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1

General introduction

The date is September 12, 2017. Yesterday was a Monday – Mondays are
insane. I got up at 5:50 AM, went to work, put out some fires that had
made it to my inbox over the weekend, fussed over the general discussion
of this dissertation, then at 8:30 gave a lecture, followed by a stream of
back-to-back meetings and teleconferences until about 5 PM.
Then, yesterday evening, my vision started going wonky. Blind spots
came swimming into my visual field, starting at the center and radiating
out. The whole thing lasted no more than an hour, and my general
physician has since assured me that what I experienced was a relatively
common and mostly harmless side effect of migraine. ‘Mostly harmless’
aside though, I can’t shake the feeling that my body is trying to tell me
something...
Stress is a strange and insidious creature. I really like my job: I enjoy
5
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teaching, I enjoy writing, I like these meetings with these interesting people about cool projects. Is it all a bit much? Sometimes, maybe. But this
much..? The causal link (long & busy day → migraine) seems glaringly obvious in hindsight, but in practice, I find it incredibly tricky to
tell the difference between being productive, getting things done, generally just keeping busy (in Dutch: ‘druk’) and overworking, overreaching
and putting myself under an unhealthy amount of actual pressure (in
Dutch: also ‘druk’ – you see my confusion).

1.1

Stress, health, & well-being

I am not alone in my struggle to understand, signal, and cope with
stress. Stress is commonly considered an important issue in modern
Western society, due to its impact on well-being as well as physical
health: besides impacting well-being directly, stress is considered a contributor to burnout and depression (S. Cohen, Janicki-Deverts, & Miller,
2007; Iacovides, Fountoulakis, Kaprinis, & Kaprinis, 2003) and has also
been associated with a variety of adverse outcomes in terms of physical health, including cardiovascular disease and cancer (S. Cohen et al.,
2007; Chrousos, 2009).
But what exactly do we mean by ‘stress’, and why does it have such a
profound effect on us? Colloquial use of the term often confuses whether
stress is an aspect of our environment, a state of mind, a physical condition, or a combination of these. Lazarus’ Cognitive Appraisal theory
suggests that stress is the result of a combination of a potential threat
in the environment (the ‘stressor’) and our cognitive response to it: a
potential stressor only results in stress if we perceive it as dangerous,
and if we feel ill-equipped to deal with the threat (Lazarus, 1966). Selye
refers to this as ‘distress’: negative stress (Selye, 1976). Challenges in
our environment that seem manageable, by contrast, result in ‘eustress’,
or positive stress.

7

The body’s attempt to respond to stressful situations results in a particular pattern of neural activity and associated physiological changes
in various other systems. Such physiological markers of stress include
increased activity of sweat glands, and increased heart rate, but also
less well-known effects such as a change in the variability of heart rate.
There is typically some variation on the intervals between heart beats:
one interval is slightly longer or shorter than the next. During stressful
periods heart rate variability is reduced, so that the heart rate not only
goes up, but becomes more ‘metronome-like’ (Thayer, Åhs, Fredrikson,
Sollers III, & Wager, 2012).
The pathways through which stress affects (long-term) physical health
are still not fully understood, but it is generally believed that the physiological response to stressors (referred to as ‘allostatic load’; McEwen and
Stellar, 1993) causes wear and tear on the body which accumulates over
time. Thus, these physiological responses, although useful and adaptive
in the short term (i.e., with acute stress, when heightened activity is
needed to deal with a problem here and now), can become harmful in
the long run (i.e., with repeated, chronic stress), especially if the body
is not given sufficient opportunity to recover.
The psychological impact of eustress (positive stress) and distress (negative stress) are quite different, but the associated physiological responses,
unfortunately, are the same: any situation that requires us to adjust,
to make an effort to retain (or regain) our balance contributes to allostatic load. Unfortunately, this means that while eustress is not directly
psychologically harmful, and has even been associated with higher life
satisfaction (O’Sullivan, 2011), it may still be detrimental to our health.
In addition, we may experience stress without the immediate presence
of stressors, by worrying about the future, or ruminating about the past
(Brosschot, Gerin, & Thayer, 2006). This so-called ‘perseverative cognition’ may even occur subconsciously, beyond the reach of introspection
(Brosschot, Verkuil, & Thayer, 2010). Combined, these factors make it
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difficult for us to accurately estimate the extent to which we are exposed
to stress.
It is clear, then, that stress is a problem worth tackling. However, changing our cognitive, emotional, behavioral habits to deal with stress in a
healthier way, like any lifestyle adjustment, requires an effortful process
of change. The first stage in any such process is becoming aware of the
problem (Prochaska & Velicer, 1997) – or, in the words of dr. Phil:
“you can’t change what you don’t acknowledge”. Although never trivial,
given the issues outlined above (subconscious worry and rumination, the
counterintuitive harmfulness of eustress) this step is perhaps especially
difficult when it comes to stress.

1.2

Self-tracking for self-insight

According to the Transtheoretical Model of Behavior Change (Prochaska
& Velicer, 1997), awareness of a problem is one of the first steps in the
multi-stage journey of behavior change. One approach that has been
suggested as potentially helpful in this context is self-tracking (also referred to as self-quantification, or self-monitoring): by explicitly keeping
track of certain aspects of our lives (e.g., sleep, diet, activity level) we
can gain the self-insight we need to change ourselves for the better. Such
parameters can in some cases be tracked manually by means of journaling or similar techniques, but technological developments have made it
possible to track many of these parameters automatically and often continuously by means of relatively unobtrusive wearable sensors, or sensors
native to the smartphones many consumers already own.
The approach has been employed in a variety of domains, from physical activity, sleep, and weight to productivity, finances and heart rate.
The idea of keeping track to gain self-insight is not new in itself (e.g.,
Benjamin Franklin famously kept track of virtuous behaviors), but the
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opportunities offered by wearable sensor technologies have sparked a renewed interest in self-tracking in recent years. The cradle of this revolution lies in Silicon Valley, where, circa 2007, Gary Wolf and Kevin
Kelly identified, and later organized, what they call the Quantified Self
community: a community of users and tool-makers intent on achieving
‘self-knowledge through numbers’ (Quantified Self Labs, n.d.). What
started as a niche endevour for tech-savvy tinkerers has since boomed
into a mainstream activity, and an accompanying billion-dollar industry
of wearable technology.
Based on observed behavior and motives of users, use of these selftracking systems (or Personal Informatics systems, as they are known
in academic writing) has been characterized as a multi-stage, often iterative process of preparation, data collection and integration, reflection,
and, finally, action (Li, Dey, & Forlizzi, 2010; Epstein, Ping, Fogarty, &
Munson, 2015). Users first need to decide what to track, and how (e.g.,
what tools to use). Once the general approach has been decided on, data
can be gathered, and subsequently reflected on. Often, however, the collected data must first be combined, reformatted, exported/imported, analyzed, visualized or otherwise processed before reflection can begin. Li
et al. (2010) refer to this ‘distance’ between data collection and reflection
as the integration stage. After integration, the user can reflect on the
data they have gathered, interpreting their findings and drawing lessons
from them. The resulting data-driven insights can then be translated
into changes to behavior. It is easy to see how such a process could be
valuable in the domain of stress: given that it can be difficult for a person
to be accurately aware of their stress level, tracking stress in a consistent
way might promote stress-awareness, thereby highlighting opportunities
for self-improvement. Especially by using physiological measurements
that do not rely on the – notoriously inaccurate – subjective experience
of stress, self-tracking may be able to provide valuable self-insight, and
empower users to deal with stress in a healthier way.
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Effects of stress self-tracking?

Although theory suggests that self-tracking can lead to actionable selfinsight (Li et al., 2010; Epstein et al., 2015), and that awareness and
insight may be valuable in the process of behavior change (Prochaska &
Velicer, 1997), these theories are based mainly on specific user groups,
and a particular set of (physical) health behaviors. As such, these processes may not necessarily be applicable to the situation under discussion:
individuals from the general population trying to self-manage stress. In
addition, it is unclear how much empirical evidence actually exists to
support the idea that data leads to insight, which in turn leads to selfimprovement, and there is even some indication that self-tracking may
be counterproductive (Makicic et al., 2016).
What makes self-tracking especially interesting for stress self-management
(i.e.,the inherent difficulties in detecting stress through introspection)
may also make self-tracking of stress different from tracking of other
parameters. When tracking physical activity, for instance, a user may
‘sanity-check’ their data by comparing it to their remembered level of
activity in a given day, or even by actively checking whether certain activities are accurately registered or not (Mackinalay, 2013; Yang, Shin,
Newman, & Ackerman, 2015). For stress, there is no absolute ground
truth to check the data against. This may complicate how users interact
with data about their physiological stress level, and findings from other
domains of self-tracking may not necessarily translate to self-tracking of
physiological stress.
There are also indications that self-tracking can have unintended side
effects (for a more detailed treatise on this subject, see van Dijk, Beute,
Westerink, and IJsselsteijn, 2015). The evidence is mainly anecdotal
and, again, from domains other than stress tracking, but several side effects have been observed, such as an uncomfortable, obsessive awareness
of what’s being tracked (Ancker et al., 2015; Cordeiro et al., 2015), and
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an excessive focus on the numbers which sometimes even leads to adjustments in behavior that are not necessarily healthier even if they do
optimize the numbers (Purpura, Schwanda, Williams, Stubler, & Sengers, 2011; Williams, 2013).

1.4

Scope of this thesis

Self-tracking would seem a potentially valuable approach in stress selfmanagement: feedback about stress may bring about a greater awareness
of stress, which in turn forms the first step in dealing with stress in
a healthier way. The impact of this approach, however, has not been
empirically explored, leaving one to wonder:
Can self-tracking of physiological stress
help people become more aware of stress?
In this thesis I will present the work I have done to answer this question
in a series of six chapters:
I start in Chapter 2 by elaborating on the theoretical framework on
which this work is based, followed by a systematic review of the literature
to establish the current level of empirical evidence for the idea that selftracking leads to change-inducing self-knowledge.
In Chapter 3 I describe a laboratory study examining whether real-time
feedback about stress promotes stress awareness.
To further clarify the impact of real-time stress feedback, in Chapter 4,
I continue with this line of research with a laboratory study to investigate
the effect of false, or fake, feedback about stress.
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In Chapter 5 I examine the impact of delayed feedback: how do people
respond to feedback about stress that is given ‘after the fact’?
In my final empirical chapter, Chapter 6, I move my inquiries to the
field, and explore the impact of stress tracking systems as experienced
by users ‘in the wild’.
Finally, in Chapter 7 I interpret my combined findings in light of my
research question and discuss implications for future work on stress selftracking.

2

From self-tracking to self-insight &
self-improvement: a literature review

In this chapter I will outline the theoretical framework on which the idea
of stress self-tracking for stress-awareness is based: the ‘Self-Improvement
Hypothesis’. I will link this idea to existing theories of behavior change,
and evaluate the current level of empirical support for the hypothesis
by means of a systematic review of the literature. This chapter has
previously been published as:
Kersten-van Dijk, E. T., Westerink, J. H., Beute, F., & IJsselsteijn, W. A. (2017). Personal informatics, self-insight, and behavior change: a critical review of current
literature. Human-Computer Interaction, 32 (5-6), 1–29. doi:10.1080/07370024.
2016.1276456
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From self-tracking to self-insight & self-improvement: a literature review

Introduction

The increasing pervasiveness of sensor-rich smartphones and wearable
sensor technologies has facilitated a revolution of self-tracking. A dedicated community of self-trackers and life-loggers seeking “self-knowledge
through numbers” has been on the rise. The most visible and wellorganized reflection of this community is the Quantified Self (QS) movement – an organization that has regular ‘meet-ups’ around the globe to
share their experiences and experiments in gathering data and collecting insight about themselves (see the QS website, Quantified Self Labs,
n.d.). But the trend goes beyond these ’power users’: a recent survey
estimated that 69% of Americans keep track of a health related parameter, either for themselves or a loved one (Fox & Duggan, 2013). And
it is not just physical health, but also mood, location, (social) media
usage, productivity and finances that can be, and are being tracked with
affordable and widely available sensor systems and (free) apps.
In tandem with these developments, a new scientific field has emerged,
focusing on technology that facilitates collection and use of personally relevant information: personal informatics (PI). In line with the QS motto
of “self-knowledge through numbers”, the personal informatics community tends to focus on creating systems that not only allow users to gather
data, but that also facilitate favorable changes in behavior. Specifically,
these behavior changes are data-driven: users obtain (self-)insights by
examining their data, and subsequently change their behavior based on
these insights. We will refer to this idea as the Self-Improvement Hypothesis of personal informatics. Although there are exceptions (notably
‘life-logging’ and other recollection- and self-documentation-focused approaches, e.g.,Elsden and Kirk, 2014), the Self-Improvement Hypothesis
seems to represent the dominant way of thinking about personal informatics, and the prevailing intention in designing such systems (see e.g.,
Li et al., 2010; Epstein et al., 2015), as well as the most common reason

From self-tracking to self-insight & self-improvement: a literature review
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In spite of the Hypothesis’ popularity, a systematic assessment of the
scientific support for it seems to be missing from the personal informatics landscape. Although self-monitoring of, and personalized feedback on
certain behaviors is known to be conducive to changes in those behaviors,
it is not clear whether these changes in behavior are necessarily mediated
by insights based on data (data-driven). Other underlying processes may
also contribute to the behavior changing power of self-tracking (e.g.,the
feeling of being observed, interrupting automatic decision-making), and
understanding how and why certain interventions work is crucial when
trying to optimize these interventions (see e.g., Campbell et al., 2000;
Klasnja, Consolvo, & Pratt, 2011). The idea that self-tracking might
provide self-insight, and that such insights constitute a stepping-stone
for behavior change is intuitively appealing, but no structural review
exists to reveal the current level of empirical evidence for this SelfImprovement Hypothesis. The purpose of this chapter therefore is to
provide such a review, and assess the state of the evidence supporting
the Self-Improvement Hypothesis. In addition, this review will shed light
on current best practices and possible ways forward in the PI field.
In this introduction, we will first describe existing models of personal
informatics. We will then discuss two types of behavior change techniques known from psychological literature (self-monitoring and feedback interventions), highlighting similarities and important differences
between these techniques and PI systems. An overview of several behavior change theories and their overlap with the Self-Improvement Hypothesis will then be provided. Finally, we introduce our current approach:
a structured review of the existing literature on the Self-Improvement
Hypothesis of personal informatics, providing an overview of the current
state of evidence for this Hypothesis, as well as current best practices in
evaluating personal informatics systems.

Chapter 2

for users to adopt such systems (Li et al., 2010; Choe, Lee, Lee, Pratt,
& Kientz, 2014; Whooley, Ploderer, & Gray, 2014; Epstein et al., 2015).
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2.1.1

Models of personal informatics

Two models of personal informatics have been proposed: the Stage-Based
Model by Li et al. (2010) and the Lived Informatics Model by Epstein
et al. (2015). Li et al. (2010) were the first to propse an explicit model
of personal informatics. Their Stage-Based Model describes the use of
personal informatics systems as a process consisting of five stages: preparation, collection, integration, reflection and action. In the preparation
stage, a user decides what they want to track and how. Next comes a
period of data collection, followed by an integration process, where the
necessary steps are taken to transform the raw data (sometimes from
multiple sources) into a coherent result (e.g.,visualization) that can subsequently be reflected on. Reflection on the integrated data yields selfinsight, which the user can subsequently use to change their behavior in
the final stage: action.
In later work, the authors of the Stage-Based Model further refined their
model by differentiating between two subtypes of the reflection phase:
discovery and maintenance (Li, Dey, & Forlizzi, 2011). Inspired by the
Transtheoretical Model of Behavior Change (Prochaska & Velicer, 1997),
Li et al. (2011) argue that while some users may be using personal informatics to identify possible courses of action (i.e., what behaviors to
change to reach a certain goal: the discovery phase), others may already
have implemented behavior changes and are focused not on initiating
new behaviors, but on maintaining adherence to an already improved
behavioral regime (the maintenance phase).
Based on a survey and interviews with self-trackers, Epstein et al. (2015)
recently argued that use of personal informatics systems in practice does
not adhere to the strict division of stages described in the Stage-Based
Model. They therefore propose an alternative model of personal informatics, based on a ‘Lived Informatics’ perspective (Rooksby, Rost, Morrison, & Chalmers, 2014). The Lived Informatics model highlights the
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messy reality of lapses and interruptions of tracking activities. In addition, Epstein et al. emphasize the integrated nature of collection of and
reflection on data: reflection often occurs in tandem with or even during
collection, rather than as a strictly separate step. Despite their differences, both the Stage-Based Model and the Lived Informatics Model
are consistent with the Self-Improvement Hypothesis: gathering and inspecting self-relevant data lead to self-insight, which in turn facilitates
changes in behavior.

