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ABSTRACT
Current personal informatics models consider re�ection as an important stage in users’ journeys with trackers. However, these models describe re�ection from a meta perspective and it remains unclear what this stage entails. To design interactive technologies that
support re�ection, we need a more thorough understanding of how
people re�ect on their personal data in practice. To that end, we
conducted semi-structured interviews with users of �tness trackers
and an online survey to study practices in re�ecting on �tness data.
Our results show that users reported re�ecting on data despite
lacking re�ection support from their tracking technology. Based on
our results, we introduce the Technology-Mediated Re�ection Model,
which describes conditions and barriers for re�ection on personal
data. Our model consists of the temporal and conceptual cycles of
re�ection and helps designers identify the possible barriers a user
might face when using a system for re�ection.
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1

INTRODUCTION

Re�ection is considered to be an important part of how people use
personal informatics systems [12, 23]. By re�ecting on personal
data, a user can come to an understanding of patterns and trends,
which can lead to more knowledge about oneself. However, previous research has shown that users accumulate long term personal
data as a by-product of short term tracking [38]. In other words,
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people do not use their activity data for analysis of trends or patterns, just for short-term monitoring or feedback. A possible cause
for this is that current systems often do not support users in re�ecting on their personal data [7–9, 22, 24], which might explain the
increased interest in HCI to design for re�ection [3, 25]. Yet, to be
able to design for re�ection, we �rst need to have a more thorough
understanding of what re�ection entails for users of personal informatics systems. Current models for personal informatics, such
as the Stage-Based Model of Personal Informatics Systems [23] and
the Lived Informatics Model of Personal Informatics [12], describe
re�ection from a meta-perspective. These models form a key level
of understanding in personal informatics. A recent literature review
by Epstein et al. [10] remarked that publications about personal
informatics systems often use a model as their theoretical framing.
As such, the existing personal informatics models fuel the �eld
and future interventions. Current models [12, 23] o�er a high-level
overview of the process people go through in using personal informatics systems, but give us no insight into how re�ection on
personal data occurs in practice.
Thus, a better understanding of how people re�ect on their personal data is needed. To explore this, we conducted interviews and
an online survey with users who reported having �tness tracker
routines. Through these interviews we established an account of
the way in which people use their tracker’s data for re�ection.
The results of our study show that re�ection does occur, but users
attribute that more to their re�ective nature than to the �tness
tracker’s support for re�ection. Our participants mentioned several
barriers for re�ection, resulting in users building their own, additional systems or maintaining spreadsheets to be able to re�ect on
their data. The interview study was followed by a survey where
we inquired about the barriers and opportunities mentioned in the
interviews in a larger group of users. Based on the gathered data,
we propose the Technology-Mediated Re�ection Model. Our model
describes how two cycles, a temporal cycle and a conceptual cycle contribute to facilitated re�ection on tracker data. The cycles
illustrate how systems support or impede re�ection. Our model is
intended to serve as a sub-model for existing personal informatics
models and it can be used to better understand existing systems
as well as serve as an inspiration for future personal informatics
designs.
This paper contributes the following: (1) a qualitative study of
the practices in re�ection on data accumulated by �tness trackers
consisting of 20 interviews; (2) a survey of the conceptual and
temporal aspects of re�ection among personal informatics users;
(3) an account of the users’ current practices with re�ecting on
personal data; and (4) the Technology-Mediated Re�ection Model
(TMRM), which describes conditions and barriers for re�ection.
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In this work, we �rst review related literature in re�ection and
personal informatics. We then present the method and �ndings
from our interviews and a survey. Next, we use the gathered data
to introduce the Technology-Mediated Re�ection Model (TMRM).
We conclude with a discussion and directions for future research.

2

RELATED WORK

In this section, we �rst report on the conceptualisation of re�ection
in the �eld of HCI. We then discuss how re�ection is manifested
as a design goal in interactive technologies. Next, we report on
user’s experiences of personal informatics journeys. Finally, we
discuss past accounts of personal informatics experiences involving
re�ection.

2.1

Re�ection in HCI

The HCI �eld invested considerable e�ort in building an understanding about re�ection. HCI work is highly in�uenced by Schön’s
framing of re�ection [2, 36]. A systematic review conducted by
Baumer [2] shows that 70% of HCI papers (that explicitly de�ne
re�ection) use Schön’s notion of re�ection-in-action or re�ectionon-action. Re�ection-in-action takes place during action, implying
that a person is re�ecting on their actions while doing them [35].
According to Schön [26], re�ection-in-action does not occur during actions that go according to plan, it only occurs in situations
where the action leads to unexpected consequences. In contrast,
re�ection-on-action occurs after an action has �nished. Re�ectionon-action is the activity of reconstructing an experience, based on
our memories of the event. It is an e�ort of stepping back into
the experience, retrieving our memories and organising these fragmented parts with the aim of understanding what has happened
and drawing lessons from the experience. However, as Slovak et
al. [36] remarked, Schön’s framework does not directly address how
technology can support re�ective processes, leading to a gap in our
understanding of how re�ection can be facilitated by technology. To
address this gap, Slovak et al. adopt Schön’s notion of the re�ective
practicum. The goal of the re�ective practicum is to structure a
learning process by o�ering a safe environment in which students
learn through sca�olded learning experiences. Their work aims to
create the ’right experiences’, consisting of three components (explicit, social and personal) that reinforce each other in sca�olding
re�ection. Our work aims to continue the inquiry into the practices
of technology supported re�ection. More speci�cally, we investigate if and how current concepts of re�ection in HCI can be used
to understand re�ection in personal informatics.

