitale AAAAAAAA. The principal investigator
for this study is Dr. Joanna McGrenere, Professor, Computer Science, UBC.

Page | 1 Advertisement everyday users Version 1.1 – May 25, 2017
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E.2

Study 1 recruiting poster
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tell us about
your digital data
(and get 15$)

What is it?
We are studying how people manage and preserve digital data (e.g.,
files on computers, data from mobile applications) on their devices.
What will you do?
You will take part in an interview (around 1 hour) about how you
manage your digital data, showing us examples from your devices.
You will receive 15$ for participating.
Who do we want?
We are looking for participants who
• are 18 years or older
• speak English fluently
• regularly use interactive devices (e.g., smartphone, laptop, tablet)
When?
Participation times are negotiable, at the UBC Computer Science
building or in a location of your choice (your office, a café, etc.)
how to participate
If interested, please contact Francesco Vitale: aaaaaaaaaaaa
mentioning your age, occupation, and what devices you use.
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E.3

Study 1 consent form
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UBC Department of Computer Science
ICICS/CS Building
201-2366 Main Mall
Vancouver, B.C., V6T 1Z4
Digital Data Management Study

Consent Form
Principal Investigator
Joanna McGrenere, Professor, Department of Computer Science, aaaaaaaaa
Co-Investigator
Francesco Vitale, PhD student, Department of Computer Science, aaaaaaaaa
Project Purpose and Procedures
The purpose of this study is to investigate how people manage, categorise and preserve their
digital data (e.g., files on computers, data produced with mobile applications). During the
study, we will ask you questions about your data management practices and your experience
with digital data loss and preservation. You will be free to discuss details of your data in as
much detail as you wish, whatever you are comfortable with. We might also ask you to
collect screenshots or pictures from your devices of how you organize your data, but we will
ask permission to do so and you will be free to refuse, without impacting your participation
in the study.
Confidentiality
Your identity will be kept confidential. We will record the audio of your answers, take notes
on your comments, and in some cases collect screenshots or pictures, but no identifying
information will be stored with this data, nor will it be associated with the data after it has
been analyzed.
The results will be made public through scholarly publications, presentations and academic
theses; however, no identifying information will be included in any of these.
Risks/Remuneration/Compensation
We do not anticipate any significant risks for taking part in this study. You are free to
withdraw at any point in your participation, even after it has been completed.
You will receive an honorarium of $15 for your participation. You will be eligible for the
honorarium even if you withdraw from the study.

Consent Form – Version 1.1 – 2017-April 27
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Contact Information about the Project
If you have any questions or require further information about the project you may contact
Francesco Vitale (aaaaaaaaa ), or Dr. Joanna McGrenere (aaaaaaaaa ).
Contact for Concerns About the Rights of Research Subjects
If you have any concerns or complaints about your rights as a research participant and/or
your experiences while participating in this study, contact the Research Participant
Complaint Line in the UBC Office of Research Ethics at aaaaaaaaa or if long distance
e-mail aaaaaaaaa or call toll free aaaaaaaaa .
Consent
We intend for your participation in this project to be pleasant and stress-free. Taking part in
this study is entirely up to you. You have the right to refuse to participate in this study. If
you decide to take part, you may choose to pull out of the study at any time without giving a
reason and without any negative consequence.
Your signature below indicates that you have received a copy of this consent form for your
own records.
Your signature indicates that you consent to participate in this study.
I, (print name) ___________________________ agree to participate in the study as outlined
above. My participation in this study is voluntary and I understand that I may withdraw at
any time.
____________________________________________________________________
Participant Signature
Date
_____________________________________
Printed Name of the Participant signing above
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Advertisement group 4 (everyday minimalist users)
Subject: Study on Minimalism
We are conducting a study to investigate how people minimize (i.e., cleanup or de-clutter) their
possessions, both physical (e.g., clothes, books, tools) and digital (e.g., files on computers, data
produced with mobile applications). The study will consist of an observation and interview
where you will discuss how you follow a minimalist approach in managing your possessions. We
will ask you to show us examples from your devices and your home or office and describe the
process you go through when minimizing your possessions. We will ask you to discuss your
approach in deciding what to keep and discard. We will audio and video record the session and
might also ask you to collect screenshots or pictures of your items or during the minimizing
process, but you will have the freedom to choose what we can capture or not.
The study will last approximately one hour. You will receive $45 for participating.
The study is available to anyone who meets the following:
•
Is 18 years of age or older
•
Regularly uses one or more interactive devices (e.g. smartphone, laptop, tablet) with
personal files or data on them
•
Speaks English
When and where
Participation times are negotiable, and will ideally take place at your home or office or another
equivalent place where you store your own possessions.
If you are interested, please contact Francesco Vitale.The principal investigator for this study is
Dr. Joanna McGrenere, Professor, Computer Science, UBC.
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Are you a minimalist?
(earn 45$)
We are studying how self-identified “minimalists” manage their
possessions. You will take part in an observation and interview
(around 45 minutes, in your home) about your possessions (both
physical and digital), showing us examples of how you minimize
them. You will receive 45$.
Who do we want?
We are looking for participants who
• are 18 years or older and speak English
• regularly use digital devices (e.g., smartphone, laptop)
• self-identify as minimalists or interested in minimalism
When and where?
Participation times are negotiable. The study will take place at your
home, office, or equivalent place where you store your possessions.
how to participate
If interested, please contact Francesco Vitale: aaaaaaaaaaaaa
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UBC Department of Computer Science
ICICS/CS Building
201-2366 Main Mall
Vancouver, B.C., V6T 1Z4
Digital Data Management Study