2.1.2

Self-monitoring and feedback interventions vs.
Personal Informatics

In this section we discuss known effects of two techniques similar to PI
usage (self-monitoring and feedback interventions) that have been used
successfully in the past to change people’s behavior.
Self-monitoring (i.e., keeping track of a certain behavior) is a well-known
intervention technique, used to change certain behaviors, namely those
behaviors that are being monitored. Effects of self-monitoring are welldocumented in several domains, including diet monitoring for weight
reduction (for a review, see Burke, Wang, & Sevick, 2011) and ecofeedback to reduce energy usage (see e.g., Buchanan, Russo, & Anderson,
2014; Froehlich, Findlater, & Landay, 2010). There are indications that
self-monitoring of a behavior adjusts the frequency of the behavior to
better suit perceived (social) norms concerning the behavior: if the behavior is seen as negative, the frequency is reduced, while the frequency
of a more positive behavior would be increased.
Feedback interventions rely on a similar concept, providing feedback to
participants about monitored behaviors with the aim of changing adverse
habitual behaviors (the monitoring may or may not be done by participants themselves). For instance, feedback about students’ performance
is known to improve their study results (Hattie & Timperley, 2007). A

Chapter 2
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recent review concluded that the effectiveness of technology-mediated
feedback interventions has not yet been sufficiently examined (Hermsen,
Frost, Renes, & Kerkhof, 2016), but more traditional feedback interventions have been extensively evaluated. In a review, Kluger and Denisi
(1996) found that the majority of feedback interventions were effective,
although it should be noted that for about a third of the interventions
the effect was adverse rather than beneficial.
Several possible explanations for the effects of self-monitoring and feedback interventions exist. The effects of self-monitoring are most commonly explained in terms of Bandura’s Self-regulation Theory (Bandura,
1991): monitored behaviors are compared to some standard or goal, and
deviations from the standard are subsequently rectified. From a more behaviorist point of view, self-monitoring may be seen as a form of operant
conditioning: the observation of deviations from the norm constitutes a
‘punishment’, discouraging the relevant behavior, while achievement of
the norm serves as a ‘reward’, reinforcing the relevant behavior. Alternatively, the effectiveness of self-monitoring and feedback interventions
may be due (in part) to an ‘observer effect’: the fact that one is observed
(even by oneself or a piece of technology) promotes adherence to social
norms (e.g.,engaging in healthy behaviors). Thirdly, from a perspective
of dual-process models (e.g.,the Elaboration Likelihood Model; Petty &
Cacioppo, 1986) self-monitoring and feedback interventions may serve to
interrupt the flow of automatic, habitual decision-making, making room
for a more controlled and rational decision-making process resulting in
better (healthier, more productive) decisions and behaviors. Finally, as
in the Self-Improvement Hypothesis, self-monitoring and feedback may
result in specific and actionable insights leading to behavior change.
While self-monitoring and feedback interventions may be effective at
changing behavior, it may not necessarily be through data-driven insight
that these changes are achieved. Understanding the underlying process,
though, is crucial, because each process requires a different approach in
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terms of (technological) support. For instance, for self-regulation the
focus should be on detection and presentation of discrepancies between
the current state and goal state, while the dual-process perspective calls
specifically for active, perhaps even effortful self-monitoring and not automated tracking. This underlines the importance of understanding not
just that an intervention works, but specifically why it works (or not).
The importance of understanding the underlying process has been highlighted for complex health interventions (Campbell et al., 2000) and
specifically for technology directed at behavior change (Klasnja et al.,
2011). To understand and optimize the value of PI as a tool for selfreflection and data-driven behavior change, then, we need to examine
the proposed underlying process of PI-supported behavior change: can
use of PI promote data-driven self-insight? Can such insight promote behavior change? It is specifically this proposed mediating role of insight
that we will investigate in this chapter.

2.1.3

The Self-Improvement Hypothesis: theoretical perspectives

The Self-Improvement Hypothesis of personal informatics assumes a twostep process: self-tracking leads to insight, and insight leads to behavior
change. Before we move on to our review of empirical evidence for this
hypothesis, in this section we will discuss relevant theoretical perspectives.
Insight through self-tracking
The concept of ‘insights’ in PI seems to be similar to the concept of
(visualization) insights in visual analytics, the scientific field concerned
with visualizations of data, often with the express purpose of providing
insight (e.g. Card, Mackinlay, & Shneiderman, 1999; North, 2006). Although different definitions of insight have been suggested in this context,
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an examination of the body of work on insight from visual analytics suggests that “insight is considered to be more or less units of knowledge”
(Chang, Ziemkiewicz, Green, & Ribarsky, 2009): pieces of information
extracted from data.
A specialized field of ‘personal visual analytics’ or ‘personal visualizations’ is now emerging, which focuses specifically on presenting personally
relevant information in a way that supports users in analyzing their own
data (Huang et al., 2015). However, there are possible barriers to such a
presentation having the intended effect of creating actionable insight and
subsequent changes in behavior. In his Information Processing Theory,
McGuire (1968) describes five requirements for a message to eventually
achieve behavior-changing effects: exposure, attention, comprehension,
yielding and retention. Firstly, the message must reach the perceptive
channels of the audience (exposure). Secondly, the audience must attend to the message (attention). The message must then be understood
(comprehension), and subsequently ‘yielded to’ (i.e., believed). Finally,
the change in beliefs must be stable over time (retention) in order for
behavior change to occur.
One possible barrier in this process is people’s natural propensity toward
maintaining their existing beliefs (for a review, see Klayman, 1995). This
phenomenon, generally referred to as ‘confirmation bias’, may manifest
itself in different ways: people may selectively search for evidence supporting their existing beliefs, for instance by believing only information
that confirms their beliefs; or they may interpret information in a way
that suits their beliefs (Klayman, 1995). Such processes may prevent
users from ‘yielding’ to the information provided by a personal informatics system if the information is in conflict with their existing (self-)beliefs.
So although an entire area of research is now devoted to presenting information in the most effective way, even for the clearest visualizations
barriers may exist that could prevent users from obtaining insights from
their data.
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Although Information Processing Theory (McGuire, 1968) proposes that
a change in beliefs or knowledge leads to a change in behavior, this relationship may not be that straightforward. Behavior change typically
requires more than simply knowing what to do; it has been shown that
even if people have a specific intention to perform a certain behavior,
they still only have about a 47% chance of actually performing the intended behavior (Sheeran, 2002). Add to this that behavior change is
a long-term process requiring many individual behaviors and it is clear
that insight is unlikely to translate directly to behavior change. In this
section, we turn to models and theories about behavior and behavior
change to shed light on determinants of behavior and possible routes
through which insight gained through self-tracking might facilitate behavior change.
Both Li et al. (2010, 2011) and Epstein et al. (2015) note similarities
between their models of personal informatics (the Stage-Based Model
and the Lived Informatics Model, respectively) and the Transtheoretical
Model of Behavior Change (Prochaska & Velicer, 1997). The Transtheoretical Model (or TTM) is well-suited to application to personal informatics and the Self-Improvement Hypothesis because it deals with sustained
behavior change: change as a long-term process of preparation, change
and subsequent maintenance of new behavior(s). In addition, many of
the concepts and ideas from the TTM are shared by a variety of other
behavior (change) models, like the Theory of Planned Behavior (Ajzen,
1985), the Health Belief Model (Rosenstock, 1974) and various others
(De Vries et al., 2003; Klein, Mogles, & van Wissen, 2011; Rogers, 1975;
Witte, 1992; Maes & Gebhardt, 2000; Schwarzer, 2008; Ryan, 2009;
Fishbein, 2000; Hagger & Chatzisarantis, 2014; Bandura, 1977; Klein
et al., 2011; Bagozzi, 2000; Bandura, 1991; Kluger & DeNisi, 1998). For
these reasons, we will use the TTM as a starting point in our discus-
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sion of existing behavior change models and how they compare to the
Self-Improvement Hypothesis.
The TTM divides the process of behavior change into five stages: precontemplation, contemplation, preparation, action and maintenance. According to the TTM, the process of behavior change starts well before any
new behavior is engaged in. At first, people have no intention of changing
their behavior yet, for instance because they are not (sufficiently) aware
of the problems arising from their current behavior. This is the precontemplation stage. In the contemplation stage, people are aware of the
issue, but the perceived disadvantages of changing still outweigh the perceived advantages. When people enter the preparation stage, they have
made a decision to change their behavior and are making specific plans
to implement their behavior change (e.g., joining a nearby gym). The
fourth stage – action – demarcates the beginning of the actual change
in behavior. In the action stage, the focus is on implementing changes
in behavior, while in the final stage – maintenance – the emphasis is on
preventing relapse and keeping the new behavior pattern intact.
Besides these ‘stages of change’, the TTM proposes processes of change
that can facilitate a person’s progression from one stage to the next.
Some of these involve the acquisition of new information and insights
of the sort that might be obtained through personal informatics. The
previously mentioned definition of insight as “units of knowledge” (Chang
et al., 2009) allows for a wide variety of possible insights, and has been
interpreted in different ways, including “[making] the user aware of their
current status” (Li et al., 2010, p. 562), and users “learn[ing] about
their behavior” (Epstein et al., 2015, p. 735). Choe, Lee, and Schraefel
(2015) analyzed insights self-trackers report obtaining from their data
and extracted eight types of insight users found in their data, ranging
from identifying outliers or extreme values to detecting a correlation
between different tracked variables. Although all valid as insights under
the aforementioned definition, not all of these insight types may provide
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Consciousness
Raising

Precontemplation

Self-monitoring
& Contingency
Management

Outcome
Expectancies

Contemplation

Preparation

Action

Maintenance

Self-efficacy

Figure 2.1: Overview of the stages of change from the Transtheoretical Model (Prochaska
& Velicer, 1997), and information/insight-related processes of change that can aid progress
through these stages.

Consciousness raising Firstly, the TTM proposes ‘consciousness raising’: a process that increases awareness of problems associated with the
existing behavior pattern, which can help a person transition from the
precontemplation to the contemplation stage. Awareness can be triggered by knowledge (for instance about problematic behavior, likely outcomes and possible alternative behaviors; De Vries et al., 2003) and cues
that make the goal of behavior change more salient (e.g.,an acquaintance
having a heart attack; De Vries et al., 2003; Klein et al., 2011).
In some cases, personal informatics might prompt awareness of previously unknown issues. Many personal informatics systems rely on automatic measurements of parameters that are difficult to assess accurately
by means of self-observation (e.g.,physiological parameters, level of activity, sleep quality). For such parameters, the results obtained through the
tracker may surprise users and give them new insights into matters they
were not aware of (e.g.,“my resting heart rate is higher than I imagined”,
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the kind of information that actually triggers a change in behavior. By
looking at the processes of change proposed in the TTM we can identify
specific types of insight that can contribute to a change in behavior (see
Figure 2.1 for an overview).
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“I sleep better than I thought”).
Outcome expectancies A second phenomenon that can facilitate or
hinder transition through the stages of change in the TTM is the ‘decisional balance’: the balance of perceived pro’s and cons of behavior
change. According to the TTM, the advantages of behavior change are
unclear in the first stage of change (precontemplation), while the disadvantages (i.e., effort) are very salient. To move forward through the
stages, the advantages of change need to become clear, and need to eventually outweigh the disadvantages of behavior change in order to get to
the action and maintenance stages.
Personal informatics systems may provide users with information about
the benefits of changing a certain behavioral pattern, if the user already
engages in both the detrimental behavior and the more favorable behavior. If the user’s general pattern of behavior is to perform the detrimental
behavior (e.g.,eating right before going to bed), but they also sometimes
behave in a more favorable way (e.g.,eating earlier), a personal informatics system may help them to see the benefits of the more favorable
behavior (i.e., better sleep quality). This fits with what Rooksby et al.
(2014) refer to as ‘diagnostic tracking’: users keeping track of behaviors
and outcomes to determine causal chains.
Self-efficacy The third concept that is generally considered an important requirement for behavior change is a person’s belief that they are
capable of adopting a new pattern of behavior: ‘self-efficacy’. Originally proposed by Bandura (1977), self-efficacy and similar concepts like
‘perceived behavioral control’ and ‘perceived competence’ are now incorporated in many theories of behavior and behavior change (e.g., Klein
et al., 2011; Schwarzer, 2008; De Vries et al., 2003; Ryan, 2009; Fishbein,
2000; Rogers, 1975; Bagozzi, 2000; Hagger & Chatzisarantis, 2014; Maes
& Gebhardt, 2000).
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Self-efficacy can be influenced by different sources of information. Perhaps the most obvious is information about past performance accomplishments (Bandura, 1977): if a person succeeded at something before,
they are likely to feel more confident that they can succeed again. Personal informatics may help in this area by making (small) accomplishments more visible to the user, reminding them that they are capable of
‘doing the right thing’.
Contingency management & self-monitoring In the final two stages
of behavior change – action and maintenance – the TTM proposes ‘contingency management’ as a crucial process: a person needs to keep track
of obstacles and deal with them as they arise. Monitoring adherence,
lapses and progress toward goals is needed so that adjustments to the
regime can be made where necessary.
Personal informatics systems may facilitate the processes described above
by providing feedback about the user’s progress. Bandura (1977) has
noted that feedback needs to be informative and temporally near (i.e.,
immediate) to the relevant behavior in order to be effective. The myriad
of sensors available, coupled with mobile technology, mean that personal
informatics systems have the opportunity to provide both.

2.1.4

Reviewing empirical evidence for the SelfImprovement Hypothesis

The theoretical perspectives outlined above suggest that although barriers may exist, there are reasons to believe that PI systems might facilitate insight, and that several types of insight may contribute to behavior
change in different ways. The question remains, however, whether empirical work on PI systems confirms these notions. In this review, we will
look at empirical evidence for the Self-Improvement Hypothesis. For
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reasons outlined above, we are specifically interested not only in the outcome (behavior change) but in the underlying process: do users obtain
self-insights through use of PI systems? Are these the type of insights
that (may) help them to change their behavior?
As the weight of empirical evidence very much depends on the quality of the study methodology, in the current review we will also assess
best practices in evaluation of PI systems. We will highlight common
shortcomings and potential pitfalls and, based on our findings, provide
recommendations for future empirical studies of PI systems.

2.2

Method

Four scientific databases were searched for relevant work: PsycINFO,
the ACM digital library, Scopus, and ScienceDirect. The same query
was used in all four of these databases. Entries were included if either
the title or abstract contained the following: [PI keywords]
OR


[self-monitoring keywords] AND [technology keywords] . See Table
2.1 for the individual keywords. The selection of keywords for this review
was a challenge as not all publications relevant to our search necessarily
self-identify as ‘personal informatics’ or ‘self-tracking’ literature. The
keywords were therefore selected based on the authors’ knowledge of the
field: we devised a set of keywords that captured relevant publications
we were aware of, while avoiding keywords that are so general that they
produce unmanageable volumes of results. Specifically, we combined
keywords focused on technology (e.g.,“application”) with keywords related to a focus on self-insight (e.g.,“self-monitoring”) to target relevant
literature without automatically also including the entire body of work
on computer science.
The search was conducted on January 26th , 2016. In the case of Scopus, the query used produced such a large set of results (> 7000 entries) that entries were further selected based on research area, keeping
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only work from relevant fields (psychology, decision sciences, social sciences, medicine, engineering, computer science, and multidisciplinary
work) while excluding work from fields not relevant to our research questions (e.g.,neuroscience, dentistry, physics). Across the four databases,
the initial search resulted in 6568 entries. These were further narrowed
down by manual inspection of titles, abstracts and – where needed – full
texts. For this selection process, five inclusion criteria were used. These
criteria, as well as the motivation behind them, can be found in Table
2.2.
Table 2.1: The keywords used to query the four databases. Entries
were included if either

the title or abstract contained the following: [PI keywords] OR [self-monitoring keywords]

AND [technology keywords] .

PI keywords

self-monitoring keywords

technology keywords

self-tracking, self-track, self tracking, self-hacking, selfhack, self hacking, quantified self, life-logging, lifelogging, life logging, personal informatics, personal analytics, e-coach, ecoach, e-coaching, ecoaching, smart
coach, smart coaching, personal visualization, personal
visualisation, personal visual analytics, auto-analytics,
auto analytics
self-assessment, self assessment, self-assess, selfmonitoring, self monitoring, self-monitor, selfsurveillance, self surveillance, [ self, own, selfmanagement, self-regulation combined with feedback
]
technology, platform, application, mobile

For an overview of the selection process, see Figure 2.2. In the first selection round (applying criteria 1-4), 6513 of the initial 6568 entries were
excluded because they did not concern original, peer-reviewed work relevant to PI or the Self-Improvement Hypothesis and/or utilized a complex
intervention (using additional behavior change techniques besides selftracking) or were intended for use by clinical/extreme groups. This left
55 entries for the second selection round, where 31 studies were excluded
because although they met all other inclusion criteria, they provided no
evaluation of the self-improvement hypothesis (inclusion criterion 5). In
many cases, an evaluation of the system was provided, but it focused
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Table 2.2: The inclusion criteria used to select the articles for this review.

1

The entry must be peer-reviewed and report on original empirical work.

2

The entry must discuss one or more technologies that support collection of, and
feedback on, personally relevant data from daily life; the goal of facilitating
insight to promote data-driven behavior change must be explicitly mentioned.

Note: this criterion ensures relevance to Personal Informatics and the Self-Improvement
Hypothesis. Work on self-monitoring interventions that do not explicitly discuss self-insight
or self-knowledge as a mediator are excluded; work that deals with feedback obtained exclusively in a lab setting is excluded.

3

The technology/technologies discussed may not contain or be accompanied by
other intervention techniques besides technology-mediated self-monitoring and
feedback.

Note: evaluating complex interventions and applications as a whole makes it difficult to
tell what the effects of certain parts of the intervention (e.g.,self-monitoring) are. Work
that discusses a complex intervention or application that combines self-monitoring with
other techniques like coaching sessions, provision of information, tips and advice and social
comparison or support is excluded.

4

Intended users and evaluation participants of the technology/technologies discussed in the entry must be part of the ‘general public’, not a clinical or
extreme group.

Note: in some groups, important factors like motivation are likely to be different compared
to the general public, making results difficult to generalize. Work on, for instance, selfmonitoring of blood glucose levels for diabetics is excluded, as is work on physiological
monitoring for patients recovering from a heart attack or stroke.

5

The entry must contain an empirical evaluation of the technology/technologies
discussed that tests whether the system(s) provide (actionable) insight to users.

Note: this criterion ensures the work provides relevant input for our review. Work that
describes the design for a Personal Informatics system, but provides no evaluation, or only
a technical or usability evaluation, is excluded.

either on technical details (e.g.,accuracy of a classification algorithm)
or user experience (e.g.,whether users liked the interface or could find
functionality easily).
A total of 24 entries met all of our inclusion criteria. The selected entries
were summarized and the results gathered. Several aspects of the work
were taken into account, including characteristics of the system(s) under evaluation and the evaluation methods used, and reported outcomes
relevant to the Self-Improvement Hypothesis.
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Entries remaining after
first selection
N=55

Entries excluded based
on criteria 1-4
N=6513

Entries excluded based
on criterion 5
N=31

Articles included in
review
N=24
Figure 2.2: Overview of the selection process used in the review.

