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Personal tracking devices are equipped with more and more sensors and offer an ever-increasing level of accuracy. Yet, this

comes at the cost of increased complexity. To deal with that problem, fitness trackers use derived metrics—scores calculated
based on sensor data, e.g. a stress score. This means that part of the agency in interpreting health data is transferred from the

user to the tracker. In this paper, we investigate the consequences of that transition and study how derived metrics can be

designed to offer an optimal personal informatics experience. We conducted an online survey and a series of interviews which

examined a health score (a hypothetical derived metric) at three levels of abstraction. We found that the medium abstraction

level led to the highest level of reflection. Further, we determined that presenting the metric without contextual information

led to decreased transparency and meaning. Our work contributes guidelines for designing effective derived metrics.

CCS Concepts: • Human-centered computing → Empirical studies in HCI.

Additional Key Words and Phrases: personal informatics, metrics, derived metrics, reflection, fitness trackers

ACM Reference Format:
Marit Bentvelzen , Jasmin Niess , and Paweł W. Woźniak . 2022. Designing Reflective Derived Metrics for Fitness Trackers.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 6, 4, Article 158 (December 2022), 19 pages. https://doi.org/10.1145/

3569475

1 INTRODUCTION

‘Your stress level is 77%.’ This is an example message which one might receive from a modern fitness tracker.

The message represents a new trend in personal informatics devices—trackers have transitioned from providing

overviews of measured, objective data (e.g. average heart rate or step counts) to interpreted data (e.g. stress

or energy levels). This change is apparent both in the range of new metrics available in new fitness tracker

models [11] and the marketing narrative around fitness tracking. The new (at time of writing) Fitbit Charge

5 features six ‘reasons you’ll love Charge 5’
1
and four of these reasons are interpreted data: Daily Readiness,

Stress Management, Heart Health and Health Metrics. One reason for the need to use interpreted data is the

fact that leading fitness trackers on the consumer market already include advanced sensors, which generate an

abundance of data points. Thus, processing tracker data is inevitable to avoid complexity [22, 26]. Yet, processing

physiological data before showing it to the user inherently involves aggregating and processing sensor data using

computational tools and delegating part of the data interpretation to those who design the processing algorithms.

Consequently, it is a challenge for Human-Computer Interaction (HCI) to understand how such derived metrics

1
https://www.fitbit.com/global/se/products/trackers/charge5
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(we propose adopting this term and use it in this paper
2
) can be designed in ways which effectively benefit the

users’ wellbeing.

Simultaneously, the HCI field has studied the personal informatics experiences created by fitness trackers

and recognises the role of metrics as a key design dimension of such experiences. Epstein et al. [18] concluded

that selecting tools (and, consequently, metrics) was a key step in starting a personal informatics experience.

Niess and Woźniak [48] showed how users translated their qualitative goals into quantitative metrics to achieve a

meaningful tracking experience. These investigations and others show that effective metrics are core to a positive

tracking experience. Further, not only what the metrics represent, but also how the data is presented to the user

affects the tracking experience. Past work has shown that visual representations of tracker data can affect user

experience [32] and how the users reflect upon the data [46]. Thus, exploring how to present derived metrics

and the data behind them in ways which foster optimal user benefit is key to improving personal informatics

experiences. As the complexity and computing power of personal trackers increases, we need to find ways to

optimally communicate the sensor information to users and ensure that they can have more agency by making

more informed decisions about their wellbeing.

To understand user perceptions of derived metrics and learn how such metrics can support wellbeing, this

paper contributes a two-step study of different forms of derived metrics. We conducted an online survey and an

interview study which examined three ways of presenting a derived metric for health at three levels of abstraction

(i.e. metrics presented with varying levels of detail and vagueness, representing different levels of construal [54]).

We determined that a medium level of abstraction produced the most reported reflection in users. Based on

the data gathered, we conclude that this was due to the fact that a medium level of abstraction allowed for

construal alignment, i.e understanding the metric at a level of abstraction which enables reflection and identifying

underlying reasons for the metric. This implies that a well-designed derived metric provides enough contextual

information to avoid confusion and, simultaneously, serves to simplify the data gathered about one’s wellbeing.

This paper contributes the following: (1) an online survey comparing three levels of abstraction of a health

metric for fitness trackers; (2) an interview study of user attitudes toward derived health metrics at different

levels of abstraction and (3) guidelines for designing and presenting derived metrics in fitness trackers.

2 RELATED WORK

In this section, we review past work on reflection in personal informatics systems, then discuss related work on

metrics in personal informatics as well as derived metrics used by commercial fitness trackers. We then discuss

relevant previous research focusing on abstraction in presenting information.

2.1 Reflection in Personal Informatics

Personal informatics systems enable users to come to an understanding of their health and wellbeing through

automatically collected personal data. By reflecting on personal data, a user can come to an understanding of

patterns and trends, which can lead to more knowledge about oneself [17]. Several models have been proposed

that describe the user’s journey in using personal informatics systems. Epstein et al. [18] proposed the Lived
Informatics Model of Personal Informatics, which is an extension of Li’s Stage-Based Model of Personal Informatics
Systems [36]. The Lived Informatics Model consists of four stages: deciding to track, selecting tools, tracking

and acting (which is considered to be an ongoing process of collection, integration, and reflection), and lapsing.

This model was later extended by Bentvelzen et al. [3] who further dissected the reflection stage in the personal

informatics process. Their Technology-Mediated Reflection Model (TMRM) describes user behaviors and practices

in the reflection phase of a personal informatics journey. The model shows how users enter, exit and stay in the

reflection phase. In the TMRM, reflection is considered to be a temporary state—a dynamic process in which a

2
We call metrics which represent physiological sensor data ‘measurements’ for contrast.
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user constantly adapts their tracking experience to their evolving needs. The temporal and conceptual cycles

are essential in this process. These cycles show how users’ needs and perspectives evolve throughout their

engagement with their tracker. While the TMRM offers an understanding of reflection on a meta-level, it remains

an open question how, on a more detailed level, the metrics used to communicate data to a user affect facilitated

reflection. Our work aims to gain a deeper understanding of how users perceive health and wellbeing metrics of

personal informatics systems. Consequently, we aim to build insights about how such metrics should be designed

to foster reflection.