Consent Form
Principal Investigator
Joanna McGrenere, Professor, Department of Computer Science, *********
Co-Investigator
Francesco Vitale, PhD student, Department of Computer Science, *********
Project Purpose and Procedures
The purpose of this study is to investigate how people minimize (i.e., cleanup or de-clutter)
their possessions, both physical (e.g., clothes, books, tools) and digital (e.g., files on
computers, data produced with mobile applications). During the interview we will ask you
questions about how you manage your possessions. We will also ask you to observe the
process you go through to keep your possessions at a minimum. You will be free to discuss
details of your possessions in as much detail as you are comfortable with.
Confidentiality
Your identity will be kept confidential. We will audio and video record the session, take
notes on your comments, and in some cases collect screenshots or pictures, but no
identifying information will be stored with this data (we will avoid capturing your face in
video), nor will it be associated with the data after it has been analyzed.
The results will be made public through scholarly publications, presentations and academic
theses; however, no identifying information will be included in any of these.
Risks/Remuneration/Compensation
We do not anticipate any significant risks for taking part in this study. You are free to
withdraw at any point in your participation, even after it has been completed.
You will receive an honorarium of $40 for your participation. You will be eligible for the
honorarium even if you withdraw from the study.
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Contact Information about the Project
If you have any questions or require further information about the project you may contact
Francesco Vitale (*********), or Dr. Joanna McGrenere (*********).
Contact for Concerns About the Rights of Research Subjects
If you have any concerns or complaints about your rights as a research participant and/or
your experiences while participating in this study, contact the Research Participant
Complaint Line in the UBC Office of Research Ethics at ********* or if long distance email ******** or call toll free *********.
Consent
We intend for your participation in this project to be pleasant and stress-free. Taking part in
this study is entirely up to you. You have the right to refuse to participate in this study. If
you decide to take part, you may choose to pull out of the study at any time without giving a
reason and without any negative consequence.
Your signature below indicates that you have received a copy of this consent form for your
own records.
Your signature indicates that you consent to participate in this study.
I, (print name) ________________________________________________________
agree to participate in the study as outlined above. My participation in this study is voluntary
and I understand that I may withdraw at any time.
____________________________________________________________________
Participant Signature
Date

Consent Form Group 4 – Version 1.1 – January 29, 2018
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Advertisement Phase III
Subject: Help us design new data management tools
We are studying how people manage and select their digital data over time. In this interview,
we will show you a series of possible systems to manage data in the form of short videos. Then,
we will ask you questions about them. We will also ask you about your general data
management attitudes and behaviors. We will audio-record the session.
The study will last approximately one hour. You will receive $15 for participating.
The study is available to anyone who meets the following:
•
•
•

Speaks English
Is 18 years old or older
Regularly uses one or more interactive devices (e.g. smartphone, laptop, tablet) with
personal files or data on them