2.3

Results

This results section is divided into three parts: first, we will describe some
of the defining features of the systems evaluated in the articles under
review. Secondly, we provide an overview of the evaluation methods used
in these articles. Finally, we review the evidence the articles provide for
the Self-Improvement Hypothesis: was insight obtained and if so, what
kind? Did participants change their behavior based on these insights?
For an overview of characteristics of the articles reviewed, see Tables 2.3
through 2.5.
Since most of the articles we reviewed employed a qualitative approach
to evaluation of insight and behavior change, a formal meta-analysis of
the results was not possible. The results of this review with regard to the
Self-Improvement Hypothesis are therefore presented in a thematic way,
supported by quotes and supplemented with indicators of the strength
of evidence (e.g.,number of articles mentioning a certain finding) where
possible.
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Table 2.3: Summary of the systems tested in the articles included in the review. ‘[?]’ indicates unknown values (for some articles, certain parameters were not reported; for instance,
the type of feedback provided in the various systems used by existing PI users).
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Reference
Choe, Lee, and Schraefel (2015)
Choe, Lee, et al. (2015)
Choe et al. (2014)
Collins, Cox, Bird, and CornishTresstail (2014)
Collins, Cox, Bird, and Harrison
(2014)
Consolvo et al. (2008)
Cuttone and Larsen (2014)
Cuttone et al. (2013)
De Maeyer and Jacobs (2013)
Doumit et al. (2015, 3)
Epstein et al. (2015)
Epstein et al. (2014)
Fritz et al. (2014)
Fujinami (2010)
Hori et al. (2013)
Kay et al. (2012)
Khovanskaya et al. (2013)
Li et al. (2011)
Li et al. (2010)
Park et al. (2015)
Rooksby et al. (2014)
Snyder et al. (2015)
Verdezoto and Grönvall (2015)
Wac (2014)

N
30
22
52
23

Duration
Test population
of use
Evaluation characteristics
PI users
[?]
Convenience sample
4 wks
PI users
[?]
Students
2 wks

15

Students

2 wks

28
45
45
10
76
22
14
30
8
9
4
19
15
68
5
22
30
10
1

Research panel
Students
Students
Convenience sample
Students
PI users
PI users
PI users
Colleagues
Business workers
Convenience sample
Convenience sample
PI users
PI users
Colleagues
(intended) PI users
Students, colleagues
Older adults
Students

12 wks
16 wks
16 wks
5 wks
3 days
[?]
4 weeks
>12 wks
12 wks
1 day
2 wks
2 wks
>8 wks
[?]
2 wks
[?]
1 day
2 days
8 wks
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Table 2.4: Characteristics of the evaluations used in the articles included in the review. ‘[?]’
indicates unknown values.
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Table 2.5: Evaluation techniques used and findings obtained in the articles included in the
review.
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Features and use of evaluated systems

Of the studies we reviewed, seven (29%) investigated the experiences of
existing users who adopted personal informatics systems of their own
volition. Six (25%) articles provided an evaluation of existing personal
informatics systems available on the consumer market by providing these
systems to participants. One of these articles (4%) combined both approaches. In 12 (50%) articles, the focus was on evaluating a new design
proposed by the authors, either of a complete personal informatics system
(8 articles, 33%), or specifically of a data capture technique (1 article,
4%) or data visualization (3 articles 13%).
In four studies, an ambient display was discussed (embedded in a mirror,
Fujinami, 2010; expressed in light, Snyder et al., 2015; or as a ‘glanceable’ widget or wallpaper on a smartphone, Choe, Lee, Kay, Pratt, and
Kientz, 2015; Consolvo et al., 2008). Most systems provided anywhere,
anytime access to data and feedback via a mobile app, while others used
an application intended for desktop use (e.g.,Collins, Cox, Bird, and
Cornish-Tresstail, 2014; Khovanskaya, Baumer, Cosley, Voida, and Gay,
2013; Doumit et al., 2015, 3). How and when data was accessible in the
systems used by existing PI users was generally not reported on.
Of the 17 studies that provided a PI system to previously non-selftracking participants, 14 (82%) used a system that gathered data automatically, without the need for explicit user interaction (e.g.,activity
monitoring, tracking social network usage, sleep tracking). Six studies
(35%) required participants to provide manual input about certain parameters.

2.3.2

Evaluation methods

In this section we will discuss several aspects of the evaluations used in
the studies we reviewed.
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Measuring insight & prevalence
The evaluation technique most commonly employed in the studies under review was interviews (18 studies, 75%), followed by custom surveys
(8, 33%). A small number of studies employed standardized surveys (3,
13%), recorded presentations about self-tracking experiences (2, 8%), behavioral observations (2, 8%) or used the tracked data to detect changes
in behavior (3, 13%).
Although all of the articles report on insight-related findings, closer inspection reveals that in only ten studies (42%) insight was an explicit
evaluation topic (also see Figure 2.3). For instance, Choe, Lee, Kay, et al.
(2015) asked participants “What did you learn while using SleepTight?”;
Park, Pedro, and Oliver (2015) included questions like “did the tool help
you discover your habits that you were not aware of” and “did the findings motivate you to consider changing your browsing habits”; and Cuttone and Larsen (2014) asked participants “if they discovered something
new about their own behavior”. Collins, Cox, Bird, and Cornish-Tresstail
(2014) used a more objective measure, investigating whether participants’ estimations of their social network usage improved in response to
feedback on the same (also see Collins, Cox, Bird, and Harrison, 2014).
Three studies asked about participants responses to the feedback given
by the system, but focused on utility rather than specifically on insights
gained (e.g.,Kay et al. (2012) asked participants “what data (if any) they
found useful”). In the remaining eleven studies (46%), participants were
not explicitly probed about data-driven insights, or at least the authors
do not report asking these questions. Nevertheless, participants seem
to have volunteered insights gained without being prompted to in these
studies.
On a related note, only a few of the articles (4, 17%) reported not only
on the existence of insights or data-driven behavior change, but also on
the prevalence of these effects (e.g.,how many participants report them).
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Three additional articles reported prevalence for some insights, but not
all. Many of the other articles reported prevalence of other matters
(e.g.,barriers to usage, Li et al., 2010; motives for usage, Rooksby et
al., 2014) but not on insights or data-driven behavior change. Choe,
Lee, and Schraefel (2015) do report prevalence of different types of insight, but the taxonomy they use for insights is based on the type of
fact participants extract from the data (e.g.,noticing outliers, observing
a correlation), making it impossible to extract prevalence specifically of
actionable insights. We note that a number of articles reported quantitative results on behavior change (e.g., Hori, Tokuda, Miura, Hiyama, &
Hirose, 2013; Consolvo et al., 2008), but for these changes it was unclear
whether the effect was driven by insights from the data or not.

17%
42%
58%
83%

articles looking for insights
articles describing unsolicited
reports of insight
(a)

articles reporting prevalence
of actionable insights
articles not (always) reporting
prevalence
(b)

Figure 2.3: The proportions of studies in our review that (a) actively look for actionable
insights in their study, and (b) report on prevalence of actionable insights.
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Recruitment & sample
Articles about existing PI users got their participants from the Quantified Self forum (Choe, Lee, & Schraefel, 2015; Choe et al., 2014), forums related to specific PI products (Li et al., 2010) or by targeting a
larger audience (e.g.,via flyers or Amazon’s Mechanical Turk) and then
selecting on PI use (Fritz, Huang, Murphy, & Zimmermann, 2014; Li
et al., 2011; Rooksby et al., 2014; Epstein et al., 2015). Other articles
mostly used student populations, although some used colleagues (Fujinami, 2010; Park et al., 2015; Snyder et al., 2015), reports of their
own experiences (Wac, 2014), or a convenience sample obtained through
a snowball technique or by recruiting from their direct social network
(Choe, Lee, Kay, et al., 2015; De Maeyer & Jacobs, 2013; Kay et al.,
2012; Khovanskaya et al., 2013). Two articles targeted specific populations (active older adults; Verdezoto and Grönvall, 2015; business
workers; Hori et al., 2013), and one used a market research recruitment
agency (Consolvo et al., 2008).
An average of 25 people (range: 1 – 76) participated in the evaluations relevant to the Self-Improvement Hypothesis. Three articles report recruitment in stages, beginning with a larger sample for an initial
evaluation (e.g.,a general survey) and a further selection for follow-up
(e.g.,interviews; Li et al., 2011; Li et al., 2010; Epstein et al., 2015).
The selection of these subsets of participants seems to rely partly on
self-selection of participants (i.e., only a subset of earlier participants
making themselves available for follow-up), but also in part on the experimenters’ discretion (“36 [out of 168] respondents were identified as
having representative tracking motivations, behaviors, and experiences
and were verbose in responses, of which 6 responded” – p.734, Epstein
et al., 2015).
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For those studies that supplied systems to their participants, the duration of use of the PI system under evaluation was typically under two
months (5 weeks on average), with some using only 1 or 2 brief sessions
(Verdezoto & Grönvall, 2015; Snyder et al., 2015), while others deployed
the systems under evaluation for several months prior to evaluation (e.g.,
Cuttone & Larsen, 2014, 4 months). For evaluations based on existing PI
users, the duration of previous use was varied and typically only reported
on an aggregate level, if at all (e.g.,more than 3 months, maximum 54
months; Fritz et al., 2014).
For 9 studies, the study design excluded the possibility of dropout, either
because they investigated experiences of existing PI users, or because the
study involved only one or two sessions. Of the remaining 15 studies, four
(27%) explicitly discuss dropout, reporting dropout rates of 7% (Epstein,
Cordeiro, Bales, Fogarty, & Munson, 2014), 17% (Khovanskaya et al.,
2013), 19% (Doumit et al., 2015, 3), and 44% (Park et al., 2015). In
9 studies (60%), dropout rates were not explicitly reported, but results
imply that all participants completed the study (i.e., 0% dropout).
Seven studies (47%) report statistics of system usage, providing an alternative measure for (loss of) interest. Most of these studies report
issues of low engagement with the system (Collins, Cox, Bird, & CornishTresstail, 2014; Collins, Cox, Bird, & Harrison, 2014; Cuttone, Lehmann,
& Larsen, 2013; Cuttone & Larsen, 2014). By contrast, Kay et al. (2012)
report much higher engagement, with participants spending roughly 10
minutes per day interacting with the system. Three articles report on
users’ persistence at manually providing data. Results vary: De Maeyer
and Jacobs (2013) report that while participants were initially eager to
provide input about their diet, they typically stopped tracking their food
intake after two weeks of use. Two studies report on adherence to sleep
diaries, but while Choe, Lee, Kay, et al. (2015) report relatively high ad-
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herence (73%-92%), Kay et al. (2012) report quite low adherence rates
(29%).

2.3.3

Support for the Self-Improvement Hypothesis

Because of the methodological features noted above, the support the
articles reviewed provide for the Self-Improvement Hypothesis consists
mainly of participants’ quotes. Where possible we also note the number or percentage of participants reporting certain effects. Based on the
opportunities for data-driven behavior change identified in the introduction (see Figure 2.1), we report on support for four types of insight (consciousness raising, outcome expectancies, self-efficacy and contingency
management), as well as behavior change based on insight. The results
reported in each of the studies under review (i.e., participant quotes
and generalized findings such as themes identified by the authors) were
scanned for statements relevant to each of these topics; the supporting
evidence thus identified is reported for each topic below. Most of the articles reviewed (21, 88%) report on insight gained by users through a PI
system. Nine articles (38%) report on changes in participants’ behavior
as a result of using the PI system. Six articles (25%) report on aspects
of both.
Consciousness raising
The most commonly reported type of insight in the articles reviewed
is related to consciousness raising: participants become more aware of
certain aspects of their life (reported in 15 articles, 63%). Fujinami
(2010) write that several participants report becoming aware of daily
walking. Similarly, some of De Maeyer and Jacobs’ (2013) participants
became aware of how active they were, either in a positive (more than
they thought) or negative (less than they thought) sense. In the study
by Doumit et al. (2015, 3), participants became aware of portion sizes
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of food consumed through food tracking. Hori et al. (2013) also note
that most of their participants became aware of the parameter that was
being tracked – in this case: smiling. Epstein et al. (2014) provide several
examples of awareness-related quotes from their participants, including:
“If [I have to travel] over 3 miles, I usually drive. It’s interesting to see
the breaking point between where I decide it’s [too far] to walk.” (Epstein
et al., 2014, p.674)
However, many authors also report that although users became aware of
certain things through PI use, these insights were not always actionable.
Some insights were simply trivial or ‘old news’: “it’s really not very
useful and it’s kind of annoying. I mean, I walk a lot. What else do
I really want to know?” (Li et al., 2010, p.562) – “It really did just
confirm what I already knew.” (Collins, Cox, Bird, & Cornish-Tresstail,
2014, p.376). Park et al. (2015) note that none of their participants felt
that the feedback they received on mobile browsing habits provided any
new insights, or made them want to change things. In some studies,
awareness insights were obtained, but participants expressed no desire
to act on these insights, either because the insight did not highlight
an actual problem (e.g.,participants express surprise at how much they
move during the night, Kay et al., 2012) or because the problem that
was highlighted was simply not deemed to be in need of solving (“Google
already knows everything about me” - Khovanskaya et al., 2013, p.3407).
In addition, many authors make note of issues concerning consciousness raising. Firstly, some data can be difficult to interpret; Verdezoto
and Grönvall (2015) report that participants had trouble understanding
what their blood pressure measurements meant. Secondly, some authors
express a concern about whether self-reported awareness necessarily reflects long-term and actionable awareness. Cuttone and Larsen (2014),
for instance, report that although participants became aware of their
sedentary behavior, “it was not clear if this would lead to actual behavior change or the sustainability of this increased awareness longer-term”
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(p.694). Thirdly, awareness may not always be positive; Snyder et al.
(2015) report that the awareness created by giving ambient feedback on
stress made some participants feel uncomfortable, as expressed in these
participant quotes: “Looking at the light makes me stressed, so I am not
going to look at it!” (p.149); “I already know I’m stressed and I have
these...lights that are reflecting how I feel and I already know I’m having
a bad day” (p.149).
Outcome expectancies
A total of 6 studies (25%) report users gaining insight about outcome
expectancies: how does behavior X affect life outcome Y? Most of the
reported insights of this type are found in work about existing PI users,
e.g.: “P35 realized that driving and drinking coffee were triggers for
his panic attacks, and eliminated coffee altogether from his diet, which
resulted in a decrease in frequency and severity of the attacks” (Choe et
al., 2014, p.1150) – “P36 [...] attributed the changes in his heart rate to
a vacation.” (Choe, Lee, & Schraefel, 2015, p.33) – “[...] she understood
her blood sugar fluctuations better and she was able to set appropriate
food and physical activity goals.” (Li et al., 2011, p.409) – “P3 felt he
was able to use trackers to show that his stomach problem resulted from
combining medication with particular foods.” (Rooksby et al., 2014,
p.1168). Even for existing PI users, though, this type of insight seems to
be relatively rare: Rooksby et al. (2014) note that of the 22 participants
interviewed, only 2 reported what the authors call ‘diagnostic tracking’,
which relates to insights about how one factor affects another.
Only one study using previous PI non-users as participants reports on
how some participants gained specific, actionable insights into how their
actions during the day affect their sleep quality (Choe, Lee, Kay, et al.,
2015): “If I go to bed directly from doing homework, my sleep is worse.”
(p.129); “I sleep better when I have less sugar and eat more earlier [sic] in
the day” (p.129). On the other hand, another study reports on how this
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Self-efficacy
In one of the studies we reviewed a participant reports that they gained
insight about previous achievements, boosting their self-efficacy: “And
I could see the [feedback] and think, ‘I did it last week, you can do it
again this time’ ” (Consolvo et al., 2008, p.59). This type of insight was
not reported in any of the other articles reviewed.
Contingency management
In 6 (25%) of the studies reviewed, reports are made of participants using
the PI system for contingency management. Li et al. (2010) note that
“short-term reflection is valuable because it makes the user aware of their
current status. For example, pedometers show a current aggregate count
of steps” (p.563). Similarly, Rooksby et al. (2014) report that ‘directive
tracking’ (i.e., tracking progress toward goals) was quite common in their
sample.
Quotes from participants in various studies support this notion, mainly
in the context of activity tracking: “And if I get home at night and I’ve
done 7000 I’ll go out and do another 2000. So it’s keeping me on that
sort of 10,000 track.” (Rooksby et al., 2014, p.1170) – “I could see my
progress if I was - how much more I needed to do to get to my goal...”
(Consolvo et al., 2008, p.59) – “I go through between, let’s say, 10,000
and 11,000 steps [daily], and I aim for 10 flights of stairs. So I know that
if I’m gonna fall short of that... I do work a little harder” (Fritz et al.,
2014, p.491). This type of insight is also noted by Epstein et al. (2015)
in a different domain, namely financial tracking: “I do keep an eye on
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kind of insight was not supported by the PI system used: “This would
tell me maybe that my restlessness or my sleep interrupt is coming from
noise, but it wouldn’t tell me that that noise is happening [...] when I’m
snoring.” (Kay et al., 2012, p.235).
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trends. If I’m trending negative, or trending positive in my accounts”
(Epstein et al., 2015, p.673).
Behavior change
Five articles (21%) report on objective evaluations of behavior change.
Of these, two articles report significant positive results: Hori et al.
(2013) note increased smile rates for their participants after using their
smile-feedback system (p < 0.001), while Consolvo et al. (2008) find
that participants who used their activity monitor widget maintained
their activity levels over the holidays where the control group did not
(F (1, 312) = 6.51, p = .0112).
Collins, Cox, Bird, and Cornish-Tresstail (2014) report improved time
management behaviors in their participants after using a PI efficiency
tool (t = −4.38, p < .01), but only in one of their three experiments;
their other outcome measures show no significant results. In a similar
study, Collins, Cox, Bird, and Harrison (2014) found no effects at all.
Fujinami (2010) find a significant increase in steps taken when using their
system for ambient activity feedback (p < .01), but only for one of their
six participants.
Besides these objective evaluations, several articles report on participants’ self-reported changes in behavior. As already noted in the previous section, several authors mention participants making immediate
changes to their behavior in response to insights about progress toward
their goals (Rooksby et al., 2014; Consolvo et al., 2008; Epstein et al.,
2015; Fritz et al., 2014; Fujinami, 2010).
In two articles, examples are given of how reflection on more long-term
data can lead to behavior change: “P77 decided to buy a bike instead
of taking the bus because taking the bus was more costly and timeconsuming than he had expected” (Choe et al., 2014, p.1151) – “Dianna’s
temperature data showed that there were several nights where the room
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was hotter than the suggested maximum. Because she did not have air
conditioning, she used a fan on those nights to cool down.” (Kay et
al., 2012, p.231). De Maeyer and Jacobs (2013) write that participants
reported “trying to have more activity in terms of taking stairs more,
park a bit further away, drink more water, drink less coffee” (p.15),
although it is unclear whether and how these changes relate to datadriven insights.
As was already mentioned in the section on consciousness raising, insight did not always necessarily lead to changes in behavior. Specifically,
Collins, Cox, Bird, and Cornish-Tresstail (2014) mention the idea of ‘acceptance epiphanies’: participants gain awareness of an issue, but the
insight leads to acceptance of the status quo rather than an increased
motivation to change it. Examples are found in two studies: “It made
me accept that the unproductive period just is what it is.” (Collins,
Cox, Bird, & Cornish-Tresstail, 2014, p.377) – “Google already knows
everything about me” (Khovanskaya et al., 2013, p.3407).