2.2

Systems That Support Re�ection

A wide variety of systems was designed with re�ection as the declared design goal. Such systems are often interpreted as more
ethical successors to an earlier trend focused on persuasive technology [10]. Often, personal informatics systems aspired to enhance
re�ection among users by visualising past data [1, 6, 13, 30–32]. For
instance, Trackly [1] was a mobile app that helped patients with
Multiple Sclerosis to manually track their symptoms and to re�ect
on the collected data through visualisations. Using Trackly led to introspection among participants, as well as feelings of empowerment
in handling their disease.
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Concurrently, personal informatics systems have been critiqued
in the past for not actively encouraging re�ection [7, 22]. As noted
by Baumer [2], these systems carry an implicit assumption that
by showing a user visualisations of their past data for the purpose
of re�ection, that re�ection will occur. However, as also noted by
Slovak [36], this con�icts with re�ection theories that underscore
the importance of encouraging re�ection, seeing that it often does
not occur automatically. The literature also shows examples of technologies that adopt an active role in the encouragement of re�ection.
Isaacs et al. [19] designed a mobile app for recording everyday experiences and re�ecting on them later. The app prompts old entries
to users and lets them re-rate their current happiness regarding
the memory. Other systems aimed to encourage re�ection through
asking re�ective questions. Kocielnik et al. [21] designed Robota,
a chatbot with voice interaction. Robota stimulated re�ection and
self-learning in the workplace by asking questions and chatting.
A similar approach was used by Jung et al. [20], who designed a
conversational agent that supported children in re�ecting during
designing and building mechatronics systems. The agent asked
open-ended questions that stimulated a dialogue between a child
and the artefact while building the system.
These examples are illustrative for the ongoing design e�orts
for technologies facilitating re�ection, both in the �eld of personal informatics and broader HCI. These technologies use a wide
spectrum of features to encourage re�ection. Yet there is a gap
in our understanding of how these di�erent qualities of interactive technologies contribute to re�ection beyond speci�c systems. Thus, it remains unclear how a system can help users enact
re�ection.

2.3

Modeling the Personal Informatics Journey

In recent years, several models were proposed that describe the
user’s journey in using personal informatics systems. Li’s StageBased Model of Personal Informatics Systems [23] described this
journey through �ve stages: preparation, collection, integration,
re�ection and action. Subsequently, Epstein et al. proposed the
Lived Informatics Model of Personal Informatics [12], which is an
extension of Li’s model. Several stages have been added, such as
deciding to track, selecting tools, and tracking and acting as an
ongoing process of collection, integration and tracking. Later, Niess
& Wozniak [28] explained phenomena related to goal setting and
placed them in the framework of Epstein et al.’s model. A common
feature of the three models above is that they all feature a re�ection
phase and this phase is ascribed signi�cant importance. Re�ection
is seen as a key enabler for positive experiences in one’s personal
informatics journey. Given the importance of re�ection for the
overall process, a deeper understanding of personal informatics
can be built through studying the details of that phase. It remains
a challenge to understand how and under what conditions users
enter and exit the re�ection phase. Consequently, there is a need
for examining the user practices within the re�ection phase of
personal informatics journeys. While a number of models have
been built that help us understand personal informatics journeys,
these models do not account for the ways in which users interpret
and understand data about themselves.
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2.4

Interpreting Data in Personal Informatics

Another facet of personal informatics research is understanding
how users conceptualise and interpret their personal informatics
experiences. For instance, Gouveia et al. [16] found that users often struggled to contextualise minimalist feedback produced by
trackers and project the information onto their overall perception
of �tness. The need for understanding �tness on an abstract level
was further exempli�ed by Carrington et al. [5] who studied the
experiences of wheelchair athletes. These users were dissatis�ed because of the conceptual mismatch between the features commercial
�tness trackers o�ered and their need to monitor their �tness in a
meaningful way. Further, Murnane et al. [27] showed how di�erent social stakeholders involved in the life of persons with serious
mental illnesses who used trackers used tracking at di�erent levels
of abstraction.
On another note, Niess and Wozniak [28] found that users often
aimed to relate qualitative goals to quantitative goals, thus operationalising numbers produced by tracking systems into higherlevel concepts that matched their personal �tness goals. Further,
Niess and Wozniak [28] emphasised that personal informatics goals
evolved over time. This view is also supported by Suh and Hsieh [37].
They explored how motivations for activities that would happen
in the near or distant future (e.g. near or distant goals) could be
addressed in technologies for behavioural change. They applied
construal level theory (CLT) as an understanding lens for their
work. Construal level theory (CLT), introduced by Trope et al. [39]
describes the interplay between the level of construal and psychological distance. CLT di�erentiates between two levels of mental
representation (high construal/low construal). In other words, one
can think about a situation in abstract or concrete terms. For instance, ‘going for a walk in the park’ can be construed as: ‘spending
some time in nature to unwind and relax‘(high construal, i.e. more
abstract) or ‘walking 10 000 steps’ (low construal, i.e. more concrete). Further, CLT postulates that the way people construe aspects
of their life (e.g. how they think about events, objects, people) is
connected to psychological distance. The more (psychologically)
distant a certain situation is the more abstract it will be thought
of (i.e. high construal), and the more (psychologically) closer a certain situation is the more concrete it will be thought of (i.e. low
construal). Using the aforementioned example of the walk in the
park, a higher level of construal induces a focus on the ‘why’ of the
activity (i.e. ‘spending some time in nature to unwind and relax’),
whereas a lower construal level induces a focus on the ‘how’ of the
activity (i.e. ‘walking 10 000 steps’).
The works outlined above encompass a variety of approaches to
build an understanding about the ways users conceptualise their
personal informatics experiences. However, modern trackers still
struggle with presenting information to users at the right level of
abstraction [16, 28]. Our work aims to understand how trackers can
help users e�ectively understand and re�ect about their tracking
data and relate it to abstract concepts that represent their values
and desires.