2.2 Metrics in Personal Informatics

Early examples of personal informatics studies often focused on analysing or designing for a single metric. For

instance, a multitude of personal informatics systems used steps as the studied metric [17]. Examples of such

systems include UbiFit Garden [7] and Fish’n’Steps [39], which both aimed to encourage physical activity. Other

personal informatics studies focused on heart rate [30, 40, 45], weight [13, 51] and calories [55].

Previous work indicates that the more complex or abstract the metrics become, the more users struggle to

make sense of it. To illustrate, a wide variety of previous personal informatics studies focused on sleep (e.g. [34].

These studies range from methods for automatically tracking sleep [35] through accuracy of sleep tracking by

commercial fitness trackers [38], guided self-experiments [10] to the credibility of sleep data [37]. Liang and

Ploderer [37] demonstrated that participants found it difficult to assess the credibility of sleep tracking devices.

Their study identified two sleep fallacies that complicated a user’s assessment of the credibility of the device: (1)

sleep fallacy and (2) black-box fallacy. Because sleep is a complex phenomenon, participants often misinterpreted

the different sleep-stages. Furthermore, the sleep tracking devices often remain a black box, which makes it

impossible for users to fully understand how the metrics are measured and processed by the device. These fallacies

in turn complicate the assessment of a device’s credibility. The sleep example shows how a personal tracking

metric can carry inherent complexity. Dealing with and understanding that complexity is the topic of our work.

Similarly, such complexities were also found in studies that focused on stress. A study by Ding et al. [11] inquired

how users of fitness trackers use the automatically tracked stress data in practice. Their study demonstrated that

participants struggled to meaningfully engage with this data; some only had a limited understanding of their

stress data, while others were confused. The authors mention that participants experienced a mismatch in the

physiological stress measured by the device and their personal conceptualisations of stress. This, in turn, led to

difficulties for users to make sense of their stress data and use it in a meaningful way [11].

The examples above illustrate that some fitness tracker metrics are more complex than others. In other words,

some of the metrics which fitness trackers use can be directly experienced and quantified with counting (e.g.

steps and heart rate), while other metrics are more abstract, meaning that they can be interpreted in multiple

ways (e.g. personal stress score) and cannot be measured directly (e.g. sleep). Such metrics, therefore, need to

be derived from other metrics (e.g. movement and heart rate). To date, metrics have primarily been studied in

isolation, focusing on understanding a single metric at a time while placing less emphasis on how their level

of abstraction influences users’ perceptions of them. Thus, there is a need to interpret metrics not only as data

sources which need to be presented optimally, but also as complex artefacts with internal structures which can

be designed.

2.3 Derived Metrics in Fitness Trackers

Over the years commercial fitness trackers have introduced new metrics that inform users about their health

and wellbeing. Early models were often limited to easily measurable metrics such as the number of steps, heart

rate and sleep quantities. Recently, fitness trackers have begun to incorporate metrics such as Stress Levels [28],
Stress Management Scores [23], Sleep Scores [24, 56], and a personalised Recovery Score [56]. Garmin implemented
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a Stress Levels metric into fitness trackers in 2017, followed by the introduction of the Body Battery [27] metric

a year later. The Body Battery informs users about their changing energy levels during the day, using a scale

of 0–100 (0 denotes a low energy level and 100 denotes a high energy level). Garmin does not share details on

the calculation of the metric, but the Garmin Connect application informs users that their Body Battery score

is derived from heart rate signals such as Heart Rate Variability (HRV), stress score, sleep quality, and activity.

Garmin’s Stress Level is derived from HRV and it shows users a value of 0–100, where the score is mapped

to four categories: rest (0–25), low (26–50), medium (51–75) and high (76–100). Fitbit on the other hand uses

a Stress Management Score, which is also a score of 0–100, yet a higher number in this case shows users that

they are properly managing their stress. Similar to Garmin, Fitbit only vaguely describes the calculation of this

metric. The company shares that it is based on three metrics: responsiveness, exertion balance and sleep patterns.
The Garmin application and Fitbit are examples of the proliferation and general lack of transparency of derived

metrics in modern fitness trackers. While tracker manufacturers provide a limited explanation of how the metrics

are obtained, it also remains unknown how users interpret such metrics. Further, the fact that users rarely review

direct sensor data but rather rely on processed feedback implies that a part of the data interpretation process is

delegated to a metric processing algorithm designed by the tracker manufacturer. As consequence, there is a

need to understand if and how such outsourcing can be achieved in a way that benefits the users’ wellbeing.

To summarise, the derived metrics introduced by commercial fitness trackers are often not clearly defined,

leaving room for the user to interpret and conceptualise it. This ambiguity regarding what a derived metric (e.g.

Body Battery) means and how it is measured makes the metric more abstract than intermediate metrics such as

steps or heart rate. It remains unclear how this difference in abstraction influences a user’s understanding of

their health and wellbeing. In this work, we endeavor to investigate how the different levels of metric abstraction

are perceived and how this potentially impacts upon reflection, transparency and meaning.