2.4
2.4.1

Discussion
The Self-Improvement Hypothesis

For this review, we looked at articles investigating whether Personal
Informatics systems can provide users with actionable, data-driven selfinsight. The results shed light on the current state of evidence for this
Self-Improvement Hypothesis, but also highlight remaining questions and
directions for future work.
Cautious optimism
At first glance, the results of our review are promising: almost all of the
articles reviewed report either that participants gained new insights by
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means of the PI system tested, or that participants were able to make
changes in their behavior based on their data. Specifically, many participants seem to report becoming aware of whatever they are tracking.
In addition, several reports are made of participants keeping track of
progress toward their goals to help them adjust their behavior along the
way. A few participants also report specific insights about how their behavior influences life outcomes, suggesting specific avenues for improvement, and one report was found of a participant’s self-efficacy improving
as a result of feedback from a PI system.
However, many authors also report that although users become aware
of certain aspects of their life or behavior through self-tracking, this
new-found insight is often not actionable. Many of these insights evoke
responses like ‘huh, I didn’t know that’ rather than ‘wow, I should do
something about that’. In addition, some participants indicate that the
self-tracking data really did not provide them with any new information.
Finally, reports of specific if-this-then-that insights are rare, and are
balanced by reports of participants indicating that their PI data were
not sufficiently rich to provide this kind of insight.
The type of insight that seems most promising are insights about progress
toward a goal. Similar to what Bandura (1991) describes in his SelfRegulation theory, participants test their self-observations against a norm
(goal), and when a discrepancy is detected (e.g.,being 2000 steps short)
adjustments to behavior are made (walking up and down the stairs while
reading a book). Although this type of insight is not reported as often as
those related to consciousness raising, these insights are generally found
to be clearly actionable and to lead to immediate changes in behavior.
Coming back to Li et al.’s 2010 Stage-Based Model of Personal Informatics and the Transtheoretical Model of Behavior Change (Prochaska
& Velicer, 1997), the results from our review suggest that PI technology in its current state is mainly effective in the action stage and for
maintenance of a new behavioral regime, rather than in earlier stages
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(contemplation/preparation in the TTM or Li et al.’s ‘discovery phase’).
This is in contrast to previous work on adoption patterns of the technology, which show that users earlier in the process of behavior change are
more likely to adopt and keep using a PI application (Gouveia, Karapanos, & Hassenzahl, 2015). This suggests that although users look for
support from PI tools more in early stages, the applications currently
available support users best in later stages.
Future directions
The findings discussed above suggest several avenues for future work.
Current PI systems seem to be most effective at making users aware of
problems (e.g.,being physically inactive), and at helping users maintain
new behaviors (e.g.,walking more steps a day). However, the steps in
between are not supported as effectively. Awareness may bring users
from the precontemplation stage to the contemplation stage, but that
does not help them to come up with specific strategies for tackling the
problem, or to build the confidence needed to translate those plans into
action. To prevent users getting stranded along the way to behavior
change, support is needed at all stages.
One important determinant of progress throughout all stages of change
is self-efficacy: users’ belief in their own capacity to change is a powerful
predictor of success. In our review, we have only seen one instance of data
supporting a user’s self-efficacy. We believe the potential of feedback
about past successes as a way to boost users’ self-efficacy is currently
underdeveloped and deserves more attention.
Based on the prevailing view on self-tracking, this review has focused
on data-driven self-insight as a facilitator of behavior change. But as
previously noted, a number of other aspects of self-tracking may also
mediate its effects on users. For instance, tracking may interrupt habitual decision-making or provide avenues for social support and (positive)
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social pressure. These effects may compliment the effectiveness of datadriven insight, but may also require a different approach to the design
of PI systems. To make the most of personal informatics, we need to
understand why, how, when, and for whom they work.
Based on these insights, we propose the following directions for future
work in the PI field:
1. Supporting users throughout all stages of change
Change is a journey, and although current PI systems provide users
with support in some stages of this journey, support for other stages
is underdeveloped. Specifically: how do we help users transition
from contemplation to preparation and action?
2. A renewed focus on self-efficacy
Self-efficacy is an important predictor of successful behavior change
throughout all stages of change. How can we optimize PI systems’
potential to boost users’ confidence in their ability to change?
3. Structured exploration of complementary approaches
Self-tracking may help users understand and change their behavior via different underlying processes (insight, conscious decisionmaking, observer effects). Which processes work under what circumstances, and for whom? How can we optimize the impact of
these potentially complementary processes?

2.4.2

Evaluating evaluations of PI systems: lessons
learned

The second aim of our review was to examine the way in which PI systems were evaluated in these studies. The articles we reviewed clearly
revealed a preference for qualitative evaluation, mostly by means of interviews. This seems an appropriate approach, since insight is a topic
not easily measured otherwise, especially given the broad definition of
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insight in this context. Generally, such a qualitative approach is suited
for more exploratory work, which again seems appropriate given that PI
is a relatively young field, and many of the questions about these systems
have not yet crystallized into testable hypotheses. However, in mapping
out current practices in evaluating PI systems, our review also reveals a
number of common methodological shortcomings and pitfalls.
Recommendations for the short term
Most of the work we reviewed did not report the amount of support for
certain themes or findings (i.e., how many participants report a certain
experience). In addition, many of the insights reported in the work
we reviewed seem to have been volunteered by participants themselves
rather than being elicited by targeted questioning. Although participants
apparently find insights worth mentioning even without being explicitly
prompted, unsolicited reports about not gaining any insight seem less
likely. Consequently, these accidental findings are likely to paint a skewed
picture since they are not balanced by reports of results (i.e., insights)
being absent. Overall, this means the findings reported above indicate
only that certain experiences exist, not that they are pervasive, or even
common.
An additional issue is that the findings in several of the articles were
based on the experiences of self-selected PI users (often members of the
Quantified Self community), and self-selection plays a role in the selection of participants on a more general level as well (both in initial
recruitment, and later on through dropout). As previously mentioned,
existing models of PI are based on self-selected PI users as well, but their
experiences may not generalize to PI usage in other groups. If the goal
of PI systems is to target those with a natural penchant for PI, this is
not a problem. It seems likely, however, that these interventions will be
aimed at a broader population, explicitly including those who are not
naturally highly motivated to engage in behavior-change interventions.
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If this is the case, tests with a representative sample from that target
population are needed to provide a fair evaluation of the system.
On a broader level, many articles had to be discarded in the selection process prior to the review, because the system proposed or evaluated was too complex, incorporating several behavior change techniques
(e.g.,information, advice, coaching, sharing) into one intervention. Such
interventions may well be effective – perhaps even more so than simpler
ones – but an evaluation of such a complex system can never reveal what
aspects of the system lead to that success, and why. On a related note,
in contrast to the 24 articles reviewed, 31 articles had to be discarded because although they proposed a PI system with the purpose of facilitating
reflection and behavior change, they did not provide any evaluation of
whether insight or data-driven change were achieved. Although it would
be unrealistic to expect a full efficacy and long-term usage evaluation
for every proposed (sub-)system, a small-scale qualitative evaluation can
be done at relatively low cost and still provide profound first insights
into the way users engage with a new system and the extent to which it
achieves the goals for which it was created.
Based on the issues noted above, we propose several recommendations
for evaluations of PI systems for the near future. These methodological
recommendations complement the directions for future work outlined in
the previous section:
1. Start with a simple system
Investigate the effects of simple interventions to understand how
different techniques and components affect users.
2. Start with a simple evaluation
Use small-scale qualitative evaluations to quickly and efficiently
evaluate basic ideas; only deploy more extensive (and expensive)
evaluations for more mature technologies.
3. Investigate the process, not just the outcome
To better understand how and why certain techniques work and
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4. Investigate and report on prevalence of effects
To get a feel for not only the existence, but also for the the prevalence of an effect, explicitly investigate the intended effects (process
and/or outcome) of a system and look out for – and report on –
(percentages of) users not experiencing these effects as well.
5. Involve the right sample
Only tests with a representative sample from the target population
can provide an accurate picture of future use of a system; take
care to avoid a strong self-selection bias (e.g.,through dropout) as
it can skew a sample even if a broader population is targeted in
recruitment.
Future ambitions
The recommendations provided in the previous section are aimed at work
in the near future, based on the observation that the PI field in its current (i.e., young) state necessarily focuses on exploratory work. However, as the PI field matures, so should our approach to evaluation of PI
systems. Generally, the field would benefit from a more theory-driven
approach. Decades of work on the origins and determinants of behavior
and behavior change are available, with the potential of providing valuable insight into how behavior can be influenced – also by technology.
In the introduction to this review we have given an overview of ways
in which self-tracking might theoretically aid behavior change, but also
highlighted that the underlying mechanisms through which change is accomplished are a) generally not studied, while b) crucial to optimization
of interventions. This issue can be tackled with, on the one hand, explicit investigations of underlying processes of change; and, on the other
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thereby find ways to optimize interventions, evaluate intermediate
steps like insight, rather than just outcomes like behavior change or
health outcomes.
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hand, structured comparisons of the effects of systems with and without
certain components (e.g.,a system with social support and without; a
system with weekly feedback reports and without).
In line with a more structured, theory-driven approach to PI, the field
would also be helped by the development of standardized (outcome) measures to supplement the custom surveys and unstructured interviews that
are currently most commonly used. How do we measure (data-driven)
insight or awareness? What counts as behavior change? Standardized
measures promote trust that reported outcomes are reliable and, importantly, allow comparison of different studies.

2.5

Conclusion

The field of Personal Informatics centers around technologies that allow
users to collect and review personally relevant information. The purpose
commonly envisioned for these systems is that they provide users with
actionable, data-driven self-insight to help them change their behavioral
patterns for the better. Here, we have reviewed relevant theory as well as
empirical evidence for this ‘Self-Improvement Hypothesis’. First results
are promising: in the articles we reviewed, participants reported various
types of data-driven insights, including those types of insight that might
facilitate behavior change – in some cases data-driven behavior change
was even directly reported.
There are some methodological issues, however, that have probably skewed
the results toward a more positive picture: in a number of studies,
self-selection resulted in samples with a bias toward those with high
motivation (i.e., by targeting existing PI users, or through dropout),
and in many cases authors did not report on the prevalence of effects,
and did not look for negative results (i.e., participants not finding insights). Thus, although the promise of Personal Informatics – the SelfImprovement Hypothesis – is by no means disproved and first results are
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Based on our findings, we have proposed a number of future directions
for work in the PI field, as well as a set of recommendations for evaluations of PI systems aimed at avoiding common shortcomings and pitfalls
observed in the current PI literature. As the PI field matures, we suggest that a more structured, theory-driven approach is needed to help
us understand the underlying processes of behavior change through Personal Informatics. Knowing whether it works is only the start: only by
understanding how, why and when it works can we identify the best way
to help users find what they need to find, and change what they want to
change.
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promising, more work is needed to understand how these systems can
best be designed to optimally support users in changing their behavior
based on self-insight.
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3

Stress awareness through real-time feedback

on physiological stress

In the previous chapters I have established that the evidence for datadriven behavior change through self-tracking is not conclusive. In addition, I have argued that that the available findings may not translate
to the domain of stress, mainly because it is difficult for people to accurately detect their own stress level, making data on stress hard to ‘sanitycheck’. In this chapter I describe a laboratory study in which I examine
whether feedback about physiological stress promotes stress awareness,
focusing on real-time feedback. I will argue that existing operationalizations of ‘body awareness’ and ‘interoceptive awareness’ are not sufficient
to measure stress awareness, and devise a novel operationalization for
this concept. This chapter has previously been published as:
van Dijk, E. T., Westerink, J. H., Beute, F., & IJsselsteijn, W. A. (2015). In sync: the
effect of physiology feedback on the match between heart rate and self-reported
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stress. BioMed Research International - Physiological Effects of Mind and Body
Practices.

3.1

Introduction

Recent developments in mobile sensors and wearable devices allow for
ubiquitous 24/7 tracking of individual activity and physiological states.
Although these technologies are already well-known in specific application areas of mobile health1 and (semi-)professional sports2 , the worldwide growth in the use of smartphones and tablets has accelerated these
developments. Data can now be generated on a broad range of physiological and behavioral indices, including a person’s movement, location,
social behavior, and even tone of voice. Applications are being introduced that prompt us to record data about our moods, sleep patterns,
menstrual cycles, diet, exercise habits, stress levels, and so on. But is all
this self-tracking and feedback really helpful, or healthy? A record of dayto-day variation in physiology may provide important health parameters
for people as they manage a chronic illness or as indicators to a healthy
person about their well-being. At the same time though, we need to
consider the possibility that continuous health feedback may feed health
anxiety, and thereby stress, rather than ameliorate it. Through continuous health data entry as well as health feedback, an excessive self-focus
and preoccupation with one’s health may be induced or strengthened.
Thus, paradoxically, technology-based body awareness may become a
catalyst of rumination and worry about one’s health - a self-tracking
version of the so-called ‘white coat syndrome’. The extent to which such
an effect may or may not occur is an empirical question that, to date, has
not been sufficiently addressed. The current chapter aims to address this
1 See

e.g., http://www.getqardio.com/ and http://zephyranywhere.com/products/biopatch/
e.g.,
http://zephyranywhere.com/products/hxm-bluetooth-heart-rate-monitor/ and
http://www.samsung.com/global/microsite/gear/index.html
2 See
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Many existing mind-body practices involve a component of body awareness (Mehling et al., 2011). These mind-body practices are believed
to have positive effects; in a review, Astin, Shapiro, Eisenberg, and
Forys conclude that there is considerable evidence for the positive effects of several mind-body practices on diseases and symptoms ranging
from headaches and insomnia to coronary artery disease (Astin, Shapiro,
Eisenberg, & Forys, 2003). The kind of body awareness practiced in
these interventions, however, is different from the awareness created in
self-tracking in two ways. First, these practices specifically teach a nonjudgmental awareness, where sensations are observed without appraisal,
analysis or judgment (Mehling et al., 2011). This is not typically the
case in self-tracking of physiology. In fact, analysis and interpretation
of data is often encouraged in self-tracking systems. Second, the body
awareness promoted by these practices is based on interoception and proprioception: perception of internal processes (e.g., heart beats) and body
positioning by means of internal cues. This is in line with the idea that
these interventions seek to increase a sense of ‘embodiment’ (Mehling
et al., 2011), the natural integration of the body as part of the self. The
body awareness created in self-tracking of physiology is more indirect, as
it is achieved by externalizing objective measurements of physiological
signals. This seems to be opposed to the idea of embodiment, focusing
rather on the dichotomy between body and self than the unison of the
two.
Biofeedback is a special case in the world of mind-body medicine when
it comes to body awareness. Biofeedback, including biofeedback-assisted
relaxation, has been found to be efficacious in treating problems rang-
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topic by experimentally investigating the relationship between continuous physiology feedback (i.e. heart rate information) and self-reported
stress levels. In addition to gauging immediate effects of physiology
feedback, potential moderating effects of personality variables are also
explored.
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ing from headaches, anxiety and motion sickness to Attention Deficit
Hyperactivity Disorder (ADHD) and epilepsy (see Yucha and Montgomery, 2008 for a review). As is the case in self-tracking of physiology,
biofeedback promotes awareness of internal signals by measuring them
objectively and then presenting them via some external channel. There
is, however, a crucial difference between self-tracking of physiology and
biofeedback in terms of body awareness. In biofeedback, body awareness
is not a goal in itself, but rather a stepping stone, which helps people
learn to voluntarily control and improve the physiological parameters
being measured. In line with this, the feedback about the person’s physiological state during the training sessions is constant and immediate,
so any changes in physiology are immediately observable. This helps
the person learn to deliberately affect the physiological process in question. In contrast, this training in control over physiological processes is
generally not included in self-tracking systems.
As things stand, it is unclear what the effects of exposure to one’s own
physiological measurements are. There is evidence that other interventions that promote body awareness have positive effects, but there are
important differences between those interventions and self-tracking of
physiology that make it difficult to determine whether the positive effects found will generalize to self-tracking of physiology. As a first step
toward investigating the effects of self-tracking, we focus on the acute effects of physiology feedback. We have therefore performed a study where
some participants were given feedback about their heart rate while performing several small tasks, while other participants performed the same
tasks, but were not given physiology feedback.
We hypothesize that participants may (consciously or otherwise) use
physiology feedback to inform (reports about) their subjective experience
of the tasks. To investigate this possibility, we collected momentary
self-reported stress levels after each task. Stress was chosen here for
several reasons: firstly, there is an intuitive connection between stress
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In addition to momentary reports of stress, retrospective reports of the
same are of interest here since retrospective self-report normally tends to
deviate from momentary self-report, the latter often being more closely
related to physiological measures (Conner & Barrett, 2012). If physiology feedback makes participants more aware of their stress level in
the moment, it may also help them to remember and compare those
stress experiences in hindsight, bringing retrospective self-report closer
to momentary self-report and physiological measurements.
Finally, we hypothesize that the effects of physiology feedback may not be
the same for all individuals, but may be moderated by certain personality
variables. Two personality variables were selected as possible moderators. The first is neuroticism, which represents emotional instability, or
the tendency to experience negative emotions (John, Naumann, & Soto,
1999). As those high in neuroticism believe that they are easily stressed,
this expectation may moderate the effect of physiology feedback, especially if the feedback relates to stress. The second personality variable
included in this study is anxiety sensitivity, which reflects the tendency
to experience anxiety or fear in response to (benign) body sensations
associated with anxiety and believing these sensations to be harmful or
a reflection of serious illness (Reiss, Peterson, Gursky, & McNally, 1986).
If physiology feedback about stress is either seen as a sign of anxiety, or
results in a heightened body awareness, those high in anxiety sensitivity
may show heightened levels of anxiety in response to physiology feedback
about stress.
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and heart rate. Secondly, (long-term) stress is an important factor in
psychosomatic illness and is believed to be the cause of many health
complaints. As such, stress is seen as an aspect of wellness that is of
significant societal importance, and the significance of stress is intuitively
understood by most.
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Method

Besides the actual content of the feedback, the interpretation of that
information may also play a role in the effect of the feedback. Some
terms or parameters may be easier for participants to interpret. For
instance, the significance of a high stress score is probably more easily
understood by most than a low heart rate variability (even though this is
also considered an indicator of stress (Thayer et al., 2012)). In addition
the physiological measurement itself may affect people. Medical settings
and measurements are known to cause anxiety in many, as illustrated by
phenomena like white-coat hypertension (i.e. over 20% of people show
increased blood pressure when measured in a doctor’s office (Pickering
et al., 1988)). To tease these different aspects of physiology feedback
apart, different levels of feedback were used.