3

METHOD

This study inquires how the re�ection phase in personal informatics
experiences is enacted in the everyday lives of users. To that end, we
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conducted a mixed-method inquiry. We conducted a set of in-depth
interviews and an online survey. This enabled us to gather both
in-depth accounts of qualitative experiences in re�ection tracking
as well as quantitatively examining trends in how a broader sample
of everyday users re�ect on personal informatics data. The survey
enabled us to examine if the qualitative insights from the interviews
translated to a larger group of users. Next, we present the details of
our data collection and analysis methods. We then show how the
gathered data contributed to building the TMRM.

3.1

Interviews

We conducted semi-structured interviews with �tness tracker users.
A number of past studies of personal informatics used interviews
as a data source, e.g. [12, 28]. Further, we chose the interview format as it enabled us to address speci�cally the re�ection phase
of the tracking experience. Personal, in-depth interviews allowed
charting the users’ understanding of re�ection and their practices
connected with re�ecting. Interviews are also possible to conduct
over a distance, which was required when the study was conducted,
i.e. April to June 2020.
3.1.1 Participants. We used our social networks combined with
snowball sampling to recruit n = 20 participants. We did not use
strict participation criteria, and included all users with an intention
to use tracking technology on a long-term basis. The participants
were aged 21–53 years, M = 32.65, SD = 9.39. Twelve interviewees identi�ed as male and eight as female. All participants were
residents of the European Union and were interviewed in their
native language or English. We used Skype and Microsoft Teams
to conduct the interviews and record audio. The participants were
asked for consent for recording before the interviews and informed
that they are allowed to terminate the interview at any time. We
provided shopping vouchers for EUR 10 as remuneration. Table 1
presents details about the participants.
3.1.2 Interview Protocol. The interview started with basic demographic data collection and obtaining consent for recording. We
then inquired about the user’s tracking history and the reasons
behind using trackers. Next, we asked questions about what data
they collected and when they reviewed the data 1 . We used contextual laddering [18] to gather detailed data about when data review
took place and what tools were used to facilitate re�ection. Having
established what the users’ routines were in reviewing data, we explicitly asked about their understanding of re�ection. We inquired
about when they felt they were re�ecting, what prompted them
to re�ect and how re�ection made them feel. The interview ended
with a discussion of the impact of re�ection on lifestyle decisions.
3.1.3 Data Analysis. We recorded audio throughout the interviews.
In total, we collected 9 hours and 35 minutes of audio. An interview
lasted 28 minutes on average, SD = 8.59 minutes. All interviews
were transcribed verbatim. We imported the transcripts into the
Atlas.ti analysis software for further analysis. To build an inductive
understanding of user practices and behaviours in the re�ection
phase of personal informatics, we applied an iterative analysis process [29]. As a starting point, two authors coded a representative
1 The

full protocol is included in the supplementary material.
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Table 1: An overview of the participants in the interview study. The tracking experience reported in the table comprises all
periods of tracking and excludes possible lapses. Participants marked with an asterisk (*) reported lapses in their tracking
experience.
PID

Gender

Age

Profession

Brand

Model

Tracking duration

P1*
P2
P3
P4
P5
P6
P7
P8
P9
P10*
P11
P12
P13*
P14
P1*
P16
P17
P18
P19
P20*

Male
Male
Female
Male
Female
Male
Male
Male
Female
Female
Female
Male
Female
Male
Male
Female
Male
Male
Female
Male

35
24
47
20
47
38
53
26
21
23
26
39
42
23
32
28
35
29
33
32

Teacher
Student
Teacher
Student
Teacher
Teacher
Entrepreneur
Student
Student
Student
Project leader
ICT manager
Teacher
Student
Fitness instructor
Lawyer
PE teacher
Marketer
Kindergarten teacher
Telecommunications engineer

Polar
Xiaomi
Fitbit
Fitbit
Fitbit
Garmin
Garmin
Huawei
TomTom
WHOOP
Apple
Garmin
Fitbit
Garmin
WHOOP
Apple
TomTom
WHOOP
Fitbit
Fitbit

M200
MiBand 3
Alta HR
Charge 3
Alta HR
Forerunner 735XT
Forerunner 735XT
Band 3 Pro
Spark 3
3.0
Watch 4
Forerunner 735XT
Charge 3
Forerunner 235
3.0
Watch 4
Touch
3.0
Charge 3
Charge 2