2.4 Abstraction in Presenting Information

Previous work by Bentvelzen et al. [3] demonstrated that users of fitness trackers frequently changed the level of

abstraction that they interacted with on their tracking data. This enables effective reflection as it introduces a

change of perspective [25]. Conceptually, this behavior is explainable by the Construal Level Theory (CLT) by

Trope et al. [54]. This theory differentiates between high level, or relatively abstract, and low level, or relatively

specific, construal; the level being identified as relevant for further cognitive processing of information. The

theory notes that physical activities can be construed either in a more abstract (e.g. focusing on the bigger

picture) or more concrete manner (e.g. focusing on how an activity is performed). Hence, the CLT could offer a

lens through which we can view the abstraction levels of metrics. Further, by varying the level of abstraction

(construal level) of different metrics, fitness trackers allow users to conceptually align the information the tracker

offers them to their needs, resulting in facilitated reflection [3]. However, it remains unclear how users of fitness

trackers perceive the derived metrics and how the level of abstraction influences their reflections or understanding

of their data.

3 METHOD

We investigated derived metrics using a mixed-method approach. First, we conducted an online survey to

quantitatively compare user perceptions of derived metrics presented at different levels of abstraction. This

allowed us to gain an understanding of preferences and key differences in designing derived metrics. Having

observed significant differences between the metric presentations, we then decided to further study the reasons

behind the differences. To this end, we conducted a series of interviews where users reflected on different designs

for derived metrics.
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We used the same example derived metric in both studies—overall health. We decided upon a health metric

because it represented a complex, dynamic concept with many possible interpretations and sources of mea-

surement [4]. Thus, exploring health allowed us to investigate the possible ambiguity and loss of information

associated with using derived metrics. Further, an overall health metric is not currently present in major commer-

cial fitness trackers, which allowed us to avoid familiarity bias, whereas metrics such as stress, energy or body

battery could have been familiar to some users. Understanding and pursuing health is an important motivation

for engaging in personal informatics [18], making it a good choice for participants to effectively contextualise

the data and relate it to their experiences. Thus, the example used in our research represents the same class as

current commercial metrics which simplify a complex concept, e.g. stress, to a simple score. This allows us to

explore probable, yet fictional usage scenarios of fitness trackers, in the spirit of design fictions [1]. Just like

real-life derived metrics, our health metric is arbitrarily derived by designer decision. Just like derived metrics in

current fitness trackers, the fictional health metric is by no means correct [41]. Thus, while we use a health score

as a prime example of a derived metric, we do not advise designers and or researchers to deploy such a score.

The prototypes were designed to resemble current mobile applications for fitness trackers in order to avoid

novelty bias and facilitate comprehension based on past experiences. To further relate the prototypes to existing

fitness tracker experiences, we used existing derived metrics as contributing to the health metric. We decided not

to use the participants’ data for the experiment, but opted for a vignette study where they were asked to imagine

that a given data set belonged to them. This was motivated by two aspects. First, past research has shown that

differences in how fitness data is presented can lead to possible negative experiences and stimulate negative

thought cycles [57]. This would constitute an ethical pitfall for our study. We thus avoided this issue while still

presenting a positive but not perfect health score to all participants. Second, presenting different health scores to

different participants would mean that the primary factor contributing to their perception of the prototype would

be their subjective assessment of the score and the resulting affective response. Showing the same data to all

participants allowed us to focus on the presentation and understanding of the metric and not a particular score.

The three prototypes used in the study are presented in Figure 1. In order to study how users understand

derived metrics and relate them to their lives [48], we built prototypes on three levels of abstraction. We expected

that users would conceptualise derived metrics in ways similar to tracker measurements studied in past research.

This implies that such metrics would need to be transparent [19], relatable to qualitative observations [48] and

foster reflection [3]. In line with research by Bentvelzen et al. [3], an effective metric should allow users to interact

with it at different construal levels, facilitating construal alignment. We operationalise this requirement through

designing the health metric at three levels of abstraction: low, medium and high. The levels of abstraction differ

in terms of the amount of information and explanation about the health metric. The low abstraction version

provides extensive information about measurements and metrics contributing to the health score along with a

textual information about how heart rate data is analysed for the purpose. The medium abstraction level contains

a subset of the additional metrics while the high abstraction version is only the health score. Consequently, the

three speculative designs in our study represent three ways in which a derived metric can be presented to users

with varying complexity, level of information and level of abstraction. The particular designs were constrained

by the amount of information which fits on a smartphone screen.

The data collected in both studies was anonymised and no identifying information was collected. As such,

both studies were exempt from an ethics approval process as per the rules in place at the conducting institution

at the time of the study.

4 STUDY I: ONLINE SURVEY

We first explored derived metrics in a qualitative between-subject study where we compared the three versions

of presenting the health metric.
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(a) Health score at a high

level of abstraction.

(b) Health score at a

medium level of abstrac-

tion.

(c) Health score at a low level of abstraction.

Fig. 1. Three app screen prototypes, at three different levels of abstraction, used in both studies. The design of the visualisations

was inspired by current fitness tracker designs.

4.1 Participants

We recruited 𝑛 = 228 participants, aged𝑀 = 36.40, 𝑆𝐷 = 11.10, via Amazon Mechanical Turk. The participants

were mainly located in the European Union, Canada or the USA and consisted of 132 males, 95 females and 1

non-binary participant. We required a minimum of 1000 completed tasks with an acceptance rate of at least 95%

to be eligible for the survey. The survey took𝑀 = 5.15𝑚𝑖𝑛, 𝑆𝐷 = 2.23𝑚𝑖𝑛 to complete. This method replicated

past studies in personal informatics [18, 48]. The participants received USD 1 for completing the survey, which

corresponds to the hourly rate for experiment participation prescribed by the conducting institution. Most of the

participants reported having fitness tracker experience. Seventy-four participants had been actively tracking

activities for more than a year and 19 never used a fitness tracker. Full demographic data is available in the

supplementary material.