3.2.1

Design

A 3 by 20 mixed design was used, comprising 20 different tasks as a
within-subjects factor and 3 feedback types as a between-subjects factor.
Participants performed 20 brief (1 minute) tasks. For descriptions of the
tasks, see Table 3.1. Half the tasks were designed to be mildly stressful,
the other half more relaxing. To avoid a build-up of stress as a result
of having many stressful tasks in a row, stressful tasks were alternated
with relaxing ones. To counterbalance the order of the tasks as well as
possible within this scheme, a set of 10th order digram-balanced greacolatin squares were used (Lewis, 1989), resulting in a design where a)
all stressful tasks appear in every position equally often, b) all relaxing
tasks appear in every position equally often, c) every possible order of two
consecutive stressful tasks occurs equally often, d) every possible order
of two relaxing tasks occurs equally often, and e) every combination of
stressful and relaxing tasks occurs equally often.
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To better understand what aspect of physiology feedback affects participants, we divided our participants into three groups. Firstly, a ‘stressfeedback’ group, who were told the physiology feedback reflected their
stress level, and secondly, a ‘HR-feedback’ group, who were told the
physiology feedback reflected their heart rate. The feedback itself was
the same in these two groups, only the instructions given to participants
as to its meaning was different. The third group was a control group who
received no feedback. To ensure the only difference between this group
and the others was whether they received feedback or not, this group did
wear ECG devices, and as such is referred to as the ‘measurement-only’
group.

3.2.2

Participants

The experiment was conducted in accordance to the Declaration of
Helsinki (1964). All participants were informed in full about the experiment prior to participation, and gave their informed consent. Participants were allowed to withdraw at any time during the experiment,
without any adverse consequences. The experiment was approved by the
local ethics committee at Eindhoven University of Technology, HumanTechnology Interaction Group.
A total of 74 participants participated in the experiment (38 male, 36
female). The age of participants ranged from 18 to 67 years (average
27 years). Participants were recruited from a local participant database.
People with a history of cardiac disease and/or mental illness were excluded from participation, by noting this point in both the invitation to
participate and the informed consent. Participants were instructed beforehand not to smoke, engage in rigorous exercise or drink caffeinated
or alcoholic beverages in the 2 hours preceding the experiment. At the
end of the experiment they were asked if they had indeed refrained from
doing these things.
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Figure 3.1: Screenshot of the physiology feedback window.

3.2.3

Stimuli

Descriptions of the tasks used in the experiment can be found in Table
3.1. The tasks were pretested to ensure they evoke a wide enough range
in self-reported stress and average heart rate.
For the physiology feedback, a custom application was used consisting of
two parts (see Figure 3.1). On the left, a graph was shown that displayed
the participant’s heart rate over approximately the last 3 minutes; the
horizontal axis of the graph was automatically readjusted when the graph
approached the end of the currently shown time window. On the right,
the current heart rate was shown in beats per minute, calculated as
a moving average over the last 20 beats to avoid rapid fluctuations in
the signal. The physiology feedback window was shown in the top-right
corner of the screen and did not overlap with the software used to present
the tasks.

3.2.4

Measurements

Both physiological data and subjective data were gathered during the
experiment.
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#

Category

Task description

1

Stressful

Mental arithmetic: calculate the result of 1149 minus 17, subtract 17 again from the result, etc.

2

Stressful

Read a scenario about standing in traffic, illustrated with a
video.

3

Stressful

Play a computer game under time pressure, where falling cards
need to be caught before they reach the bottom of the screen.

4

Stressful

Memorize a list of common English words (memory for the
words is not tested afterward).

5

Stressful

Listen to a sound clip containing silence randomly interspersed
with sharp bursts of noise.

6

Stressful

Count the red cars passing by in a video clip of a busy intersection.

7

Stressful

Relive a self-chosen memory that evokes frustration or anger.

8

Stressful

Make a to-do list.

9

Stressful

Watch a video clip of a throng of people getting pushed and
pulled at a crowded subway station.

10

Stressful

Record a voice mail message for a job application.

11

Relaxing

Self-relaxation with eyes open.

12

Relaxing

Watch a video clip showing a quiet beach.

13

Relaxing

Play a simple computer game, where two cards with the same
number need to be matched.

14

Relaxing

Watch a video of smooth, sparse traffic.

15

Relaxing

Read an article about ‘perfect summer weather’.

16

Relaxing

Watch a video clip showing a forest.

17

Relaxing

Read a scenario about taking a relaxing road trip, illustrated
with a video.

18

Relaxing

Do a guided breathing exercise.

19

Relaxing

Relive a memory that evokes happiness or relaxation.

20

Relaxing

Listen to a sound clip containing some smooth jazz.
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Table 3.1: Brief descriptions of all 20 tasks used in the experiments. The time limit of tasks
was restricted to one minute, sometimes by the length of the stimulus (e.g., sound or video
clips), sometimes by sounding a bell after 1 minute and having the software automatically
continue with the next step of the experiment.
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Table 3.2: The four statements posed after every task. Responses were given on a 7-point
Likert scale ranging from ‘Disagree completely’ (1) to ‘Agree completely’ (7).

#

Statement

1

I felt stressed during this task.

2

I felt calm during this task.

3

I felt relaxed during this task.

4

I felt tense during this task.

Physiological measurements
For collection of ECG data, three Kendall H124SG ECG electrodes were
used in the standard lead-II placement: the ground on top of the collar
bone near the left shoulder, one electrode at the under the collar bone
near the right shoulder and one electrode underneath the ribs on the left
side of the torso. A sampling frequency of 1024 Hz was used. From the
raw ECG data, RR intervals were extracted and the average heart rate
was subsequently calculated for each task.
Subjective experience
After each task, subjects responded to four custom items about their
experience of that task (see Table 3.2): ‘I felt [stressed, calm, relaxed,
tense] during this task’. A 7-point Likert scale ranging from ‘disagree
completely’ (1) to ‘agree completely’ (7) was used for each item. A factor
analysis revealed only one underlying factor (note that items 2 and 3 were
reverse-coded). This seems to warrant the use of these questions as a
single scale. A reliability test showed that Cronbach’s Alpha for this
scale is high (α = 0.949). For the remainder of the analyses we therefore
use the average (again, with items 2 and 3 reverse-coded) of these four
items as a single momentary stress score.
After subjects completed all tasks, they again rated all tasks on stressfulness, but this time in a retrospective and comparative way. The scale
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here ranged from 0 (‘not at all stressful’) to 100 (‘very stressful’) and participants added the tasks to the scale one by one, while the placement
of earlier tasks remained visible to facilitate comparison of the tasks and
consistent use of the scale. See Figure 3.2 for a screenshot of this rating
task.

Figure 3.2: Screenshot of the task stress rating, which was administered after all tasks were
completed. Each task was presented with a brief description. The participant could then
place the task on the scale by sliding the relevant marker up or down. Once the participant
proceeded to placement of the next task, placement of the previous task was fixed and could
no longer be altered.
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Personality factors
After the tasks and rating task were completed, participants filled out
two personality-related questionnaires: Firstly, the 8 items on Neuroticism from the Big Five Personality Inventory (John et al., 1999), reflecting emotional instability, or the tendency to experience negative
emotions. Secondly, the 16-item Anxiety-Sensitivity Index (Reiss et al.,
1986), reflecting the tendency to experience anxiety or fear in response
to (benign) body sensations associated with anxiety and believing these
sensations to be harmful or a reflection of serious illness. These scales
were included as possible moderators of effects of physiology feedback.
Overall scores for neuroticism and ASI were calculated for each participant, as the average of individual item scores of the relevant questionnaire (with reverse coding for the appropriate items in the neuroticism
questionnaire). The neuroticism questionnaire showed a high reliability
in our sample (Cronbach’s α = 0.807), as did the Anxiety Sensitivity
Index (Cronbach’s α = 0.841).
Manipulation check
To assess whether the feedback type manipulation had worked, participants who received physiology feedback during the experiment were
asked at the end of the experiment how often they had looked at the
feedback, on a scale from 1 (‘not at all’) to 7 (‘very much’).

3.2.5

Procedure

When participants came into the lab, an informed consent was administered. After signing the informed consent, participants first performed
a practice task at a computer, where they were instructed to relax as
much as possible, while keeping their eyes open (the same as task 11

Stress awareness through real-time feedback on physiological stress

65

from the main experiment). The practice task was followed by the same
four stress self-report items as the tasks in the main experiment.

The 20 tasks were then presented to all participants via a computer program, each followed by the stress self-report items. After all 20 tasks were
completed, participants filled out the post-questionnaires (task stressfulness ratings, neuroticism and anxiety sensitivity scales, manipulation
check). Finally, all participants were paid and thanked for their participation.

3.3

Results

In our analyses, we tested the effects of feedback type on several dependent variables. Firstly: does feedback type affect the self-reported level
of momentary and retrospective stress? Secondly: does feedback type affect the extent to which momentary and retrospective stress self-report
are aligned? And thirdly: does feedback type affect the extent to which
(momentary or retrospective) self-reported stress is in line with heart
rate?
The last two dependent variables are both related to a ‘match’ between
two different measures of stress. We have devised two different measures
to operationalize this concept of a match between two variables. The
first measure is calculated on the individual level and consists of taking,
for each participant, the correlation between the two relevant variables
(i.e. momentary and retrospective stress, or heart rate and momentary
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Participants were then asked to apply the necessary electrodes for the
ECG measurement. The ECG recording software was started, and for
the HR-feedback and stress-feedback groups the feedback application
was started as well. The HR-feedback group were told the feedback
application would show their heart rate, while the stress-feedback group
were told the application would show their stress level.
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stress, or heart rate and retrospective stress). An intrapersonal correlation is used here, as individual differences may exist in both baseline
and variability on the different measures of stress.
The second measure is calculated on the task level. To this end we converted the raw heart rate and stress scores to a more comparable form
by transforming them into z-scores, using within-person averages and
standard deviations of the relevant variable (e.g., z(heartratetask,person ) =
(heartratetask,person −M (heartrate1..20,person ))/sd(heartrate1..20,person ), where
M = mean, and sd = standard deviation). The absolute differences between the heart rate z-scores and stress z-scores, as well as between momentary and retrospective stress z-scores, were then calculated for each
task,
for
each
participant
(e.g.,
differencetask,person
=
abs(z(heartratetask,person ) − z(stresstask,person ))). These difference scores
are a lower-is-better representation of the match between the two relevant variables.

3.3.1

Outliers

Data from a total of 8 participants had to be excluded for a number of
reasons. For two participants, the ECG data could not be preprocessed,
likely due to an electrode being faulty or not properly connected. One
participant seemed to have misunderstood the intended use of the retrospective stressfulness scale, simply leaving the markers for all tasks at the
place they were initially presented. One participant showed an exceptionally low (>4 standard deviations below the mean) correlation between
momentary and retrospective stress (a parameter that is to be used in
one of our analyses). Finally, 4 additional participants reported having
exercised or consumed caffeine before the experiment. All data from
these 8 participants was excluded from further analysis. This brought
the total number of participants in the data set used for analysis to 66.
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Manipulation check

3.3.3

Effects of feedback type on momentary stress
and retrospective stress

To analyze the effect of feedback type on the levels of momentary and
retrospective self-reported stress, a series of multilevel models was used.
The data we have is hierarchical in nature: there are 3 feedback type
groups, each containing several participants, each of whom performed 20
tasks. Multilevel models are aimed at modeling these different levels of
the hierarchy. To avoid overfitting, the model is built up in a series of
iterations. We start with a simple model and gradually add complexity,
rejecting these additions if they do not add significantly to the predictive
power of the model.
Separate models were estimated for momentary stress and retrospective
stress. The initial model included ‘feedback type’ as a fixed factor and
‘task’ as a repeated measure. In a second iteration, two interaction
terms (‘neuroticism * feedback type’ and ‘ASI * feedback type’) were
added to the model to test the moderating effects of the personality
factors. This addition significantly improved the fit of the overall model,
as indicated by the change in -2 Log Likelihood (χ2 (6) = 21.786, p <
0.005 for momentary stress, χ2 (6) = 18.346, p < 0.01 for retrospective
stress). The second models were therefore selected as the best fit for
both dependent variables.
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Results from the manipulation check show that the manipulation was
successful: on average, participants in the feedback groups reported that
they had looked at the physiology feedback quite often (an average of
5.27 on a scale from 1 - not at all - to 7 - very often). No one claimed
never to have looked at the feedback.
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For both momentary and retrospective stress, the parameter estimate
(conceptually similar to a regression coefficient; see Tables 3.3 and 3.4)
for the ‘neuroticism*feedback type’ interaction was positive and significant specifically in the measurement-only group, indicating that in
this group, but not the other groups, participants with a higher level
of neuroticism generally reported higher levels of momentary (t(583) =
2.868, p = 0.004) and retrospective stress (t(1086) = 2.050, p = 0.041).
The parameter estimate for the ‘ASI*feedback type’ interaction was positive and significant specifically in the stress-feedback group, indicating
that in this group, but not the other groups, participants who score
higher on ASI generally reported higher levels of momentary (t(583) =
2.172, p = 0.030) and retrospective stress (t(1086) = 2.219, p = 0.027).
The models showed no significant main effect of feedback type on stress
for either momentary (F (2, 583) = 0.69, p = ns) or retrospective stress
(F (2, 1086) = 1.469, p = ns).
Table 3.3: Parameter estimates, 95% confidence intervals and significance levels for the
different levels of the interactions of feedback type and personality factors on momentary
self-reported stress. * = significant at α = 0.05.

Parameter

Estimate

95% CI

sig.

measurement-only * ASI

.05

.598

HR-feedback * ASI

−.12 - .21

.09

stress-feedback * ASI

.25

.08 - .42

.004*

measurement-only * neuroticism

.15

.01 - .28

.030*

HR-feedback * neuroticism

.11

−.04 - .25

stress-feedback * neuroticism
Dependent variable: momentary stress

−.05

−.12 - .29

−.25 - .16

.406

.143
.649
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Table 3.4: Parameter estimates, 95% confidence intervals and significance levels for the
different levels of the interactions of feedback type and personality factors on retrospective
self-reported stress. * = significant at α = 0.05.

95% CI

sig.

−1.57

−4.99 - 1.85

.368

stress-feedback * ASI

3.58

.15 - 7.01

.041*

measurement-only * neuroticism

3.07

.36 - 5.79

.027*

HR-feedback * neuroticism

2.11

−.78 - 5.00

measurement-only * ASI
HR-feedback * ASI

stress-feedback * neuroticism

Estimate
2.79

−1.70

Dependent variable: retrospective stress

3.3.4

−1.35 - 6.92

−5.84 - 2.45

.186

.151
.422

Match between heart rate, momentary stress
and retrospective stress

To test how feedback type affects the extent to which participants’ subjective stress levels are in line with their heart rate and how well participants remember their self-reported stress levels, a manova was used. In
this analysis, feedback type was the independent variable and the correlation coefficients between each combination of two stress measures were
dependent variables (see the beginning of Section 3.2 and Figure 3.3).
The analysis showed that the average intrapersonal correlation between
heart rate and both momentary and retrospective stress was significantly
different for different feedback types (F (2, 63) = 12.074, p < 0.001 for
momentary stress, F (2, 63) = 16.424, p < 0.001 for retrospective stress).
A series of LSD post-hoc tests revealed that for both momentary and retrospective stress, the correlation with heart rate was significantly higher
in the HR-feedback group than the measurement-only group (p = 0.001
for momentary stress, p < 0.001 for retrospective stress), but there
was no significant difference between the stress-feedback and the HRfeedback groups in terms of the correlation with heart rate. The analysis
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showed no significant effect of feedback type on the correlation between
momentary and retrospective stress (F (2, 63) = 2.309, p = ns).
The downside of the analysis described above is that by collapsing the
data into correlation coefficients per person, an aspect of the data is lost:
the variability between tasks. As mentioned before, multilevel models
can be used to model the different levels in our hierarchical data. For
these multilevel models, a measure similar to the correlations used above
is needed, that can be calculated at the level of individual tasks for each
person. The difference scores described in the beginning of Section 3.3
were used for this purpose.
Separate analyses were performed for the HR vs. momentary stress difference score and the HR vs. retrospective stress difference score. The initial
models included ‘feedback type’ as a fixed factor and ‘task’ as a repeated
measure. In a second iteration, the personality factors were included in
the models as moderators of the feedback type effect by adding two interaction terms (‘neuroticism*feedback type’ and ‘ASI*feedback type’).
The fit of the models was not significantly improved by these additions
(χ2 (6) = 6.961, p = ns for HR vs. momentary stress, χ2 (6) = 7.589, p =
ns for HR vs. retrospective stress), indicating that the effect of the feedback was not significantly different for different scores on the personality
factors. The first models were therefore selected as the best fit for both
dependent variables.
In these models, the ‘feedback type’ factor was significant for both dependent variables: F (2, 1204) = 17.342, p < 0.001 for HR vs. momentary
stress, with a significant contrast between the measurement-only and
HR-feedback groups (p < 0.001) and a marginally significant contrast
between the HR-feedback and stress-feedback groups (p = 0.057); and
F (2, 1234) = 20.105, p < 0.001 for HR vs. retrospective stress, with
a significant contrast between the measurement-only and HR-feedback
groups (p < 0.001) and a marginally significant contrast between the
HR-feedback and stress-feedback groups (p = 0.063).