2 years
1 year
1 year
1 year
3 years
5 years
10 years
2 years
1 year 6 mo
9 mo
1 year
3 years
4 years
2 years
3 years
1 year 6 mo
4 years
2 months
1 year 6 mo
4 years

sample of 10% of the data using open coding in line with Blandford
et al. [4]. Through a set of iterative discussion rounds we established an initial coding tree, which was then used by the �rst author
to code the remaining material. Subsequently, we used thematic
analysis combined with a�nity diagramming [4], to gain a more
abstract overview of the data. Finally, we applied axial coding [33]
combined with iterative discussions to re�ne our understanding
of the data. At this stage, we identi�ed the concepts of abstractness and temporality (which serve as the core of our model). To
investigate them in more detail, we returned to the data and recoded the quotations within those themes to increase granularity
within the themes. Using the re-coded data, we conducted a second
round of axial coding and constructed the model through constant
comparison.

3.2

Survey

To increase the ecological validity of our inquiry, we conducted an
online survey based on the results from our qualitative inquiry. This
enabled us to additionally validate our �ndings within the identi�ed
concepts. Further, by using an online survey, we could reach out to
a more diverse and larger user sample. The full questionnaire and
data set is available as auxiliary material.
3.2.1 Participants. We used Amazon Mechanical Turk to recruit
n = 60 participants for the study. Participants were required to have
at least 1000 completed tasks with an acceptance rate of at least 95%.
To complete the survey, participants needed to declare that they
owned and actively used a tracking technology and review data
generated by it. The participants were aged 19–59 years, M = 32.14,

SD = 8.09 and resided primarily in the US, Canada, United Kingdom
and the European Union. Forty-seven participants identi�ed as
male and twenty-one as female. The participants received USD 1
for completing the survey which lasted on average 4.27 minutes,
SD = 4.27 minutes. The majority of the survey participants reported
that they were satis�ed with their tracker, as shown in Figure 1.
3.2.2 Survey Content. Our online Qualtrics survey further investigated re�ection practices that were identi�ed in the interviews. The
survey contained questions about the users’ frequency of looking
at their tracker data, their re�ecting practices, and their satisfaction
in using the device. Further, we speci�cally explored the temporal
dimension of re�ection on personal data through questions and
comments such as ’When you look at your data, what is the time
period you look at?’, ’Re�ecting on my data happens spontaneously’
and ’I plan when to look back on my data’. Finally, the survey asked
questions regarding the relation between the tracker’s abilities and
the user’s needs: ’The information provided by the tracker matches
what I want to achieve with the tracker’ and ’I use additional tools
(e.g. a spreadsheet) to re�ect on my data’.

4

THE TECHNOLOGY-MEDIATED
REFLECTION MODEL

The Technology-Mediated Re�ection Model (TMRM) describes user
behaviours and practices in the re�ection phase of a personal informatics journey. The model shows how users enter, exit and stay
in the re�ection phase. The model is comprised of two cycles; the
temporal cycle and the conceptual cycle. These cycles show how
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(a)

(b)

Figure 1: Considering lapsing (a) and overall tracker satisfaction (b) reported in our survey. Some survey participants considered whether to stop using their tracker, however most were very satis�ed with their tracking experience.
users’ needs and perspectives evolve throughout their engagement
with their tracker.
The key concept behind the TMRM is facilitated re�ection—a
state where the user perceives that they receive adequate support
for re�ection from their tracking technology of choice, i.e. the
features of the tracking technology are aligned with the current
conceptual and temporal needs of the user. Our �ndings show
that this state is temporary—re�ection in personal informatics is a
dynamic process in which the users constantly adapt their tracking
experience to their evolving needs. An adapted tracking experience
which facilitates e�ective re�ection always happens in context
and often leads to re-framing one’s needs which in turn calls for
adapting the tracking experience again. Thus, constant adaptation
for alignment becomes a cyclic process. The TMRM describes how
users desire di�erent perspectives on their data and how these
needs may change over time. The inability to e�ectively access data
that provides the desired conceptual or temporal perspective will
negatively impact re�ection. Users will then, if possible, adapt their
tracking experience and, if they have the means to implement the
perspective shift, they are likely to re-enter facilitated re�ection.
If certain boundary conditions are unmet, the user may leave the
re�ection phase.
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Our model operationalises the cyclic experience of re�ection
into two cycles: the temporal and the conceptual cycle. The temporal cycle describes how the users’ perceptions of time evolve in
a personal informatics experience. This cycle has two sub-cycles:
temporal perspective and temporal frequency. The temporal perspective cycle describes the changes in the period of time, on which
the users would like to re�ect. The frequency cycle speci�es when
re�ection happens, how often it happens, and how long it lasts. The
conceptual cycle in the TMRM focuses on the levels of abstraction
at which users interface with their tracking data. In this cycle, users
constantly interpret and operationalise data in a re�ection process,
linking the feedback they receive from their tracker to their lived
experience.
The starting point of the TMRM is the selection of tracking
technology. Here, our model connects directly to Epstein et al.’s [12]
model. The selection can either involve minimal e�ort (receiving
the tracker as a gift) or an extensive comparison of tools. The
selection of tools can depend on several things, such as features,
aesthetics, budget and convenience [12]. Here, the TMRM describes
what criteria are used during the selection phase. In our model,
users select tracking technologies in order to achieve a conceptual
match between the concept of what is to be tracked o�ered by the
tracker and their own perception of the bene�ts of the tracker.
Figure 2 shows the di�erent parts of the model. Below, we discuss
each element in the TMRM in detail and show how these concepts
are based on the data gathered in our study.