When and where
Participation times are negotiable. The interview will take place at the Department of Computer
Science at UBC, Vancouver campus.
If you are interested, please contact Francesco Vitale. The principal investigator for this study is
Dr. Joanna McGrenere, Professor, Computer Science, UBC.
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UBC Department of Computer Science,
ICICS/CS Building, 201-2366 Main Mall
Vancouver, B.C., V6T 1Z4

Digital Data Management Study - Consent Form
Principal Investigator
Joanna McGrenere, Professor, Department of Computer Science, aaaaaaaaa
Co-Investigator
Francesco Vitale, PhD student, Department of Computer Science, aaaaaaaaa
Project Purpose and Procedures
The goal of this study is to gather feedback on possible systems to manage digital data. We will show you a series of
video prototypes and ask you questions about them. We will also ask you questions on your behaviors and attitudes
towards data management. You are free to answer in as much detail as you are comfortable with.
Confidentiality
Your identity will be kept confidential. We will audio record the session, take notes, and in some cases collect
pictures or video, but no identifying information will be stored with this data (we will avoid capturing your face in
case of pictures or video capture), nor will it be associated with the data after it has been analyzed. The results will
be made public through scholarly publications, presentations and academic theses; however, no identifying
information will be included in any of these.
Risks/Compensation
We do not anticipate any significant risks for taking part in the study. You are free to withdraw at any point, even
after it has been completed. You will receive an honorarium of $15 for your participation. You will be eligible for
the honorarium even if you withdraw from the study.
Contact Information about the Project
If you have any questions or require further information about the project you may contact Francesco Vitale
(aaaaaaaaa ), or Dr. Joanna McGrenere (aaaaaaaaa ).
Contact for Concerns About the Rights of Research Subjects
If you have any concerns or complaints about your rights as a research participant and/or your experience while
participating in the study, contact the Research Participant Complaint Line in the UBC Office of Research Ethics at
aaaaaaaaa or if long distance e-mail aaaaaaaaa or call toll free aaaaaaaaa .
Consent
We intend for your participation to be pleasant and stress-free. Taking part in this study is entirely up to you. You
have the right to refuse to participate. If you decide to take part, you may choose to pull out of the study at any time
without giving a reason and without any negative consequence.
Your signature below indicates that you have received a copy of this consent form for your own records. Your
signature indicates that you consent to participate in this study.
I, (print name) __________________________________________________________
agree to participate in the study as outlined above. My participation in this study is voluntary and I understand that I
may withdraw at any time.
____________________________________________________

___________________

Participant Signature

Date
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Advertisement Phase IV
Subject: Help us evaluate a prototype to manage your personal digital data
We are studying how people manage their personal digital data (for example, files, documents,
photos, messages). In this study, we will ask you to interact with the prototype of a system for
managing personal data. Then, we will ask you questions about your experience with the
prototype. We will also ask you about your general data management attitudes and behaviors.
We will audio-record the session.
The study will last approximately 60-90 minutes. You will receive $20 for participating.
The study is available to anyone who meets the following:
•
•
•

Speaks English
Is 18 years old or older
Regularly uses one or more interactive devices (e.g. smartphone, laptop, tablet) with
personal files or data on them

When and where
Participation times are negotiable. The interview will take place at the Department of Computer
Science at UBC, Vancouver campus.
If you are interested, please contact Francesco Vitale. The principal investigator for this study is
Dr. Joanna McGrenere, Professor, Computer Science, UBC.
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UBC Department of Computer Science,
ICICS/CS Building, 201-2366 Main Mall
Vancouver, B.C., V6T 1Z4