4.2 Survey Content

We used the Qualtrics XM platform to implement the survey. The survey started with gathering basic demographic

data. Next, we assessed the participants’ propensity to reflect on their data, by administering the reflection part of

the Rumination-Reflection Questionnaire (RRQ) by Trapnell and Campbell [53]. This allowed us to later control

for the participants’ Trait Reflection, by asking participants to rate their agreement to statements such as ‘I love

analysing why I do things.’. Afterwards, participants were randomly assigned to one of the conditions. This was

followed by an introductory video, created to increase immersion in the vignette. The video depicted a man

walking in the forest and then reviewing his health data in an app after the walk. This allowed us to fully utilise

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 4, Article 158. Publication date: December 2022.
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the vignette format for the study—clearly defining a context in which the participant’s views are requested,

fostering a rational assessment [21]. The full survey and video are available in the supplementary material. After

the video, the survey showed the application screen prototype at the assigned level of abstraction. We then

proceeded with administering all the measures, listed below, constantly displaying the application prototype on

top the questions.

4.3 Conditions and Measures

The study was a between-subjects design with three conditions, representing the three levels of abstraction of

the prototype: low, medium and high. In each condition, we measured the following.

4.3.1 Reflection. We used the Technology-Supported Reflection Inventory (TSRI [2]) to measure how much

reflection the different prototypes produced in participants. The TSRI offers overall reflection scores and three

subscales which may identify the sources of reflection: insight, exploration and comparison. As suggested by

Bentvelzen et al. [2], we measured trait reflection before using the TSRI to control for character differences among

participants. The TSRI asks the participants to rate their agreement with a set of nine statements which concern

different aspects of technology-supported reflection which may be prompted by personal data: insight (e.g. Using
the system has led to a wake-up call to make changes in my life.), exploration (e.g. I enjoy exploring my data with
the system.), and comparison (e.g. I reflect on my data in the system with others.).

4.3.2 Transparency. We also wanted to assess if the users understood the data presented in the prototypes and

whether they perceived them as transparent. There is a lack of measurement instruments in this area and the

focus is primarily on trust, e.g. [42]. Thus, we opted for a not fully validated metric for transparency developed

by Cramer et al. [8], which was also previously used in one personal informatics paper [57]. This instrument

is a one-dimensional, rapid way of assessing perceived transparency. We rephrased the two statements from

the original paper [8] to include the content of the studied prototype: I understand what the health app bases the
health information on.; I understand how the health app calculated my health information.

4.3.3 Meaning. Past work has indicated that creating meaning should be a key design goal for personal infor-

matics [15, 48, 50] and even interactions with technology at large [43]. Consequently, we wanted to quantify how

the different conditions possibly produce an experience of meaning. To that end, we applied the brief version of a

scale developed by Huta and Ryan [33] to assess meaning. This scale was previously used to measure meaning

across different categories of experiences. We chose this instrument specifically because the theories underlying

the scale focus on self-improvement, which is also associated with personal informatics experiences. The scale

asks participants to rank their agreement with four statements, prompting them to assess whether the health

score (in the case of our experiment) is meaningful, valuable, precious and full of significance.

4.4 Results

We used analysis of variance (ANOVA) procedures to analyse the data collected in the survey. All reported

p-values were Bonferroni-Holm corrected.

4.4.1 Reflection. The grand mean of TSRI scores was𝑀 = 35.00, 𝑆𝐷 = 5.01. As shown in Figure 2a, the highest

TSRI scores were recorded for the medium (𝑀 = 36.08, 𝑆𝐷 = 4.27) condition, followed by low (𝑀 = 34.95,

𝑆𝐷 = 5.10) and high (𝑀 = 34.01, 𝑆𝐷 = 5.40). We conducted a one-way ANCOVA to determine the effect of

the level of abstraction of the application screen on the TSRI score, controlling for trait reflection. There was

a significant effect 𝐹2,224 = 3.045, 𝑝 < .05, 𝜂2 = .05. The covariate was significant, 𝑝 < .001. Post-hoc tests

using Tukey HSD showed that there were significant differences between the pair medium–high at 𝑝 < .01.
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(a) TSRI scores for the three conditions. The medium

scored significantly higher than high

(b) Transparency scores for the three conditions. The

high scored significantly lower than the low condition.

Fig. 2. Box plots for reported reflection potential and transparency across the three conditions.

Additionally, we conducted the analysis for all the subscales of the TSRI. The effects were the same as for the

overall score. The full data set is available int the auxiliary material, along with the analysis.

4.4.2 Transparency. Next, we analysed the transparency scores obtained in the survey. The data analysis showed

that the grand mean of transparency scores was 𝑀 = 15.61, 𝑆𝐷 = 3.81. The low abstraction version of the

prototype was reported to have the highest mean transparency, 𝑀 = 16.35, 𝑆𝐷 = 2.81, followed by medium

(𝑀 = 15.62, 𝑆𝐷 = 3.89) and high (𝑀 = 14.84, 𝑆𝐷 = 4.44). Figure 2b shows the result. A one-way ANOVA showed

a significant effect of the condition on transparency scores, 𝐹2,225 = 3.07, 𝑝 < .05, 𝜂2 = .03. Using Tukey HSD, we

determined that only the pair low–high was significantly different, at 𝑝 < .05.

4.4.3 Meaning. We applied a similar procedure to analyse the effect of the conditions on perceived meaning

of the data. The grand mean of meaning scores was𝑀 = 21.87, 𝑆𝐷 = 4.04. Participants exposed to the medium

condition reported the highest perception of meaning,𝑀 = 22.36, 𝑆𝐷 = 3.71 with low ranked second,𝑀 = 22.26,

𝑆𝐷 = 3.68 and high receiving the lowest scores,𝑀 = 20.32, 𝑆𝐷 = 4.56. The results can be seen in Figure 3. We

conducted a one-way ANOVA and obtained a significant effect of the condition, 𝐹2,225 = 6.28, 𝑝 < .01, 𝜂2 = .05.