5

BUILDING THE TMRM

This section illustrates how the TMRM is built on the data gathered in our two studies. We show how the model describes the
experiences related to re�ection reported by the participants in our
study.

5.1

Selection of Tracking Technology

We observed that multiple participants chose their tracker based on
the device being marketed as speci�c to a sport which they practice.
Active triathletes preferred a triathlon-speci�c Garmin Forerunner
735XT2 and those practising cross�t used the WHOOP3 , which
is marketed speci�cally for cross�t. One user described how their
choice of tracker was dictated by its perceived conceptual suitability
to their favourite sport:
Well, I actually bought this watch because it’s a good
�t for triathlons. It can track data for all the swimming,
cycling and running, and more precisely, the combination of all three, that’s a special [triathlon] function [on
the tracker]. (P6)
Other users had diverging priorities when choosing their �tness trackers. All participants were aware of the qualities which
they desired to see in their �tness tracker. These qualities ranged
from pragmatic concerns, e.g. form factor to abstract concepts like
aesthetics. An overarching concept was ensuring that the tracker
provided an understanding of the desired outcome of using it. One
user, a self-declared Apple fan girl commented on her concept of a
�tness tracker as a question of identity:
2 https://buy.garmin.com/en-US/US/p/541225/pn/010-01614-00
3 https://www.whoop.com/membership/
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Figure 2: The Technology-Mediated Re�ection Model. In our model, re�ection happens in two cycles: temporal and conceptual.
Users can customise and/or change tracker experiences to align them to their needs in the alignment phases. The dashed
arrows show exit an entry point in the context of Epstein et al.’s [12] work.
It’s not like I’m such a �t girl. It’s not like I run or
something, which is what most people use it [the �tness
tracker] for. I’m just an Apple fan. (P16)

5.2

Temporal Cycle

Time and manipulating time was a strong theme in the gathered
data. Tracker users reported that they often changed the time period that interested them in exploring their data. When re�ection
happens during the day also underwent constant changes.
5.2.1 Perspective. Our data analysis showed that users re�ected
upon a large spectrum of time intervals in their tracking practice,
ranging from being only interested in data from a single day to
prioritising year-to-year analysis. The online survey showed that
there was variety in the preferred time horizon for viewing data,
as shown in Figure 3. In the interviews, users stressed the need for
�exible temporal perspectives and accessing historical data:
To me it is not really relevant to look back on my stepcount data on a daily or weekly basis. That’s not what
motivates me. I am motivated to learn about how I
can improve my well-being and mood. It doesn’t make
sense to look at a week of data and say: ‘OK, last week I
ordered a pizza and that made me feel good’, you know?

I can’t build on that. So I �gured that I needed more
data for some more signi�cant insights. (P2).
In contrast, almost instantaneous data was of most relevance to
the users. This showcases how the temporal perspective required
by the user is highly dependent on when and in what context a
re�ection activity takes place. Users emphasised that recent data
was most actionable and allowed for quick correction:
It [the tracker] noti�es me ten minutes before the start
of the next hour, it vibrates for a moment and warns
me that I haven’t moved in a while (. . . ) Then I go grab
a co�ee or something, which is at the end of the hall, so
that I have a short walk again. (P16)
Our interview data also contained cases where a temporal perspective mismatch prompted users to adapt their tracking experience. One of the triathletes in the study supported their tracking
application with custom Microsoft Excel sheets to broaden their
temporal perspective:
I really just want to be able to look back into my data
from half a year ago and see what I did that week. What
did my training look like? How did that a�ect my heart
rate? My fatigue? (...) I can see most of it [the data that
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to vibrate and beep (...) That drove me nuts, so I turned
it o�. (P6)
However, frequency mismatches were not only experienced as
mistimed noti�cations. Users also reported that long-term reports
needed to be presented at times which enabled re�ection. Even
when users were satis�ed with a given report, its temporal perspective and conceptual framing, a report delivered at the wrong time
was a barrier for re�ection.
There is also a monthly report. And that report really
shows what e�ect each activity and routine has on your
sleep and recovery (...) These monthly reports help me to
see how things [interventions] I’ve tried a�ect me. The
overview helps me to look back and re�ect (...) WHOOP
sends these [monthly reports] through e-mail, [yet] these
e-mails come at the most inconvenient times, I don’t
always have time for that. (P10)

(a)

(b)

Figure 3: Data revision frequency (a) and the time period examined (b) by the participants in our survey. Most of the
participants frequently (often daily), explored their data.
When participants explored their data, they tended to look
at short- to medium-term data, as shown by Figure 3b. Only
5% of our participants explored their long-term data.