,50

,00

1,00

,50

,00

,50

,00

1
2
3
feedback type

(e) Correlation between momentary and
retrospective stress

,50

1
2
3
feedback type

(d) Difference score for heart rate and
retrospective stress

Mean diff. score

Mean correlation

1,00

1
2
3
feedback type

1,00

,00

1
2
3
feedback type

(c) Correlation between heart rate and
retrospective stress

,50

(b) Difference score for heart rate and
momentary stress

Mean diff. score

Mean correlation

(a) Correlation between heart rate and
momentary stress

1,00

,00

1
2
3
feedback type

71

Chapter 3

1,00

Mean diff. score

Mean correlation

Stress awareness through real-time feedback on physiological stress

1,00

,50

,00

1
2
3
feedback type

(f) Difference score for momentary and
retrospective stress

Figure 3.3: Average correlations (left) and difference scores (right) between different variables
for the different feedback types. A higher correlation means a stronger match between two
variables, while the reverse is true for the difference scores. For the sake of readability,
feedback types are coded as 1 = measurement-only, 2 = HR-feedback, 3 = stress-feedback.
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Discussion

The goal of this study was to assess some of the acute effects of physiology feedback, to better understand the effects self-tracking of physiology
might have. Specifically, we investigated to what extent physiology feedback would affect the match between participants’ physiological stress
and their self-reported stress. In addition, the effect of physiology feedback on participants’ memory for self-reported stress (i.e. the match
between momentary and retrospective stress) was investigated. Finally,
we examined whether physiology feedback might affect the self-reported
stress level itself, and explored the role of two personality variables (neuroticism and anxiety sensitivity) in this respect.
Our results show that when participants are given feedback about their
heart rate, their estimates of their stress level become more in tune with
their heart rate: when their heart rate is high, they report a high stress
level; when their heart rate is low, they report a low stress level. The
effect seems to be stronger in the stress-feedback group compared to
the HR-feedback group (although the effect was only marginally significant), suggesting that the instructions given about how to interpret the
feedback might be important.
There are at least two explanations for the fact that physiology feedback
resulted in a better match between stress self-report and heart rate.
The first is that the physiology feedback helps people to become more
aware of their body and that this heightened awareness then informs their
subjective stress reports. Alternatively, people may see the feedback
as a more objective, more accurate source of information about their
stress level than their own experience. This might mean that when their
subjective experience does not match the feedback, they use the feedback
rather than their own experience to inform their reports about stress.
The current study cannot provide conclusive evidence either way, but
a follow-up study using false heart rate feedback might: if the second
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Physiology feedback was found not to affect the extent to which retrospective self-reported stress matches momentary self-reported stress.
This implies that although physiology feedback made subjective reports
of stress more in tune with heart rate, it did not help participants to
better remember their stress levels. Although this finding may well represent a true effect, it may also have been caused by a ceiling effect: the
correlation between momentary and retrospective stress self-report was
already quite high (r = 0.8 on average) for almost all participants in
the measurement-only group, leaving little room for improvement. This
may have been due to the limited time interval between the momentary
and retrospective reports: even for the first task, the momentary and
retrospective assessment were typically no more than 25 minutes apart.
A longer interval might give rise to different results as a consequence of
temporal decay of short-term memory, as well as other effects that could
influence delayed recall.
Our results did not show an effect of physiology feedback on self-reported
stress, indicating that, on average, physiology feedback did not cause participants to become more or less stressed. The interaction between neuroticism and feedback on self-reported stress levels, however, was significant. Specifically, it was found that in the measurement-only condition,
a higher score on neuroticism predicted higher stress levels, while this
effect was not present in the feedback conditions. Most items in the neuroticism questionnaire are related to whether participants see themselves
as tense, nervous, or easily upset. Those who score high on this scale
presumably believe they experience relatively high levels of stress. This
might explain why those who score high on neuroticism report higher
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explanation is true, false heart rate feedback should cause self-report to
become more in tune with the false feedback; if the first explanation
is true, false heart rate feedback might either have no effect (if false
feedback is not effective at triggering body awareness) or might cause
stress self-report to become more in tune with one’s own heart rate.
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stress levels than low-neuroticism individuals in the measurement-only
condition. For individuals with a high score on neuroticism, the physiology feedback may provide good news, in the sense that their objective,
physiological stress response may be less strong than they expected. This
might explain why the difference in self-reported stress between higherand lower-neuroticism individuals disappears in the HR-feedback and
stress-feedback conditions.
The interaction between anxiety sensitivity and feedback on self-reported
stress was also found to be significant. In the stress-feedback group, individuals who scored higher on anxiety sensitivity were shown to report
higher levels of stress. Individuals with a high level of anxiety sensitivity
tend to experience anxiety when they detect anxiety-related body sensations (Reiss et al., 1986). For these individuals, physiology feedback
might draw their attention to benign physiological responses, thereby
causing them to become more anxious and report higher levels of stress.
This may explain our results, and suggests that self-tracking of physiology might have adverse effects for individuals with a high level of anxiety
sensitivity. Note that the effect was only found in the stress-feedback,
and not in the HR-feedback condition, suggesting again that the explanation given about the meaning of the feedback parameter may be
important in certain contexts.
On a general note, there are several differences between our lab setting
and self-tracking in the field that limit the generalizability of our results:
firstly, the pervasive feedback used in this study is different from the
physiology feedback obtained in self-tracking, which is generally available on demand, rather than being presented constantly. Secondly, selftracking of physiology involves other interactions with one’s data besides
the real-time physiology feedback used in this study (e.g., feedback after
the fact, viewing data aggregated over longer periods of time). Finally,
this study only assessed acute effects of physiology feedback, precluding
any conclusions about longer-term effects. Still, even though this study
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does not yet paint a complete picture of the effects of self-tracking of
physiology, it does provide insight into how self-tracking of physiology
may lead to better body awareness, and how individual differences in
personality characteristics may moderate the effects of self-tracking on
stress.

Conclusion

A study was conducted to test whether physiology feedback has acute
effects on self-reported stress and the extent to which it is in sync with
physiological stress. In this study, participants executed several short
tasks, while they were either shown visual feedback about their current
and past heart rate, or not. The group who received feedback was further
subdivided into a group who were told the feedback represented their
heart rate and a group who were told the feedback represented their
stress level.
Results show that self-reported stress is more in sync with heart rate
for participants who received physiology feedback. This implies that
either the feedback helps these participants to better detect their own
physiological stress, or that they use the external feedback to inform
their reports of experienced stress. Either way, these results suggest
that physiology feedback increases body awareness on a subjective – if
short-term – level.
Physiology feedback was found not to affect participants’ stress levels.
However, interactions between two personality factors and feedback on
stress levels were found. Firstly, participants with a high score on neuroticism were found to report more stress than those with a low score on
neuroticism when no physiology feedback was given, but this difference
disappeared when physiology feedback was provided. This may reflect
a belief-based bias, as neuroticism reflects the degree to which people
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believe they are prone to episodes of stress, tension and upset. This
in turn suggests that physiology feedback may be effective at reducing
self-reported stress when it gives ‘good news’. Secondly, individuals high
in anxiety sensitivity were found to report higher levels of stress in the
condition where physiology feedback about stress was given, suggesting
that self-tracking of physiology may be less suitable for these individuals.
The results found in this study are based on experiences in a lab setting which, although well-controlled, lacks the longitudinal nature and
richness of interaction of real-world self-tracking. How the results of this
study translate to long-term effects of self-tracking on general health
and well-being is therefore a matter that will require additional work.
Nevertheless, our findings give a first indication of how self-tracking of
physiology may lead to better body awareness, and how personality characteristics can help us predict which individuals are most likely to benefit
from self-tracking of physiology.

4

The effect of fake stress feedback on stress

awareness

In the previous chapter, it became clear that real-time feedback had a
positive effect on stress awareness. However, it is unclear whether this
effect reflects improved introception, or whether people simply report
back what the feedback tells them. To clarify the nature of the impact
of real-time stress feedback on stress awareness, in this chapter I report
on a laboratory study investigating the effect of false, or fake, feedback
about stress. This chapter has been submitted for publication at the
IEEE Transactions on Affective Computing.
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The effect of fake stress feedback on stress awareness

Introduction

Stress has become a widely held concern. In the first place because
it directly affects well-being, but also because repeated and prolonged
exposure to stress is associated with adverse outcomes like depression and
burnout (S. Cohen et al., 2007; Iacovides et al., 2003), as well as a variety
of physical ailments (S. Cohen et al., 2007; Chrousos, 2009). Finally, and
perhaps most crucially, it is widely believed that stress may occur beyond
the reach of conscious awareness - a notion supported by scientific work
(Brosschot et al., 2010; Lazarus, 2000; Somerfield & McCrae, 2000). In
this way, stress becomes a ‘silent killer’, a dangerous creature that lurks
in the shadows, undetected until the damage is done.
These worries give rise to the idea that keeping track of stress in some
objective way may be beneficial in mitigating the negative effects unconscious stress might have. In line with this, various systems are available
on the consumer market that cater to those who worry about stress by
facilitating the measurement of physiological stress (e.g., Sony’s Smartband 23 , HeartMath’s Inner Balance4 or the PIP stress tracker5 ).
However, it is still an open question whether feedback about physiological stress actually provides value for users. Does feedback facilitate stress
awareness? And if so, is it just because the feedback provides information, or does feedback also support self-perception? In this article, we
describe an empirical study investigating these questions.

4.1.1

Background

The idea that keeping track of things can provide useful insights is not
new in itself. Benjamin Franklin, for example, is known to have kept
3 http://support.sonymobile.com/global-en/smartband2/userguide/Heart-rate-measurement/
4 See
5 See

https://store.heartmath.com/innerbalance
https://thepip.com/en-eu/
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Given that stress has (and is perceived to have) such a strong impact on
well-being and long-term health, it is perhaps unsurprising that stress
is also increasingly being tracked. The vision that typically drives the
development of such systems is that with data comes self-insight, and
self-insight in turn empowers us to improve ourselves. This idea is also
reflected in the models like the Stage-Based Model of Personal Informatics (Li et al., 2010), and the Lived Informatics Model (Epstein et al.,
2015), which describe usage of these systems as a series of stages including gathering and integrating data, reflecting on that data and putting
the discovered self-insight into action.
Especially in cases where physiological parameters are tracked, this notion bears a resemblance to biofeedback. Typically used in clinical contexts, biofeedback provides patients with real-time information about
physiological processes (e.g., heart rate, muscle tension, brain activity)
that are typically not under conscious control, with the intention of teaching them to modify these processes at will (see e.g., Brown, 1977, for a
review of biofeedback for stress reduction). Where biofeedback focuses
on direct control over physiological processes, self-quantification aims to
effect change indirectly, for instance by encouraging users to avoid or
seek out certain activities based on insights about the effects of those
activities. In both cases the goal is to help people change for the bet-
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track of virtuous behaviors to track his progress in attempting to become
a more virtuous person. However, recent developments in small, cheap
sensor technologies have given rise to a surge of self-tracking: everything
from exercise to sleep, finance, productivity and location can be, and is
being, tracked with dedicated apps and (wearable) technologies. What
initially started out as a niche movement (the Quantified Self) has since
trickled down to the general consumer market with an estimated 7 in
10 Americans tracking at least some kind of health-related parameter
(Fox & Duggan, 2013), and an estimated 1 in 10 Americans owning a
wearable device (Ledger & MacCaffrey, 2014).
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ter, but where biofeedback conceptualizes feedback as a way to create a
closed-loop system that automatically allows for better control, the intended process in self-quantification relies strongly on an analytical mindset and an underlying assumption of rationality: that is, self-knowledge
sheds light on ways to improve ourselves, hence if we have that selfknowledge we will then make the necessary behavioral adjustments to
achieve self-improvement.
In Chapter 2 I identified several opportunities for self-insight to act as
a catalyst of behavior change. Perhaps the most relevant type of potentially action-inducing insight in the context of stress is awareness: data
may enlighten a person as to how much stress they are really under,
thereby motivating the person to act accordingly (i.e. take measures to
reduce stress if their stress level is high). Given that stress may be very
harmful, and may occur without a person’s conscious awareness, such a
‘reality check’ would seem potentially valuable. However, in the same
chapter I also concluded that little hard evidence is currently available
for the idea that self-tracking data actually lead to such insights, let
alone that these insights then lead to favorable changes in behavior (see
Chapter 2). The evidence that does exist is typically of an anecdotal
nature. In addition, such evidence as there is tends to focus on certain
areas of self-tracking (e.g., exercise), while other areas (tracking of mood
or stress) are largely ignored.
This raises the question whether data about physiological stress can actually help people become more aware of stress. In Chapter 3, it was
found that feedback about physiological stress resulted in a higher stress
awareness. However, this finding may be interpreted in two ways. On
the one hand, people may gain knowledge about stress simply because
they accept the feedback as a source of information (i.e. the feedback
tells me how stressed I am, hence I know how stressed I am). On the
other hand, feedback may also help people improve their awareness of
stress by triggering and aiding self-perception.
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If we adopt the first interpretation, it could be argued that data should
always lead to awareness – so long as information about their stress
level reaches the user, the user is then aware of that stress level. This
view, however, implies that the person will always need to rely on the
data to know how stressed they really are. It also implies that when
inaccurate feedback is provided, the person receiving the feedback may be
‘steered wrong’: false feedback about physiological stress may misdirect
the user to an inaccurate view of their stress level, in effect reducing
rather than increasing awareness. Similar effects have been observed in
feedback about physiological markers of emotion, where feedback about
a person’s response to a stimulus may alter the person’s self-reported
attitude toward that stimulus to better align with the feedback, even if
the feedback is false (Valins, 1966; although the effect only seems to hold
under certain conditions; Liebhart, 1979).
On the other hand, feedback may also trigger more accurate self-perception, so that the effect of the feedback transcends its immediate informational value and people, in time, no longer need the data to assess their
stress level but can instead substitute their own – now more accurate –
perception of stress. The accuracy (or lack thereof) of feedback may have
less of an impact in this case. If feedback works by serving as a stepping
stone to better self-perception, false feedback may have a similar effect
on stress awareness as true feedback: findings from biofeedback research
suggest that not just true feedback, but also false feedback can help
people reduce their heart rate (Shahidi & Powell, 1988). In addition,
it has been observed that even very simple manipulations that induce
self-focus (e.g., looking in a mirror) can help people more accurately
perceive their physiological state (Ainley, Maister, Brokfeld, Farmer, &
Tsakiris, 2013; Ainley, Tajadura-Jiménez, Fotopoulou, & Tsakiris, 2012).
Arguably feedback, including false feedback, may serve as a cue for selffocus in the same way, , thus potentially enabling more accurate selfperception as well.
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To examine whether feedback only serves as a source of information, or
(also) improves self-perception, we might thus see how people respond
to false feedback: feedback that claims to be about the person’s own
physiological state, but is in fact unrelated to it.
Our definition of stress awareness corresponds to the broader notion of
‘body awareness’ or ‘interoceptive awareness’, a concept that has been
operationalised in many different ways (Mehling et al., 2009). Two main
ways to measure body awareness have been used: self-report measures,
and objective measures. The former class of measures suffers from the
problem that people have no way of knowing how aware they actually
are of their body: you may feel like you focus on your body, but that
does not guarantee that your feelings are ‘accurate’ in any objective sense
(Garfinkel, Seth, Barrett, Suzuki, & Critchley, 2015). In line with this,
self-reported body awareness has been found to correlate poorly with
more objective measures of body awareness (Garfinkel et al., 2015).
Objective measures of body awareness circumvent this issue by comparing subjective reports about a certain physiological parameter to objective measurements of the same, e.g., asking people to count their
heart beats and comparing their estimates to their actual heart rate
(see Domschke, Stevens, Pfleiderer, and Gerlach, 2010; and Mehling et
al., 2009, for an overview of commonly used methods). However, the
subjective reports required by these measurements focus on uni-modal,
organ-specific parameters (number of heart beats) rather than the more
integrated, holistic perception of physiological stress we are interested
in. These measurements also typically fail to show effects of training
or interventions aimed at improving general body awareness (e.g., meditation; Khalsa et al., 2008; Nielsen and Kaszniak, 2006; Melloni et al.,
2013), suggesting that they may not be optimally suited for our purposes. For our operationalization of stress awareness we will therefore
employ an adjusted version of existing body awareness measures, comparing the holistic perception of the body state (the experienced level
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Another aspect of stress awareness that might be interesting is the accuracy of memory for stress. The memories we have of our emotions
(the ‘remembering self’, Kahneman and Riis, 2005) typically do not map
one-to-one to the actual experiences we had (the ‘experiencing self’),
but are often distorted by a variety of biases (Kahneman & Riis, 2005).
At the same time, it has been noted that decisions about whether or
not to repeat an experience in the future are determined mainly by the
remembering self rather than the experiencing self (Conner & Barrett,
2012). Combined, these observations suggest that even if we can become
more body-aware in the moment, that awareness might not necessarily
translate to better decision-making. In order to affect decision-making
and behavior, the awareness needs to translate to the ‘remembering self’:
the remembered stress level needs to be better aligned with the in-themoment experienced and physiological stress levels.
A final question of interest is whether being continuously exposed to information about your body may actually cause stress. So far we have
discussed awareness as a power for good, facilitating favorable changes
in behavior. However, awareness may arguably also take a turn for the
worse, encouraging a potentially harmful preoccupation with one’s physiological state and feeding health anxiety. Body awareness has previously
been associated with anxiety and panic disorder (Domschke et al., 2010).
In addition, in the previous chapter we saw that that individuals who
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of stress) to relevant physiological markers of the same (e.g., heart rate
or electrodermal activity). Physiological markers may be compared to
an in-the-moment assessment of experienced stress, resulting in a measure of awareness of stress as it is happening. We will refer to this as
‘momentary stress awareness’. Additionally, physiological markers may
be compared to the level of subjective stress as it is remembered at a
later point in time, resulting in a measure of the accuracy of memory
for stress, or ‘retrospective stress awareness’. These measurements were
successfully used in Chapter 3 and we will also apply them here.
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naturally tend to catastrophise physiological irregularities may be at risk
when it comes to self-quantification of stress (see Chapter 3). Then again,
indications were also found that feedback about stress may provide reassurance to those who naturally see themselves as easily stressed. We
will investigate these matters in the current study as well.