In post-hoc tests using Tukey HSD, we found that the pairs low–high and medium–high were significantly

different, both at the 𝑝 < .01 level.

4.5 Interpreting theQuantitative Results

We observed significant differences between the conditions across the three measures. In all three cases, the

effect size is small. The results show that the level of abstraction does affect the users’ perception of presented

wellbeing data across the three dimensions examined. There is also partial evidence that the medium abstraction

level may be most beneficial to users. We note that the small effect sizes may be due to our choice to use a vignette

design—as the data belonged to a hypothetical person, it elicited less extreme emotional responses or even the

participants perceiving all conditions more positively due to desirability bias, which is a known limitation of

vignette studies [20]. Further, all three scales used in the study do not offer the possibility of interpreting absolute

values, due to their design—the ‘value’ of a single scale point is unknown. From the point of view of designing

future personal informatics systems and, particularly, understanding if and how to build derived metrics that
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Fig. 3. Scores for perceived meaning in the health score presented in the three conditions.

offer user benefit, it is worthwhile to understand the reasons underlying the different user perceptions of the

three metric abstraction levels. To that end, we conducted a qualitative study of the metric prototypes.

5 STUDY II: INTERVIEWS

Having observed that the level of abstractions influenced users’ perceptions of the information the tracker

demonstrates in terms of transparency, meaningfulness and reflection, we wanted to understand the reasons

behind these effects. To this end, we conducted semi-structured interviews to explore users’ thoughts regarding

the different app screen prototypes.

5.1 Participants

We recruited𝑛 = 12 participants through our social networks combined with snowball sampling. One participation

criterion was used for selecting participants; we included only participants who currently use, or have used a

fitness tracker in the past. This criterion was used to ensure that participants know what a fitness tracker is, and

have some understanding about how these devices work. The participants were aged 20–45 years,𝑀 = 27.67,

𝑆𝐷 = 6.79. Eight interviewees identified as male and four as female. All participants were residents of the

European Union and were interviewed in English. We used Zoom and Microsoft Teams to conduct the interviews

and record audio. Participants were asked for consent for recording before the interviews and informed that

they were allowed to terminate the interview at any time. Table 1 presents details about the participants. Full

demographic data, which enables further analysis, is available in the auxiliary material.

5.2 Interview Protocol

The interview started with basic demographic data collection and obtaining consent for recording. We then

presented one of the three app screen prototypes (as depicted in Figure 1) and asked participants to imagine

that the screen prototype presented information about their health, and to think aloud while interpreting the

information. The introductory video was replaced with a narrative story in order to build rapport with the

interviewer and encourage personal storytelling. The choice of the first prototype to show was counterbalanced.

Based on the participants’ interpretations we inquired in more detail about the meaningfulness of the information

and their interpretation understanding of the health score and how it was derived. After this first inquiry, we

shared all three app screen prototypes. We then asked participants to compare these three screens and to share

their thoughts, interpretations and preferences. In the final part of the interview, we gave the participants the

opportunity to share additional comments or thoughts and thanked them for their participation in our study.
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Table 1. An overview of the participants in the interview study.

PID Gender Age Country of residence Type of tracker used Tracking experience First shown screen

P1 Male 23 Poland Smart scale & Fitness tracker several years high

P2 Male 36 Netherlands Fitness tracker 4 years medium

P3 Male 25 Germany Fitness tracker 1 year low

P4 Male 23 Netherlands Fitness tracker 2 years high

P5 Male 23 Poland Fitness tracker 2 years medium

P6 Female 27 Germany Fitness tracker a few months low

P7 Male 28 Germany Fitness tracker 1-2 years high

P8 Male 27 Netherlands Fitness tracker 1-2 years medium

P9 Male 45 Poland Fitness tracker 1 year low

P10 Female 26 Germany Fitness tracker 1-2 years high

P11 Female 29 Germany Fitness tracker 1 year medium

P12 Female 20 Poland Smartphone application 3 years low

5.3 Data Analysis

We recorded audio throughout the interviews. In total, we collected 3 hours and 37 minutes of audio. An interview

lasted 18 minutes on average, 𝑆𝐷 = 4.16 minutes. All interviews were transcribed verbatim. We imported the

transcripts into the Atlas.ti analysis software for further analysis. We applied open coding combined with thematic

analysis, as described by Blandford et al. [5]. Two researchers coded a representative sample of 16% of the material.

Through a set of iterative discussion rounds, we established an initial coding tree, which was then used by the

first author to code the remaining material. A final discussion session was conducted to structure the coding tree

and we identified three emerging themes from the material: transparency, actionability, and metric design.

5.4 Findings

Here, we present the three themes, which we constructed based on the interview data. We illustrate each theme

with excerpts from the interviews.

5.4.1 Transparency. Transparency was an important aspect to all participants, and more details about the metrics

were seen as valuable. A health score without any other explaining metrics (i.e. high condition) was puzzling to

all participants. None of the participants could interpret this score, and most described it as meaningless because

it lacked transparency both in terms of how the derived metric was defined and how it was calculated:

To be honest, my health score looks quite concerning because the app doesn’t explain what the

health [metric] means, right? I don’t know, maybe I am ill right now? Or the tracker diagnosed me

with cancer, and it covers 25% of my body right now? So this doesn’t tell me anything. (P1, high)

Without additional metrics—examples provided included sleep, steps and stress—it was impossible for partici-

pants to interpret an abstract derived metric such as health. Similarly, this was also often the case for the body
battery metric. Participants mentioned that they found it difficult to make sense of this metric and to conceptualise

its meaning. For instance, P6 struggled to interpret the body battery. At first she figured it could be the battery

level of the device, later on she realised the metric was meant as a metaphor for her personal energy level:

So, it seems like the body battery is related to the health score. Because otherwise I don’t think [the

user interface] would present it as part of these other ones [metrics]. Showing the device battery

next to stress and health makes no sense. But then, what does this body battery mean? Is it the level
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of energy – like body energy? But then how does the fitness tracker calculate that? That isn’t sensor

input? Does it calculate the meals that you had? The calories you consume? In that sense literally

the energy that you have? Or is it based on like sleep and stress and steps, so that the more active

you are the more energy you have or vice versa? Anyway, this [metric] is really confusing. It makes

no sense to me. (P6, medium)

Some participants considered this abstraction and lack of transparency of metrics to be annoying, while for

others it triggered curiosity. Yet, all participants indicated that they valued transparency and therefore preferred

the medium and low conditions. Participants considered the low condition to be most transparent and indicated

that they would like to have the option to learn more about the metrics and how they are derived. However,

being offered more details about the calculation of the stress score in the low condition did not necessarily lead

to more understanding. Several participants indicated that the medium condition offered them more than enough

insight, and that more details were not needed. They concluded that there was an optimum for the degree of

transparency, and that more details were not considered to be more meaningful. One participant specifically

mentioned that actionability was more valuable than transparency.

5.4.2 Actionability. When participants were shown just the health metric (high condition), they mentioned that

they needed more information from the fitness tracker to understand how to improve their health score. The

actionability of the high condition was low, as described by P10:

There is stuff missing that I would really like to know. The screen gives a clear overview, it is just

one graph with a percentage of 75%. But this information doesn’t help me to understand anything.

It is a very easy way of showing me something, but it doesn’t come clear to me what to do now to

actually improve my [health] score. It doesn’t help me to just see the score, I need more information

about what to do to improve. (P10, high)

When a prototype app screen showed more metrics, participants experienced the screen as offering them more

actionable insights. For instance, P1 mentioned that the high condition did not offer an understanding of what to

improve upon, while he could identify possible points of improvement by considering the additional metrics that

the medium condition offered:

On the second screen [medium condition], you can see the details and you know that, for example,

your heart rate would be too low, and this information already explains you what you can do to

improve your health. As well as the stress level that would suggest that I am too stressed today. While

the first screen (high condition) doesn’t tell me anything. (P1, medium & high)

However, showing more details regarding the calculations of the metrics did not offer participants more

actionable insights. For instance, knowing more about how the stress score was calculated was considered to be

less valuable than a fitness tracker offering tips about how to improve the health score. One of the participants

mentioned that she would like the tracker to give more tangible advice. Based on the metrics, she could try to

make guesses about what to improve, yet it remained open for interpretation. She would rather see the tracker

making these decisions for her, by advising her which aspect to focus on and giving tips about how to improve

that aspect:

So my health score is 75%. OK, so, I am wondering what’s missing right? Where do I need to improve?

Do you need to sleep more? Do I need to work out more? Do I need to reduce my stress level? It’s

not very clear then like it’s not very actionable, I would say. I mean, I like that there is an explanation

[about the stress score]. But again, like the actionable part is missing. So that’s not really helpful. (P6,

low)
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5.4.3 Metric Design. Notably, participants mentioned that the need for transparency and actionability differed

per metric. Metrics such as heart rate, steps and to some extent sleep were considered to be much more clear and

understandable than metrics such as stress, body battery and health. How steps were derived from the sensor

data was never questioned, while participants were often questioning they way the device would measure stress

and health. Participants also had an internalised reference for some of the metrics, which they lacked for others.

For instance, one of the participants mentioned that she knows that 10.000 steps per day would be optimal and

that humans need approximately 7-8 hours of sleep per night. Yet, such references were missing for other metrics

such as stress or health. It remained unclear to several participants if a stress score of 70 was positive or negative,

and what the start and end of the range represented. For instance:

What does [a score of] 100% for health mean? What does a score of 0% mean? What is the scale and

what must be done to get [my health score up to] 100%? Is that even possible? I think such kind

of information is important to me, because without knowing what the scale [of the health metric]

represents, it becomes impossible to understand its meaning. (P9, high)

In line with this, some participants asked if scoring a zero on their health score would mean that they were

dead. This indicates that the metric was ambiguous to interpret and that participants needed more information

about the range of the metrics. P10 mentioned that she considered several metrics to be more meta than others,

and that this influenced her need for more information regarding their design:

The stress level will be calculated from something. So maybe from my heart rate or from relaxation

phases or something? So I think the difference [between these metrics] is that, at least in my

understanding, that stress level and body battery are like on a meta level. And I think that these are

calculated based on several physiological data sources, they are probably combined. And that’s what

why I would want to know more about these [metrics] to understand what physiological data they

actually use to calculate that. And I think other metrics are less calculated, maybe more [directly]

measured. (P10, low)

When an explanation of how a particular metric was derived was unavailable, participants made assumptions

when the tracker showed additional metrics; while they expressed confusion when they only saw the health score

(high condition), they seemed to ‘fill in the blanks’ (P10) when the screen presented them with more metrics (e.g.

medium or low condition). For instance, P11 mentioned that she understood that the health score was based on

the other five metrics, which is also in line with P12’s comment:

Overall health it’s like, uh, when you sum up everything like the stress level and heart rate. (P12,

low)

6 DISCUSSION

In this paper, we explored how users of fitness trackers perceive derived metrics, and inquired how the level of

abstraction influences participants perception’s of a health metric. We conducted two studies; an experimental

vignette study and an interview study. Here, we juxtapose the results from the survey and the interview study to

build an understanding of how we can effectively use derived metrics in personal informatics.