(a)

I need] directly on my watch, but I also use [my own]
Excel [spreadsheet]. (P7)
5.2.2 Frequency. Our study showed that users’ preferences changed
in terms of when they found time for re�ection. We found that
users were split into those who saw re�ecting on data as a primarily spontaneous activity and those who believed that planning was
a necessary element of re�ection. This was evident in the survey
results, which showed that re�ecting on tracker data was a mix of
spontaneity and planning, see Figure 4.
The need for an individualised re�ection schedule which re�ected the users’ daily routines and their goals in tracking was
strongly present in the interviews. One user remarked on how the
mismatch between the default noti�cation settings of the tracker
and their desired routine and the context of their life produced a
negative experience:
What was really annoying to me is one of the default
settings. The tracker vibrates and beeps after a period of
inactivity (...) which was annoying because of the kind
of work I do. While teaching a class, my watch started

(b)

Figure 4: Reports of spontaneous (a) and planned (b) re�ection. Participants both re�ected on their data in a spontaneous manner and planned for moments to look back on
their data. Re�ecting on tracker data is therefore a mix of
spontaneity and planning.

5.3

Conceptual Cycle

The participants in our study reported that their understanding of
their tracker data changed over time. This was apparent in how
one of the participants described how their tracker contributed
to increased body awareness. Here, the user ascribed predictive
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particular week, what does it tell me? I already knew I
was a pretty sporty person. So sometimes it makes me
question its usefulness. (P3)
Similarly to the temporal cycle, users attempted to bridge the
conceptual gaps left by the tracker in order to better facilitate their
re�ection through either customising the tracker or using additional
tools. A common form of additional action which supported the
tracker outside of the environment provided by it was manual
tracking. P2 chose their own variables to which they ascribed most
meaning:
Figure 5: Perception of how tracker data describes activity.
Ninety-�ve per cent of the survey participants reported that
they ‘strongly agree’ or ‘agree’ with the sentence ‘I am satis�ed about how the tracker data re�ects my daily activities’.
powers to their tracker as it provided data at the desired level of
detail:
The data the tracker o�ers is just incredible. In combination with that band [heart rate band] it even gives
me data regarding the length of my steps while running, the height of my foot compared to the ground,
in what angle my body is moving. That’s just great to
me because it gives me information that is usable for
preventing injuries for instance. (P6)
Survey data also showed that the accuracy of tracker data describing one’s activity was a key criterion. The participants of the
survey, the majority of whom were satis�ed or very satis�ed with
their tracking experience, perceived their data as describing their
activity well as illustrated in Figure 5.
In contrast, users who experienced a conceptual mismatch struggled to achieve a satisfying re�ection experience. There were multiple reasons for facing a conceptual mismatch. One participant
discussed how they lacked the necessary knowledge and context to
e�ectively interpret the data provided by their tracker. While the
participant did consciously attempt re�ection-in-action, she was
unable to re�ect e�ectively, and could not relate the highly granular
heart rate data to her low-level concept of running intensity.
I don’t know what the data [heart rate zones while
running] mean exactly. How I should make sense of it.
So, I’m not sure when I need to take it a bit more easy
[while running] or if I should stay in that zone because
it might be bene�cial for my muscles or stamina. So yes,
it is a re�ection attempt, but without a real result. (P13)
Another form of conceptual mismatch was unsuccessfully linking insights from tracker data to more abstract concepts. This was
often manifested by the users’ declared intent to monitor wellbeing in general and not �nding clear means of assessing wellbeing through the tracker. One participant wondered how to relate
the number of steps taken (low level of abstraction) to a measure
of general �tness (high level of abstraction). The tracker is thus
perceived as being out of context, inhibiting facilitated re�ection:
Sometimes I think to myself, what does it [the tracker]
actually tell me? What do I see? So when I look at my
number of steps, or the number of training sessions in a

Everyday I [manually] track additional data. The number of calories I eat, my weight, and many more variables. (P2)
But conceptual (re)alignment also took more advanced forms. In
the interviews, users reported developing tailor-made solutions for
processing their data so that they could interface with it on their
desired level of abstractness. In the survey, 45% of the participants
reported using additional tools to process their tracker data. This
was also apparent in the interviews. One participant developed
software that automatically collected additional data to achieve the
desired level of granularity:
I pull the data from my device and put it in a system I
made [programmed] myself. I collect 30 to 60 variables
both manually and automatically. (P2)
Reprocessing data was another way of assuring conceptual alignment. Despite the tracker presenting the desired scope of data, users
were dissatis�ed with the form in which it was presented or did not
present the data in the desired context, thus causing a conceptual
mismatch. P7 manually re-entered values for their tracker to a specially designed Excel sheet. They then added additional subjectively
measured variables to achieve the needed level of overview:
So I keep track of each day, an overview [in a spreadsheet] of my resting heart rate, how I’m feeling in general, that is just a subjective score that I attach to it;
and the number of hours of sleep (...) Well, I really just
want to be able to look back into my data from half a
year ago and see what I did that week. What did my
training look like? How did that a�ect my heart rate?
My fatigue? (P7)
Finally, we observed that conceptual mismatch was a reason
for users to exit the re�ection phase of their personal informatics
experience. This highlights the cyclic nature of the TMRM—an
initial perception of a conceptual match is most often the reason to
select a given technology and a conceptual mismatch is likely to
lead to no re�ection. This is best illustrated by the story of one of
the participants who was dissatis�ed with the level of abstraction
(data granularity) provided by Fitbit, which led to a temporary
abandonment of tracking. The participant later returned to tracking
and started using the WHOOP which provided metrics at the desired
level:
And so, after a few months of not getting proper results,
I said ‘**** it’ and I threw it out (...) Then I got a new
trainer and he advised me to purchase a WHOOP, because he thought I was training too much. So I was like,
no, no, I don’t do �tness trackers anymore. He said, ’it’s
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not for tracking �tness, but tracking recovery, you have
to approach it di�erently’ (. . . ) So I decided to invest in
a WHOOP and after three months it really started to
work properly and I started changing very small things
in my life because of that data. It [the WHOOP] enables
me to optimise. And now I train less, and I have the
feeling that I get a lot more results from that. (P10)