4.1.2

Study rationale

In the remainder of this article, we will describe and discuss an empirical
study investigating the effect of feedback about physiological stress on
stress awareness. Specifically, we will compare the effects of real feedback
to those of false feedback, which is based on data unrelated to the participant’s physiological state, but otherwise identical to real feedback (i.e.
instructions and presentation are the same). It is known that feedback
can help align a person’s experience with their physiological state. By
comparing the effects of real and false feedback, we can gain an understanding of why this is the case: do people simply listen to the feedback
to know how stressed they are, or does the feedback help them to listen
to their own body?

4.2

Method

In this section we describe a study asking participants to perform a
number of short tasks while they were either given feedback about their
physiological stress level, false feedback about the same, or no feedback at
all. Their subjective stress levels, heart rate, and a number of personality
factors were measured, as well as their remembered stress level a day
later.

The effect of fake stress feedback on stress awareness

Participants

A total of 60 people participated in the experiment. Participants were
recruited from a local participant database; people with (a history of)
heart disease were excluded from participation and participants were instructed beforehand not to smoke, engage in rigorous exercise or drink
caffeinated or alcoholic beverages in the 2 hours preceding the experiment. For 8 participants, technical difficulties prevented physiological
data from being recorded and/or shown correctly. Data from these 8
participants were excluded, leaving a total of 52 cases for further analysis. This included 23 male and 29 female participants, with an overall
average age of 28 years. A further 8 participants neglected to fill out the
questionnaire sent one day after the experiment; data from these participants are excluded only in those analyses which include results from
that questionnaire.

4.2.2

Design

A mixed design was used for this experiment. Task type was varied
within subjects: each participant performed 20 different tasks, alternating between more stressful and more relaxing tasks. The order of the
tasks was partially counterbalanced using a set of 10th order digrambalanced greaco-latin squares (Lewis, 1989). This technique ensures that
a) all stressful tasks appear in every position equally often, b) all relaxing tasks appear in every position equally often, c) every possible order
of two consecutive stressful tasks occurs equally often, d) every possible
order of two relaxing tasks occurs equally often, and e) every consecutive
pair of a stressful and a relaxing task occurs equally often.
Feedback type was varied between subjects: each participant either performed the tasks without feedback (‘no feedback’), or was continuously
shown information about either the participant’s actual ECG measure-
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ments (‘real feedback’) or about ECG measurements taken from a previous participant (‘false feedback’). The instructions given to participants
(‘this shows your stress level’) and the presentation of the feedback (see
Figure 3.1) were identical in both conditions. The only difference between the real and false feedback conditions was the source of the data
shown: the participant’s own heart rate in the ‘real feedback’ condition,
and a previous participant’s heart rate in the ‘false feedback’ condition.
Participants were assigned to conditions randomly.

4.2.3

Stimuli

A set of 20 short (1-minute) tasks was used in this experiment. The
tasks were a 50/50 mix of more relaxing tasks (e.g., reliving a happy
memory) and more stressful tasks (e.g., leaving a voicemail message for
a job application). These tasks were designed to be realistic, in the sense
that they are similar to situations or tasks participants might actually
encounter in their daily lives. The same set of tasks was used in Chapter
3 and found to be a good mix, such that for most individuals at least
some of the tasks evoke stress, and at least some of the tasks are relaxing.
The descriptions for each of the 20 tasks is provided in Chapter 3, Table
3.1.
In both the ‘real feedback’ and the ‘false feedback’ condition, a small
feedback window was shown in the top right corner of the monitor participants were using for the experiment. This feedback window was visible continuously throughout the entire experiment from the moment
the ECG measurement was started. Figure 3.1 shows a screenshot of
the feedback window in action. The window provides feedback in two
formats: a number showing the current ‘stress level’ (actually: heart
rate), calculated as a moving average over the last 20 beats, and a graph
showing the ‘stress level’ over the past 3 minutes.
For the ‘false feedback’, the graph was based on data from another partic-
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ipant. This approach was chosen to ensure the data shown were realistic,
and did not essentially differ from the feedback shown to participants in
the ‘real feedback’ group (e.g., in terms of variability). To ensure that
the false feedback was in fact ‘false’ (i.e., different from the participant’s
own heart rate), for each participant in the false feedback condition, the
correlation between their own average heart rate during the tasks, and
the average heart rate during the same tasks as shown in the feedback
were calculated. The feedback heart rate was typically not correlated to
participants’ own heart rate (mean correlation = 0.0559, sd = 0.343) and
a one-sample t-test confirmed that correlations between feedback heart
rate and participants’ own heart rate were not, on average, significantly
different from zero (t(14) = 0.632, p = ns), suggesting that the patterns
shown by the false feedback (i.e., variations in heart rate across tasks)
were unrelated to the patterns real feedback would have shown.

4.2.4

Measurements

During the experiment, the participant’s heart rate was measured by
means of an ECG. Three Kendall H124SG ECG electrodes were used in
the standard lead-II placement: the ground on top of the collar bone
near the left shoulder, one electrode at the under the collar bone near
the right shoulder and one electrode underneath the ribs on the left side
of the torso. A sampling frequency of 1024 Hz was used. Individual
heart beats were extracted using a custom script, which also calculated
the average heart rate during each task.
To establish participants’ subjective stress levels, participants were asked
to respond to a set of 4 statements after each task: ‘I felt [stressed,
calm, relaxed, tense] during this task’ (also see Table 3.2). Participants
indicated to what extent they agreed with the statements on a 7-point
scale (1=‘disagree completely’, 7=‘agree completely’). These items were
also used in Chapter 3. To arrive at a consistent scale, reverse-coding
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was applied to the ‘calm’ and ‘relaxed’ items. Crohnbach’s alpha for this
set of items was high in our sample (0.939), suggesting that scores on
these items may usefully be analyzed as one scale rather than separate
items. Scores on the four items were therefore averaged and used as an
overall score for subjective stress for each task. We will refer to this
measure as ‘momentary stress’.
Once participants had completed all 20 tasks, they filled out a survey
which included a standardized questionnaire on neuroticism (John et al.,
1999) and the Anxiety Sensitivity Index (Reiss et al., 1986). Neuroticism
represents one of the ‘big five’ personality traits, and is related to a
persons tendency to experience negative emotions and stress. Anxiety
Sensitivity (AS) is sometimes described as ‘fear of fear’: the extent to
which a person gets anxious when they detect physiological symptoms
associated with anxiety in themselves (e.g., racing heart, sweaty palms).
Both neuroticism and anxiety sensitivity were included in this study as
possible moderators of the effects of physiology feedback.
For the neuroticism questionnaire, scores were reverse-coded as necessary
before further analysis. Crohnbach’s alpha was high for both questionnaires (0.831 and 0.766 for neuroticism and ASI respectively), so for
each questionnaire, scores on individual items were averaged to obtain
an overall score (one for anxiety sensitivity and one for neuroticism).
For participants in the ‘real feedback’ and ‘false feedback’ conditions
participants were also asked to indicate how often they had looked at
the feedback window, on a scale from 1 (‘not at all’) to 7 (‘very much’).
Finally, participants filled out an online questionnaire one day after the
experiment where they ordered the tasks they had done during the experiment in terms of stressfulness. This resulted in a single rank-score
for each task, ranging from 1 (lowest stress) to 20 (highest stress). We
will refer to this measure as ‘retrospective stress’.
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Procedure

Once the participant had completed the practice task, the experimenter
came in and instructed them on how to place the necessary electrodes
for the ECG. When the participant had placed the electrodes, the ECG
recording was started. For participants in the real feedback and false
feedback conditions, the feedback window was also started. The participant then continued with the main experiment, where they performed
20 one-minute tasks, each followed by the four items about momentary
stress. After completing all 20 tasks, participants filled out a final survey
including questionnaires on neuroticism and anxiety sensitivity.
At the end of the experiment, the experimenter announced that participants would receive an e-mail the next day with a link to an online
survey, and asked participants to fill out this survey the day they received
the e-mail. Participants were then thanked for their participation and
given a financial compensation of e10,00. The day after the experiment,
participants were sent an e-mail asking them to fill out an online survey
where they ranked the tasks they had done the previous day in terms of
stressfulness.

4.2.6

Analysis

To test the effects of our manipulation on stress awareness, we need a
parameter to represent our participants’ stress awareness, preferably for
each task. Essentially, we would like to have a measure of the extent to
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When a participant came in to the lab, they were first asked to read
and sign an informed consent form. They were then seated at a desktop
computer where they performed a practice task to familiarize themselves
with the setup of the experiment. For this ‘task’ they were simply asked
to relax, but keep their eyes open for 1 minute. After this practice task
the four items about momentary stress were administered.
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which the subjective stress level for a task is in line with the person’s
heart rate. A within-person correlation between subjective stress and
heart rate could be used, but this only provides one value per participant; for our analyses we need an estimate per task. For this purpose,
a custom parameter was calculated, based on the idea that we want a
measure of the alignment between heart rate and subjective stress, or,
inverted, whether the subjective stress level is different from the heart
rate. However, simply taking the absolute difference between momentary
stress and heart rate would not be informative, as these two parameters
are on a completely different scale. In addition, the baseline and reactivity in heart rate may differ from person to person, and the same is
true for subjective stress levels. To transform the two parameters into
a format that allows comparison, both were normalized by taking the zscore: the original value minus the average of all of that person’s values
(i.e. across the 20 tasks), divided by the standard deviation (again, for
that specific person), e.g., z(heartratetask,person ) = (heartratetask,person −
M (heartrate1..20,person ))/sd(heartrate1..20,person ), where M = mean, and
sd = standard deviation. For each task, the absolute difference between
the z-scores for momentary stress and heart rate was then calculated:
differencetask,person = abs(z(heartratetask,person ) − z(stresstask,person )). This
parameter is a representation (albeit inverted) of what we were looking
for: whether the person’s subjective momentary stress is in line with
their heart rate. We will refer to this parameter as ‘HR - momentary
stress difference score’. In a similar way, difference scores between retrospective stress and heart rate were calculated (henceforth ‘HR - retrospective stress difference score’), as well as difference scores between
momentary stress and retrospective stress (‘momentary / retrospective
difference score’). These form an inverted representation of the extent
to which the person’s remembered stress for a task is in line with their
heart rate during the task, and the extent to which the person’s remembered and momentary subjective stress levels are in line, respectively. As
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a final step, a square-root transformation was applied to all difference
scores described above to correct the positive skewness of the distributions. These difference scores were also used in Chapter 3 and were
found to give similar results to within-person correlations between the
same parameters. However, the advantage of the difference scores is that
they provide an estimate of alignment between the parameters for each
task rather than one value per participant.

4.3.1

Results
Manipulation checks

Two manipulation checks were done: one related to whether participants looked at the feedback, and one related to whether the heart rate
feedback that was intended to be ‘false’ was in fact different from the
participant’s own heart rate.
Since the stress feedback can only have an effect if it is actually noticed
by participants, participants in the ‘real feedback’ and ‘false feedback’
conditions were asked how often they had looked at the feedback window, on a scale from 1 (‘not at all’) to 7 (‘very much’). The average
score on this manipulation check was 4.55, indicating that participants
did pay attention to the feedback in both feedback conditions. Participants in the ‘false feedback’ condition may have paid slightly more
attention to the feedback than those in the ‘real feedback’ condition
(M = 5.13, SD = 1.302 and M = 3.93, SD = 1.900, respectively); an
independent samples t-test shows that this difference is marginally significant (t(27) = −2.004; p = 0.055).
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Effects of feedback on stress awareness

To test whether feedback about physiological stress caused higher ‘stress
awareness’ in our participants, a series of multilevel models (or mixed
linear models) was used. The advantage of this type of model is that
it accounts for the nested structure of our data: tasks within participants, participants within conditions. The model is initially tested in
its simplest form, only modeling the nested structure of the data. More
parameters are subsequently added, and their added value in terms of
predictive power tested. Only additions that add significantly to the
model’s fit are kept to avoid overfitting.
Firstly, a series of models was used to investigate effects on the HR momentary stress difference scores. We started with an ‘empty’ model,
which only models the structure of the data (in this case: that each
person did several tasks). Fit for this model, as expressed by the -2
log likelihood, was 907.479. For the next iteration, feedback type was
added to the model as a fixed factor. Fit for this model was better than
the empty model (-2 log likelihood = 897.742, lower meaning better fit).
This improvement in fit was significant (χ2change (2) = 9.737, p = 0.008).
In a final iteration, neuroticism and anxiety sensitivity were added to
the model, as well as the interactions between these two personality factors and interactions with the feedback type factor. This improved the
fit of the model but not significantly (χ2change (9) = 15.878, p = ns).
The second model was therefore selected as the most optimal. In this
model, the feedback type factor showed a significant effect on the HR
- momentary stress difference score (F (2, 52) = 5.354, p = 0.008). For
the contrasts between individual conditions, the ‘false feedback’ condition was used as a reference in this model. Parameters were therefore
calculated for the contrast between ‘false feedback’ and ‘real feedback’
(parameter estimate = 0.036), and the contrast between ‘false feedback’
and ‘no feedback’ (parameter estimate = 0.094). The ‘false feedback’
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Next, we ran a series of models to investigate effects on the HR - retrospective stress difference scores. Again, we started with an empty model
(-2 log likelihood = 847.735). For the next iteration, feedback type was
added to the model as a fixed factor, resulting in an improvement in
the model’s fit that was only marginally significant (-2 log likelihood =
841.883, χ2change (2) = 5.852, p = 0.054). However, given this marginally
significant improvement, we decided to investigate further by adding
neuroticism, anxiety sensitivity and the relevant interaction terms to the
model. This did not significantly improve the fit of the model (-2 log
likelihood = 834.639, χ2change (9) = 7.244, p = ns). Although the difference in fit between the empty and the second model was only marginally
significant, we decided to use the second model to further investigate
potential (non-significant) effects. The feedback type factor showed a
marginally significant effect on the HR - retrospective stress difference
score (F (2, 44) = 3.130, p = 0.054). The ‘false feedback’ condition was
again used as a reference; contrasts were therefore calculated for the
difference between ‘false feedback’ and ‘real feedback’, which was not
significant (parameter estimate = 0.039; t(44) = 1.502, p = ns), and the
contrast between ‘false feedback’ and ‘no feedback’, which was significant (parameter estimate = 0.060; t(44) = 2.500, p = 0.016). For an
illustration, see Figure 4.1b.
Finally, a series of models was used to investigate effects on the momentary / retrospective stress difference score. As before, we started
with an empty model (-2 log likelihood = 454.424). When feedback type
was added to the model for the next iteration, the fit of the model was
not significantly improved (-2 log likelihood 450.282; χ2change (2) = 4.142,
p = ns). As a next step, we ran a model which included only the two
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condition was found not to be significantly different from the ‘real feedback’ condition (t(52) = 1.083, p = ns), while ‘false feedback’ was found
to be significantly different from ‘no feedback’ (t(52) = 3.183, p = 0.002).
For an illustration, see Figure 4.1a.
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(a) HR - momentary difference scores

(b) HR - retrospective difference scores

(c) momentary / retrospective difference scores

Figure 4.1: The effects of the feedback type manipulation on the various difference scores.
Error bars represent the 95% confidence interval; *difference is significant at the 0.05 level.
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personality factors (neuroticism and anxiety sensitivity) and the interaction between the two. The fit of this model was significantly better than
that of the empty model (-2 log likelihood 449.877; χ2change (3) = 4.547,
p < 0.001). In the next iteration, feedback type was again added to the
model, as well as the interactions between feedback type and the personality factors. Since fit was again significantly improved compared to
the previous model, this model was selected as the optimal model (-2 log
likelihood 435.488; χ2change (6) = 14.389, p = 0.026). However, although
this model showed the best fit overall, none of the individual factors in
the model showed a significant effect (for an illustration, see Figure 4.1c).

Effect of feedback on stress

To investigate the effects of our manipulation on participants’ stress levels, multilevel models were again used. Effects on retrospective stress
were not analyzed since these scores are ranks rather than ratings, resulting in equally high average scores across all participants and conditions. For the in-the-moment experience of stress, we started with an
empty model, modeling only the structure of the momentary stress data
(i.e. tasks within participants). Fit for this model, as expressed by the
-2 log likelihood, was 4050.957. For the next iteration, feedback type
was added to the model as a fixed factor. Fit for this model was hardly
improved compared to the empty model and indeed the change in fit was
not significant (-2 log likelihood = 4050.088; χ2change (2) = 0.869, p = ns).
Another model was then run where neuroticism, anxiety sensitivity and
interaction between the two were added to an otherwise empty model.
This resulted in significantly improved fit compared to the empty model
(-2 log likelihood = 4037.505, χ2change (3) = 13.47, p = 0.004). In the next
iteration, feedback type was added back in to the model, as well as the
interactions between the two personality factors and the feedback type
factor. This did not result in significantly improved fit (-2 log likelihood
= 4027.846, χ2change (6) = 9.659, p = 0.004). The previous model (with
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only the personality factors) was therefore chosen as optimal. However,
although this model was the best fit as a whole, none of the individual
factors showed significant effects.