6.1 Medium Abstraction Is the Conservative Choice

In short, the two studies show that the medium level of abstraction was perceived most positively by participants,

offering a moderate amount of explanation and not requiring too much speculation. We observed that the

derived concept of health and other derived concepts (e.g. body battery, cf. transparency) prompted users to

ask questions about the source of the metric. This shows that designers of future personal informatics systems
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(a) High level of abstraction (b) Medium level of abstraction (c) Low level of abstraction

Fig. 4. A conceptual understanding of our participants perceptions of the fitness tracker’s metrics at different levels of

abstraction.

need to navigate the delicate balance between fostering engagement through construal alignment (by providing

derived metrics which offer a level of abstraction relevant to how users conceptualise their wellbeing, cf. [3])

and reducing meaning (and, consequently, engagement [43]). The relevance of this design question will further

increase as sensors become more complex and further abstracting assessments of wellbeing from collected data

may lead to a sense of loss of agency. Our study shows that prompting users to attempt to explain the source of a

derived metric may be beneficial to the personal informatics experience. The design challenge that remains is

to determine how much explaining is appropriate for a given metric and user. To facilitate understanding that

design space, next, we propose an operational conceptualisation of a derived metric.

6.2 Towards an Anatomy of Derived metrics.

We hypothesise that the three levels elicit different responses in terms of psychological distance and thus

correspond to different construal levels. Both studies demonstrated that participants related the metric to their

wellbeing differently, i.e. at different levels of abstractions. When participants were shown their health information

at a high level of abstraction, they were only able to create a limited interpretation and lacked transparency and

meaning, which was apparent in the survey results. In contrast, the low-level metric often caused confusion, as

observed in metric design, and triggered significantly less reflection. Figure 4 shows our conceptualisation of

the three conditions.

6.2.1 High levels of abstraction obscure data. In the case of the high-level metric (Figure 4a), the design of the

metric blocked users from obtaining additional information about the metric. The lack of transparency contributed

to a perception of high psychological distance from the information. This, in turn, made the users unable to

relate the health score to their wellbeing aspiration. In line with Niess and Wozniak [48], the lack of connection

between eudaimonic aspiration and metrics leads to a sub-optimal reflection experience, which we observed.

6.2.2 Low levels weakly facilitate connections between data sources. This lack of connection was also observable

in the case of the prototype on a low level of abstraction as shown in Figure 4c. While the low-level metric did not

score low on transparency, participants where still unable to act upon the information provided (actionability).

We hypothesise that the large number of metrics and thus the complexity of the interpretation involved in relating

the metric to one’s health was the primary reason behind its significantly lower reflection scores. In terms of the

TMRM [3], users were unable to perform effective construal alignment in the low abstraction condition due to

the complexity of the data presented. This result is also in line with past work which discussed how moderating

complexity was a key design consideration for personal informatics [16, 49].

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 4, Article 158. Publication date: December 2022.



158:14 • Bentvelzen et al.

6.2.3 Intermediate levels of abstraction fosters reflection through interpretation. The prototype on the medium

level of abstraction led to more reflection than the other two versions, yet it did not outperform the other

conditions in terms of meaning or transparency. We hypothesise that the effectiveness of the medium-level metric

was primarily caused by the fact that it did not produce an impression of obfuscation (like the high condition)

while it also offered effective means of interpreting the data. Epstein et al. [16] showed that interpretability was a

desired quality in personal informatics. In our study, the medium-level metric allowed for interpretability, thus

enabling users in telling a story behind the metrics and aligning the score to their goals [48]. Not only did the

medium condition offer ‘just enough’ information (transparency), but it also facilitated making connections

between the individual metric and measurements, as we illustrate in Figure 4b. In the actionability theme, we

saw how users selected a subset of contributing metrics at different levels of processing (e.g. steps and stress) to

build their own ‘equation’ which contributed to the health score. Notably, this included metrics which were also

derived but were perceived as less abstract than the health metric (we propose the term guided metrics for such
metrics).

6.3 Designing Effective Derived Metrics

Our work shows that a derived metric can not only be subject to the technical design of how it is calculated; the

presentation and, most importantly, the communicated concept behind the derived metric play a key role in how

the users can reflect on the metric and how the metric can help them reach wellbeing goals. Thus, future personal

informatics systems should embrace derived metrics as an additional design dimension. This is particularly

relevant as all tracker metrics could be interpreted as derived or guided metrics—even heart rate measurements

are interpretations of sensor signals. Thus, it may be that a true raw metric does not exist. Based on our results,

we propose guidelines for such metrics.

The diversity of interpretations observed in our survey showed that personal informatics metrics are not

objective entities. While sensor-based measurements can carry a sense of objectivity, all metrics are subject to

interpretation and their complexity increases the users’ need for interpreting. This was particularly apparent in

the transparency theme. Users’ understanding of the health score changed, based on the information presented.

Consequently, future personal informatics systems should refrain from treating metrics as atomic outputs of the

system. Instead, a derived metric can only benefit the user if it is part of an ecology of metrics. This finding is in
line with past studies of long-term experiences of personal informatics, which found that the users’ choice of

metrics is likely to evolve over time [3]. Thus, the use of a particular derived metric is dependent on a temporal

and conceptual context. These contexts are likely to shift, affected by life events [29] or evolving goals [14, 48].

Well-designed derived metrics should thus provide possibilities for refinement.

Another aspect of derived metrics which was apparent in our results was how participants eagerly made

causal connections between the metrics. We observed how every metric, and particularly a derived metric, was

accompanied by a story. In the actionability theme, we observed how connections between different metrics

facilitated reflection. Thus, the users desired to understand the background of the metric and its connections to

specific sequences of their wellbeing-related actions. The medium-level metric obtained the highest reflection

score in the survey and the users were most eager to interpret it in the interviews. This suggests that it is a key

design quality for derived metrics to support effective storytelling through providing the opportunity to connect
different metrics into stories.