6

THE TMRM IN ACTION

Here, we illustrate how the TMRM can be applied to interpret
users’ personal informatics experiences and identify opportunities
for improving the design of tracking technologies. To that end,
we discuss a full user journey from our interview data in detail.
We show how the experiences reported in the interviews map to
our model and how our model explains the lived experience of
the participant. The journey presented below demonstrates the
applicability of the model and shows that it accurately depicts
current behaviour, constituting an e�ective way to describe a wide
range of current behaviours.
Our example is P7, who is an amateur triathlete who uses a �tness
tracker to keep track of his performance and progress in training
sessions and competitions. He has been using �tness trackers for
the last ten years. Currently, he uses a Garmin 735XT, which is a
tracker speci�cally designed for triathletes. In general, P7 is satis�ed
with the tracker’s abilities. However, in order to be able to re�ect
on his data, P7 needs to use additional tools. He created a Microsoft
Excel spreadsheet and every day, he manually transfers some of his
tracker’s data to a sheet, and adds additional context data (subjective
scores for fatigue and general well-being) to this sheet.
In terms of the TMRM, this user selected a watch speci�cally designed for triathletes. In his case there is a partial conceptual match
between his concept of activity to be tracked and the tracking
functionalities of the tracker. First, P7 wants to track more metrics
than his tracker allows (conceptual mismatch). Second, the user
desires more �exibility in the time period to be analysed (temporal
mismatch—perspective). Because of these mismatches, P7 decided to
manually track additional data (conceptual alignment) in a spreadsheet, allowing him to re-enter and maintain facilitated re�ection.
The sheet enables the participant to review di�erent time periods
in his activity and manually track additional metrics. P7’s journey shows how users can use or even develop additional tools for
tracking to ensure that their re�ection cycle is maintained.
Figure 6 presents an annotated version of the TMRM with P7’s
tracking history. This illustrates how the TMRM can be used to
identify starting points for design interventions in building better
trackers. The two mismatches are key to understanding P7’s story.
The user experienced a temporal mismatch when he could not
access data in a long-term perspective in his tracker app. Here,
the tracker could have o�ered more control over the time frame
or supported integration with other data analytics tools to better
support re�ection. For temporal alignment, the user chose Excel as
the tool. This shows that trackers can support re�ection through
o�ering e�ective data export tools. In the conceptual cycle, P7 was
unable to track all metrics in which he was interested. Here, a more
�exible device ecology could have been an e�ective intervention
which would have enabled connecting di�erent trackers. As the
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user decided to manually collect data, an improved system for
re�ection could allow him to import the data back to the system or
analyse the manually collected data together with information for
the tracker. This example shows how the TMRM can be used in a
design process to map user journeys.

7

DISCUSSION

Here, we summarise our results and identify insights for future
systems that support re�ection in personal informatics. We hope
that the TMRM provides a more thorough understanding of the
re�ection process. As such, the temporal and conceptual cycle also
apply to all forms of re�ection support, including solutions that
do not feature interactive technologies. Our work is situated in
past understandings of user journeys where personal informatics
systems are enablers, but the model describes a process that is
also relevant in an analogue setting. The TMRM is inclusive and
describes users with diverse data practices, from minimal bulletjournal note-takers, to data-driven performance athletes.
We built the TMRM with the intention of using it to better understand users in the user-centred design process. Our model can be
particularly e�ective as an additional tool for empathy in activities
such as building personas, understanding what range of behaviour
to expect from users for a given system or focusing evaluation on
re�ection support. Our work indicates that future systems should
feature explicit and prominent interface elements that enable the
user to manipulate the temporal perspective and change from static
data representations to more time-dynamic ones. Further, an improved personal informatics artefact should facilitate viewing data
on di�erent levels of abstraction simultaneously and empower the
user to e�ectively choose a perspective at a given time. Finally,
rather than asking users for presets and con�guring the personal
informatics experience once, future systems should feature interfaces that undergo constant change and provoke temporal and
conceptual exploration.

7.1

Systems for Re�ection Should Support
Temporal and Conceptual Manipulation

Our model interprets re�ection as a cyclic process with intermediate stages. This implies that a system that e�ectively supports
re�ection helps the user stay within the re�ection cycle. However,
from a design point of view, re�ection as a cycle constitutes a challenge. The iterative nature of the process implies that the user needs
undergo constant changes, which, in turn, requires �exibility from
the tracking system. Everyday re�ection equals everyday changes
in perspective and a constant need for new perspective on data.
Consequently, a personal informatics system that enhances re�ection should support temporal manipulations and di�erent levels of
abstraction of viewing the underlying data. Given that the re�ection
process is a state of constant �ux, designers should give users as
much control over the temporal and conceptual cycles as possible
to allow for e�cient alignment.