Digital Data Management Study - Consent Form
Principal Investigator
Joanna McGrenere, Professor, Department of Computer Science, aaaaaaaaa
Co-Investigator
Francesco Vitale, PhD student, Department of Computer Science, aaaaaaaaa
Project Purpose and Procedures
The goal of this study is to gather feedback on a system to manage digital data. We will show you and ask you to
interact with a prototype in a set of use scenarios. We will ask you questions about your experience of interacting
with the prototype. We will also ask you questions on your behaviors and attitudes towards data management. You
are free to answer in as much detail as you are comfortable with.
Confidentiality
Your identity will be kept confidential. We will audio record the session, take notes, and in some cases collect
pictures or video, but no identifying information will be stored with this data (we will avoid capturing your face in
case of pictures or video capture), nor will it be associated with the data after it has been analyzed. The results will
be made public through scholarly publications, presentations and academic theses; however, no identifying
information will be included in any of these.
Risks/Compensation
We do not anticipate any significant risks for taking part in the study. You are free to withdraw at any point, even
after it has been completed. You will receive an honorarium of $20 for your participation. You will be eligible for
the honorarium even if you withdraw from the study.
Contact Information about the Project
If you have any questions or require further information about the project you may contact Francesco Vitale
(aaaaaaaaa ), or Dr. Joanna McGrenere (aaaaaaaaa ).
Contact for Concerns About the Rights of Research Subjects
If you have any concerns or complaints about your rights as a research participant and/or your experience while
participating in the study, contact the Research Participant Complaint Line in the UBC Office of Research Ethics at
aaaaaaaaa or if long distance e-mail aaaaaaaaa or call toll free aaaaaaaaa .
Consent
We intend for your participation to be pleasant and stress-free. Taking part in this study is entirely up to you. You
have the right to refuse to participate. If you decide to take part, you may choose to pull out of the study at any time
without giving a reason and without any negative consequence.
Your signature below indicates that you have received a copy of this consent form for your own records. Your
signature indicates that you consent to participate in this study.
I, (print name) __________________________________________________________
agree to participate in the study as outlined above. My participation in this study is voluntary and I understand that I
may withdraw at any time.
____________________________________________________

___________________

Participant Signature

Date
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Survey on Digital Data
Researcher: Francesco Vitale (graduate student), Joanna McGrenere (PI)
Description: We are studying how people manage and preserve digital data
(e.g., files on computers, photos, apps.) In the survey we will ask you questions
about your digital data preservation startegies and organization. The survey
should take 10-15 minutes to complete and you can find it at this address: https://
ubc.ca1.qualtrics.com/jfe/form/SV_3fW4jIZYUVnO6UZ
Eligibility: We are looking for participants who are 18+ years old.
Location: Take the survey on a device of your choice, wherever you are.
Contact Information: Please contact Francesco Vitale, using "Digital Data
Survey" as a reference if you have any questions
Reimbursement/Time: You can enter a prize draw for a $25 (CAD) gift card. We
will extract one person out of every 10 participants.
Study End Date: December 30, 2018
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UBC Department of Computer Science
ICICS/CS Building
201-2366 Main Mall
Vancouver, B.C., V6T 1Z4
Digital Data Management Study

Consent Form Survey
Principal Investigator
Joanna McGrenere, Professor, Department of Computer Science, aaaaaaaaa
Co-Investigator
Francesco Vitale, PhD student, Department of Computer Science, aaaaaaaaa
Project Purpose and Procedures
The purpose of this study is to investigate how people manage, categorise and preserve their
digital data (e.g., files on computers, data produced with mobile applications). During the
survey, we will ask you questions about your digital data.
Confidentiality
Your identity will be kept confidential. We will only record your identifying information if
you want to participate in the draw for a prize. Your identifying information will not be
stored with this data, nor will it be associated with the data after it has been analyzed.
The results will be made public through scholarly publications, presentations and academic
theses; however, no identifying information will be included in any of these.
Risks/Remuneration/Compensation
We do not anticipate any significant risks for taking part in this study. You are free to
withdraw at any point in your participation. Participants will be able to enter a draw with a
1/10 chance of winning a $25 (25 Canadian dollars) gift card. Everyone who participates
(even those who withdraw) is allowed to take part in the draw for a prize.
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Contact Information about the Project
If you have any questions or require further information about the project you may contact
Francesco Vitale (aaaaaaaaa ), or Dr. Joanna McGrenere (aaaaaaaaa ).
Contact for Concerns About the Rights of Research Subjects
If you have any concerns or complaints about your rights as a research participant and/or
your experiences while participating in this study, contact the Research Participant
Complaint Line in the UBC Office of Research Ethics at aaaaaaaaa or if long distance
e-mail aaaaaaaaa or call toll free aaaaaaaaa .
Consent
We intend for your participation in this project to be pleasant and stress-free. Taking part in
this study is entirely up to you. You have the right to refuse to participate in this study. If
you decide to take part, you may choose to pull out of the study at any time without giving a
reason and without any negative consequence.
By answering the questions in the survey you agree to take part in the study.
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