Our work indicates that the medium-level prototype was most effective in fostering reflection as it featured a

balanced mix of different metrics contributing to the health metric. Users were able to effectively choose not

only their interpretation of the metric, but also the preferred level of abstraction of that interpretation. Thus,

the health score was more or less abstract to different users, according to their preference. This showcases how

there is a need to design for ‘the middle way’ in derived metrics—embracing a balance in the complexity and
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abstractness. This was illustrated both in the fact that the medium version in our study prompted most reflection

and through qualitative insights in the metric design theme. In future personal informatics systems, there is a

need to provide a mix of raw and guided metrics which contribute to the derived metrics to allow the users to adjust
their interpretation of the derived metric to their desired level of abstraction.

We note that, in our study, we examined the three abstraction levels asmutually exclusive, in order to understand

the differences between the three conditions. This is not the case in most commercial tracker interfaces which

often follow the ‘details on demand’ visualisation mantra [52], particularly in terms of visualising metrics over

time. Arguably, traditional fitness measurement supports only revisiting [6], while derived metrics may support

revisiting and explanation. Thus, the design solution for the active user who regularly interprets data using

the tracker tool is making multiple abstraction levels available on the demand, facilitating multiple means of

supporting reflection. However, as most personal informatics interactions are glances [9], choosing the default

abstraction level remains a key design choice.

Finally, our study showed that the current state of design metrics provided in commercial trackers—with

little to no explanation—lacked transparency and made it impossible to fully use the tracker’s potential for

fostering reflection. This was evident both in the quantitative data and in the metric design theme. Yet, full

transparency was also not a desired design approach as it led to a loss of reflection potential and limited

actionability. Consequently, the design of future derived metrics should apply the ‘middle way’ principle. Future

trackers should reveal how a derived metric is obtained and calculated to the user to a certain degree. The metric

should allow the user to understand the component contributing to the metric, while leaving ample room for

interpretation.

6.4 Limitations

We recognise that there are certain limitations to our study. First, we observe that the participants in our study

were all from a Western background. While this choice is in line with other personal informatics studies, it

limits the applicability of the work. However, focusing on a Western population allowed us to conduct a focused

experiment and reduce confounding variables such as that the conceptualisation of health and the interpretation

of derived metrics varies among cultures [31]. Thus, there is a need to further study derived metrics across cultures

as habits and motivations for fitness trackers are a diverse set of practices [47]. Moreover, we acknowledge that

our inquiry focused on fitness tracker metrics and we do not know how our findings generalise to other domains

of personal informatics.

We note that there are, to the best of our knowledge, no validated scales available that allow us to assess how

CLT applies to experiences in the digital domain. While our analysis suggests that CLT can be applied to explain

the results of our work, there is a need for developing further psychometric instruments to fully confirm our

interpretation with statistical analysis. The choice of measures used in our studies also limits the scope of our

inquiry. Based on past work, we considered transparency, reflection and meaning as key dimensions in a positive

personal informatics experience. We do, however, recognise that other facets of personal tracking should also be

explored in future research.

Further, we remark that the use of fictional data was a study design choice which may have influenced the

findings of our study. Our approach is contrary to research efforts which postulated personal engagement with

data in order to understand personal informatics, e.g. [44]. Our choice of study design was motivated by the need

to mitigate possible negative consequences of participating in the study [12, 57] While we recognise that using

real data would have resulted in participant responses of increased ecological validity, it would also render a

comparison between the conditions impossible. Past work indicates that users interpret data in the context of

their own goals, life context and personal models of performance [3, 48]. Consequently, the subjective assessment

of the data underlying the presented prototype would be the primary factor determining the users’ perception of
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the prototype. Further, engaging with one’s own data could result in discovery [44] for a subset of the participants,

leading to an sample imbalance. Given that these confounding factors cannot be reliably measured, we would

be unable to control for them, which would, in turn, severely impact the validity of the comparisons in our

studies. In the quantitative results, we can observe that the effect sizes are low, which may be due to the use

of fictional data. Future work should explore how our findings can be applied to studies with real data while

avoiding negative consequences of changes in data presentation, possibly through multiple levels of abstraction

available at the same time.

In order to avoid familiarity bias, in the form of the users being acquainted with some commercially available

derived metrics, we chose to use a fictional health metric in our study. This metric, to the best of our knowledge,

is not available in commercial fitness trackers. Yet, we recognise that a new metric may require extra effort from

the users and elicit different responses than a familiar product. Interestingly, the qualitative data does not show

that the participants were opposed to the notion of a health metric per se. We hope that future research can

juxtapose our results with studies of existing derived metrics to understand the interdependence between how a

derived metric is presented and its relation to everyday experience.

Finally, it is of importance to remark that, as any study which uses a design artefact, the results of this inquiry

are influenced by the speculative interface designs which we used to elicit feedback from users. While we aimed

to work with designs that closely resemble commercial fitness trackers to increase ecological validity, there is

inherent bias in any design. Thus, it remains a challenge for future research to validate the insights proposed

here across a range of personal informatics designs.

7 CONCLUSION

This paper explored how users of fitness trackers perceive derived metrics, and how such metrics can support

users’ wellbeing. We conducted a two-step study which consisted of an online survey and an interview study.

We examined three ways of presenting a derived metric for health at three levels of abstraction. Our findings

demonstrated that a medium level of abstraction led to the highest potential for reflection. Our analysis suggests

that this was due to the fact that a medium level of abstraction allowed for construal alignment and supported

participants in identifying underlying reasons for the metric score. In addition, our work shows that derived

metrics may provide additional opportunities for reflection, but their complexity increases the users’ need for

interpretation. This indicates that derived metrics form an additional design dimension for personal informatics

systems. This paper offers four guidelines for the design of such metrics. We hope that our work contributes to

an understanding of users’ perception of derived metrics and will inspire the design of effective derived metrics

for future personal informatics systems.
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