7.2

Navigating Levels of Abstraction Is Key in
Tracking Experiences

Our work shows that users frequently changed levels of abstraction
on which they interacted with their tracking data. This process
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Figure 6: P7’s personal informatics journey on the TMRM. Our model help identify key turning points in the user’s re�ection
process. These points show where additional support for re�ection is needed.
enables e�ective re�ection as it introduces a change of perspective,
viewing situations in a di�erent light [14]. Users reported that frequently changing conceptual perspective was part of their e�ective
re�ection routine. Conceptually, this behaviour is explainable by
Construal Level Theory [39]. Users approach their �tness data from
di�erent psychological distances. The psychological distance can
be determined by emotional factors or the context in which data is
reviewed. An e�ective system that supports re�ection should be
able to o�er feedback at di�erent levels of abstraction to match the
desired psychological distance thus facilitating conceptual alignment.
The fact that users need �exible levels of abstraction in interacting with their trackers is becoming visible in commercial designs.
Recently, many tracker manufacturers introduced metrics that are
not directly measured. For instance, Samsung Health [34] does not
communicate heart rate variability but a stress score derived from
that metric. Garmin sports trackers feature a training e�ciency
score [15], which is a case of desiring conceptual alignment. The

score uses heart rate metrics (low level of abstraction) to build a
measure of how e�ective a training session was (high level of abstraction). Consequently, trackers that e�ectively support re�ection
support switching between metrics at di�erent levels of abstraction.

7.3

Re�ection Is an Ever-evolving Process

Our model proposed conceptualising re�ection as a process in a
state of constant �ux. An intuitive assumption would be for trackers to ensure that users stay in a state of perpetual temporal and
conceptual match. However, our study shows that this not only
practically impossible, but also possibly harmful for re�ection. Participants who reported what we interpreted as mismatches used
the mismatch to change the shape of their tracking experience. In
practical terms, this process manifested itself in our study by a
range of adjustments to the tracker ranging from changing watch
faces on the Apple Watch to buying a new tracker. These changes,
in turn, o�ered new perspectives which often resulted in e�ective
re�ection. This implies that a system which supports re�ection in
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personal informatics does not minimise alignment, but e�ectively
supports it. Users should be made aware of mismatches and presented with the possibility to alleviate them. Here it is important
to remember that, in face of a mismatch, users should also be supported in meaningfully abandoning the tracker [11]. Abandonment
constitutes a ‘conceptual reset’, allowing users to possibly re-enter
the re�ection cycle with a new set of alignment possibilities.

7.4

The TMRM in the Personal Informatics
Landscape

The TMRM is in line with past conceptual work in personal informatics. Our model features explicit entry and exit points, which
relate it to Epstein et al.’s [12] Lived Model of Personal Informatics.
The TMRM o�ers a new perspective on the re�ection phase of
existing personal informatics models [12, 23]. The TMRM explains
the ways in which users interpret data that lead to discovery and
maintenance phases [24] and identi�es facilitating factors that help
retain maintenance. Further, the TMRM’s temporal and conceptual
perspective can be used to conceptualise the qualities of personal
informatics systems in relation to Epstein et al.’s model, especially
in understanding the motives behind decisions in the selection
phase.
Further, the TMRM explains parts of Niess and Wozniak’s [28]
Goal Evolution Model in more detail. In their work, the re�ection
phase was important in allowing goals to evolve. Our detailed
model for re�ection suggests that goals are indeed a part of the
re�ection process and the cyclic nature of re�ection supports goal
changes. Further, we posit that what Niess and Wozniak called ‘goal
translation’, i.e. moving from qualitative to quantitative goals, is a
manifestation of the conceptual alignment on the goal level.

7.5

Limitations & Future Work

We recognise that the framing of the TMRM and the empirical work
that led to its construction are a�ected by certain limitations. First,
we note that the participants in our study were all from a Western
background. While this is no di�erent from other studies on which
this work is based, e.g. [12, 27, 28], we see a need to broaden the
HCI �eld’s understanding of trackers beyond the Western cultural
context. We also recruited survey participants using Amazon’s
Mechanical Turk. While we did require participants to declare that
they were using personal tracking technologies, we were unable to
verify if that was the case. However, we believe that our approach,
i.e. using two di�erently recruited samples in the two studies o�ers
a robust sample.
Moreover, we note that our inquiry focused on users of �tness
trackers. While our model of re�ection does not explicitly support
only physical activity as a tracked quality, we do not know how it
generalises to other domains of personal informatics. In future research, we plan to study re�ection across tracking domains. Finally,
as re�ection is an intimate process, we cannot underestimate the
role of personality in re�ection, especially as our model is inspired
by theories of psychological distance. Grant et al. [17] established
that the propensity to re�ect is a personality feature. Future work
should examine how personality moderates technology-mediated
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re�ection. Also, our model o�ers the possibility to inspire innovative personal informatics systems [10]. Such novel technologies
could then, in turn, be used to further validate the TMRM.

8

CONCLUSION

In this paper, we presented the Technology-Mediated Re�ection
Model (TMRM), which describes practices around re�ection for
users of �tness trackers. We conducted 20 interviews with active
�tness tracker users and an online survey. We constructed the
model based on the data obtained in the two studies. Our model
interprets re�ection as a cyclic process where users constantly seek
conceptual and temporal alignment. We showed how the TMRM
e�ectively described user journeys and how it informs the design of
systems that support re�ection. We hope that our work contributes
to a better understanding of �tness trackers and allows more users
to improve their well-being.
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