4.4

Discussion

In this study, we sought to distinguish between two ways in which feedback about physiological stress might influence stress awareness: by serving as an external source of information about the physiological state,
or by triggering self-perception, helping people to more accurately sense
their physiological state themselves. Our results suggest that the latter
is the case: feedback helps to align a person’s subjective experience of
stress with their physiological state, and more importantly, false feedback appears to have the same effect. We would expect to find no such
effect of false feedback if the feedback was simply used as information:
the false feedback was unrelated to the participant’s actual heart rate,
and if the feedback was simply taken at face value we would not expect
to see a positive effect on stress awareness.
Our results thus suggest that feedback about physiological stress can
boost stress awareness, but also that the information contained in the
feedback may be less crucial than the provision of feedback – any feedback, true or not – in itself. This aligns with the finding mentioned
earlier, that false biofeedback and real biofeedback are equally efficacious as facilitators of heart rate reduction (Shahidi & Powell, 1988).
The value of feedback, in this sense, seems to lie less in the way it externalizes actual, objective measurements of the user’s physiological state,
and more in the fact that it is an artifact that relates to the self (in this
case: one’s physiological state). Much like looking in a mirror (Ainley et
al., 2012) or looking at a picture of oneself (Ainley et al., 2013), feedback
may prompt people to look inward and focus on their own perceptions
of their physiological state.
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This does suggest that there may be situations where our findings do not
apply: if (variations in) feedback do require an explanation, and environmental triggers are observed that can provide such an explanation, the
feedback may be used as a source of information. The two ways of using
feedback outlined and contrasted in this chapter (i.e., as a source of information vs. as a trigger of self-perception) may thus be complementary
rather than mutually exclusive, especially in real-world applications.
In spite of advancements in sensor- and analysis technology, the data
provided by the current generation of self-tracking systems, in particular
those related to physiology, are not always reliable. On the one hand,
real world confounds can interfere with the measurements themselves
(e.g., the signal being lost due to a sensor losing contact) or the interpretation of the resulting signals (e.g., ambient temperature, exercise or
psychological arousal may all influence heart rate). On the other hand,
the measurements typically used (e.g., heart rate, steps, calories) tend
to be quite far removed from the parameters they are meant to represent
(stress, healthy exercise, a healthy diet).
Our findings suggest, however, that even if the data are not accurate,
users may not be unduly influenced by the erroneous feedback provided
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Our findings run counter to the false feedback effects reported by (Valins,
1966) and others (for a review, see Liebhart, 1979). Then again, it has
been noted that those effects typically occur only when the feedback
involves observations that require an explanation (e.g., a marked increase
in heart rate for a certain task) and when those observations can be
explained by salient environmental stimuli (e.g., the task being arousing;
Liebhart, 1979). This may not have been the case in our experiment.
Most participants did not show high heart rate reactivity to the tasks
in the experiment, which resulted in relatively stable feedback (also for
the false feedback as it was based on other participants’ data). Such a
stable signal may not provoke further investigation and as such have a
limited effect on the person’s experience.
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by their tracker. Our results also show that even if users do not internalize the content of the feedback they are given, the provision of that
feedback may still have a positive influence by promoting self-reflection.
Although this is positive news to a certain extent, it also suggests that
data may not be helpful in the way that is typically envisioned in this
context (i.e., by providing information).
The results from our experiment show that feedback about physiological
stress can improve immediate awareness of stress, but memory for stress
does not seem to improve. A ceiling effect may be in play here, since
the match between remembered stress and in-the-moment experience
of stress was typically quite high in our sample anyway. Nevertheless,
the lack of an effect on remembered stress even a day later calls into
question the long-term impact of feedback. The impact of especially
false feedback may be limited in the long term for other reasons as well:
data may prompt self-reflection and thereby better self-perception, but
if and when users realize their data are inaccurate, will they still make
an effort to collect and engage with it?
On a more positive note, the provision of feedback about physiological
stress did not result in increased stress in our sample, not even for the
group that seemed to be at risk in our previous study. We had previously
found that those high in anxiety sensitivity may experience more stress
when exposed to information about their physiological state (see Chapter
3). In addition, an opposite effect was found for those high in neuroticism: the provision of stress feedback resulted in reduced stress levels
for this group. Neither of these results were replicated in the current
sample.

4.5

Conclusion

In a laboratory study, we investigated the effects of feedback about physiological stress on stress awareness, specifically the differential effects of
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Then again, data may be useful in ways other than evoking stress awareness: as we have seen in Chapter review, data have the potential to shed
light on changes over time and influences of contextual factors, or boost
self-efficacy by confirming progress. And our results suggest that data
can help boost awareness, even if the data are not absolutely (or even
absolutely not) reliable. Although the potential benefits of data are by
no means exploited to the fullest in current self-tracking systems, our
results suggest that even non-data can support stress awareness. However, much work remains to be done to fully utilize the potential value
and benefits of stress self-quantification, but in the mean time feedback
about physiological stress – even if it is sometimes error-prone – can start
helping people to become more aware of stress.
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real feedback versus false feedback. We have found that stress feedback
can improve stress awareness, even if that feedback does not actually relate to the person’s own physiological state. This result suggests that selfquantification of physiological stress may indeed be used to boost stress
awareness, but also that fake data may be as valuable in this respect as
real data. This casts doubt on the added value of self-quantification for
stress awareness: if false feedback is as valuable as real feedback, do we
really need data? If the mere suggestion or illusion of data is enough,
there may be less roundabout ways of encouraging the self-reflection
needed to promote awareness.
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5

How users interpret delayed feedback about

physiological stress

The previous chapters demonstrated that real-time feedback about physiological stress positively affects stress awareness – but that this effect
also exists if the feedback is fake. The impact of the actual content of the
feedback, then, is not to be taken for granted. In this chapter I examine
how people interpret delayed feedback about stress, and which factors
determine that interpretation. This chapter is currently under review for
publication in the Journal of Human-Interaction Studies. A paper on a
subset of the data presented here was previously published as:
Kersten - van Dijk, E., IJsselsteijn, W., & Westerink, J. (2016). Deceptive visualizations and user bias: a case for personalization and ambiguity in pi visualizations.
In Proceedings of the 2016 ACM International Joint Conference on Pervasive
and Ubiquitous Computing: Adjunct (pp. 588–593). UbiComp ’16. Heidelberg,
Germany: ACM. doi:10.1145/2968219.2968326
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Introduction

People are increasingly looking to technology to help them assess and
understand various aspects of their lives. A plethora of parameters,
from mental (e.g., mood), to physiological (e.g., blood pressure), physical (motion, exercise), and contextual (ambient temperature, pollen,
presence of others, etc.) can be, and are being, tracked by means of
dedicated (wearable) sensors and specialized apps. These ‘Personal Informatics’ (PI) systems are often conceptualized (and advertized) as a
way for users to reflect on their data to gain the self-insight they need
to change their lives for the better (e.g. Li et al., 2010; Epstein et al.,
2015). This idea is reflected in users’ reported motives to turn to selfquantification (Li et al., 2010; Epstein et al., 2015; Choe et al., 2014;
Whooley et al., 2014), and finds support from theoretical perspectives
on behavior change: awareness of an issue is considered the first step
toward change for the better, while various specific insights (e.g., which
actions lead to which outcomes) may promote change as well (Prochaska
& Velicer, 1997).
An interesting case in the Personal Informatics landscape is that of stress
tracking. Several systems are now available on the consumer market that
give feedback about physiological markers of stress. Different markers
are in use, ranging from well-known (e.g., heart rate) to highly technical
(e.g., HF/LF ratio, Thayer et al., 2012) to custom and unique (e.g.,
heart coherence, McCraty, Atkinson, & Tomasino, 2001). Stress is an
interesting case here because there is a view among the general public
that stress is doubly dangerous: not only does it pose a threat to health
and well-being, but crucially, one may be unaware of how much stress
one is actually under, making stress a ‘silent killer’. These notions are
supported by findings that stress is associated with adverse health outcomes for several diseases (S. Cohen et al., 2007; Chrousos, 2009), is
thought to be a contributor to burnout and depression (S. Cohen et al.,
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Much work has been devoted to the question of how to recognize stress
based on automatically gathered data like physiological cues (see e.g.,
Wijsman, Grundlehner, Liu, Hermens, & Penders, 2011; de Santos
Sierra, Avila, Guerra Casanova, & del Pozo, 2011; Sun et al., 2012;
Barreto, Zhai, & Adjouadi, 2007). Less is known about how the resulting data affect users, how it is interpreted and appropriated and to
what extent users find the promised self-knowledge and insight when
interacting with their data. In this article, we report on two studies investigating the impact of giving users feedback about their physiological
stress level. Do users understand, trust and believe the feedback, and
interpret it correctly? If so, does their changed view on stress also affect
their subsequent experiences? In the remainder of this introduction we
will highlight some of the potential opportunities and barriers for datadriven self-insight, and explain the rationale for the studies described in
this chapter.

5.1.1

Does data change people (for the better)?

The promise of Personal Informatics is not just that users’ level of selfinsight can be improved, but that this improved insight translates into
an improved life. Some attention has been given to the question of what
types of insight users typically obtain from their data (Choe, Lee, &
Schraefel, 2015), but it is not clear whether technology-mediated feedback actually helps people change for the better (Hermsen et al., 2016),
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2007; Iacovides et al., 2003), and that, indeed, there may be aspects of
the stress response that occur without conscious awareness of the person
(Brosschot et al., 2010; Lazarus, 2000; Somerfield & McCrae, 2000). The
application of self-tracking to stress, then, seems logical as well as potentially beneficial: as users gain objective information about their stress
level, they become more aware of stress, understand their stress response
better, and as a result, can deal with stress in a more productive way.
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let alone whether it is the insight (rather than, say, the feeling of being
observed) that does the trick (see Chapter 2.
Self-tracking may also affect users in unintended and unforeseen ways,
complicating the results of PI usage (see e.g., my own work on this,
citeDijk2015a). For instance, users have reported feeling a troubling level
of awareness of, or even obsession with, the things they track (Ancker et
al., 2015; Cordeiro et al., 2015); feeling uncomfortable or guilty when not
using the tracker (Ancker et al., 2015); adjusting their lifestyle to what
can be tracked rather than what is best (Harrison, Marshall, BianchiBerthouze, & Bird, 2015; Cordeiro et al., 2015); and being demotivated
when confronted with their data (Ancker et al., 2015; Cordeiro et al.,
2015).
Cognitive Dissonance Theory (Festinger, 1962) suggests another possible
unintended effect of self-tracking. Cognitive dissonance refers to conflict
that results from holding contradictory beliefs (e.g., ‘I feel relaxed’, ‘the
tracker says I am stressed’). People naturally strive to avoid cognitive
dissonance, and if a conflict does arise they may try to resolve it by
ignoring, re-interpreting or dismissing the conflicting information. In a
similar vein, Social Judgment Theory (Sherif & Hovland, 1961) suggests
that current beliefs form an ‘anchor’ to which other opinions and information are compared, and only those falling within the ‘latitude of
acceptance’ (i.e., close enough to the current belief) are considered acceptable. Alternatively, the new information may be accepted, but the
resulting cognitive dissonance may then result in a change in the previously held beliefs. In this way, PI data may affect not only future
decisions, but also future experiences or emotions. For instance, if my
data tell me I am relaxed at work, that may result in me also feeling more
relaxed at work. Or conversely: if my tracker teaches me that playing
with my children is stressful, it may also feel more stressful from now on.
This notion is reminiscent of the ‘false feedback effect’ observed by Valins
(1966): when people are told their heart rate changes when viewing
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certain pictures, they rate those pictures as more attractive than pictures
for which no physiological change is observed. However, false feedback
effects have not been consistently observed (Liebhart, 1979). Specifically,
Liebhart (1979) suggests that the effects only occur when the feedback
involves a specific observation (e.g., a noticeable increase in heart rate)
that can be attributed to specific contextual cues (e.g., a picture of an
attractive person).

5.1.2

From data to change: Opportunities and hurdles

Visualizations of PI data can be seen as a persuasive message: we want
the data to convince the user of a new fact about themselves so that they
will change their self-image and behavior accordingly. The path from a
such a persuasive message to resulting changes in beliefs or behavior
is far from trivial. Information Processing Theory proposes a six-step
process in this context (McGuire, 1968): once a message is presented,
it must first reach the target audience (exposure). The audience must
then attend to the message (attention), understand it (comprehension)
and subsequently believe it to be true (yielding). This change in belief
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In addition, even if we (are made to) believe something is stressful, that
may not necessarily translate to it feeling stressful as well. what we
believe and how we feel represents different aspects of ourselves: the ‘believing self’ is concerned with long-term, abstract attitudes and beliefs,
while the ‘experiencing self’ represents in-the-moment, real-time experiences (Kahneman & Riis, 2005). These two aspects of ourselves are
not always necessarily aligned (Kahneman & Riis, 2005); for example,
although many consider their children the ‘light of their lives’, actually
engaging in activities with one’s children may often be quite stressful.
At this point, it is unclear whether self-tracked data might affect users’
experiences (for better or for worse).
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must then be preserved for long enough (retention) that behavior change
(action) has a chance to occur.
The last step in itself is by no means easy. The gap between a (changed)
attitude and the corresponding behavior is wide: even if a person has
the specific intention to perform an action, the chances of them actually
performing that action are still just under 50% (Sheeran, 2002). And for
such specific plans to be hatched in the first place, the insights obtained
from data must be actionable; something users of PI systems have reported struggling with (Li et al., 2010; Oh & Lee, 2015; Lazar, Koehler,
Tanenbaum, & Nguyen, 2015; Fausset et al., 2013). But before these
issues even arise, users must pass other hurdles. Given that self-tracking
is generally a self-initiated activity, exposure and attention may not be
an issue in this context, but comprehension and yielding may prove more
difficult.
Comprehension: Do people understand their data?
Comprehension may be a barrier in the path from PI data to behavior
change: users must interpret and understand their data in the right way,
extracting ‘correct’ insights, in order for subsequent stages of persuasion
(including behavior change) to result. For many common parameters,
users already possess the necessary knowledge to put their scores into
context (e.g., 2 hours of sleep is low, 16 hours of sleep is high). However, physiological markers of well-being and stress tend to involve lesserknown (e.g., heart rate variability, Thayer et al., 2012) and custom (e.g.,
Heart Math’s ‘heart coherence’, McCraty et al., 2001) parameters that
may be difficult for users to interpret without further explanation.
In many physiology self-tracking systems, scores are therefore contextualized by presenting them on a standardized axis, giving an indication
of how a user’s score compares to a (set of) standardized thresholds
(e.g., minimum/maximum, high/normal/low). However, whether this
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An underlying problem here is that PI systems often seek to interpret
low-level measurements (e.g., calories, steps, heart rate) as an indication
of performance on some higher level (e.g., eating healthy, getting enough
exercise, being stressed or relaxed). This type of inference is not necessarily straightforward and others have also commented on the reductive
nature of using low-level measurements as a proxy for higher-level outcomes (Purpura et al., 2011; Khovanskaya et al., 2013). In addition,
these inferences are generally made based on standardized rules. For
instance, 2000 calories a day, 10,000 steps a day or a heart rate of 60
may be presented as ‘optimal’. However, 10,000 steps may seem like a
low goal to a more experienced athlete, while the same goal may seem
unrealistically high to a beginner. Similarly, an individual’s resting heart
rate may be 50, or may be 100, and one is not necessarily better than
the other.
Given that these individual differences exist, a data visualization that
employs standardized thresholds may become deceptive. By suggesting
that a person with a high resting heart rate is always stressed, and a person with a low resting heart rate is always relaxed, such a visualization
misses the mark in conveying the intrinsic meaning of the measured values for these individuals. These potential hurdles must first be overcome
before users can successfully interpret their self-tracked data.

Chapter 5

approach actually aids users in interpreting their data is unclear, and
there are some additional issues. Deducing the concepts of interest to
self-trackers from raw sensor data is often difficult and error-prone, even
with the current state-of-the-art in sensor technology and data analysis.
In line with this, users have reported that measurement accuracy in PI
systems does not live up to their expectations (Oh & Lee, 2015; Shih,
Han, Poole, Rosson, & Carroll, 2015).
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Yielding: Do people believe their data?
In addition to comprehension, yielding may also be tricky in a selftracking context. We hope for users to attain novel insights about themselves through self-tracking, but cognitive biases exist that promote the
maintenance of existing beliefs, even in the face of new evidence (see
e.g., Plous, 1993; Tavris & Aronson, 2008; Klayman, 1995). Generally
referred to as ‘confirmation bias’, this phenomenon may cause people
to ignore, forget or simply be less to information that contradicts their
beliefs (‘selective perception’), to discard or disbelieve contradicting information, or to interpret new information in a way that confirms their
expectations (Klayman, 1995). These biases are in line with the desire
to avoid Cognitive Dissonance discussed before (Festinger, 1962). Personally relevant observations may evoke a particularly strong dissonance
response: people like to tell a coherent story about themselves (Randall,
2014; Goffman, 1959) and as a result, our existing self-image forms a
powerful anchor that is not easily swayed by new information. As PI
data form a so-called ‘data double’ of the user – a reflection of (aspects
of) themselves (Ruckenstein, 2014; Lupton, 2014)) – they must compete
with the existing self-image, and we generally only rarely allow drastic
changes to the way we view ourselves.
This may spell trouble for the idea that PI systems should help users gain
self-insight. Fortunately, confirmation biases are not universal; although
they occur often, they do not occur under all circumstances. It has been
suggested that people are more likely to rely on mental shortcuts when
they are either unable or unmotivated to engage in more in-depth processing (Petty & Cacioppo, 1986) and that cognitive biases in general
tend to occur mainly under uncertain conditions (Tversky & Kahneman,
1974). In addition, some beliefs may be more strongly held than others, making them inherently less malleable. This latter point, especially,
leads to the idea that presentations of data should be as unambiguous as
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possible, leaving no room for re-interpretation. In addition, the persuasive power of a message depends not only on the quality of the message
itself, but also on the perceived credibility of the source of the message (in this case: the PI system) (Hovland, Janis, & Kelly, 1953). PI
data have an advantage in this context: having been obtained through
technology, and making visible information that is otherwise difficult to
perceive, such data tend to evoke connotations of reliability, truthfulness,
and objectivity (Ruckenstein, 2014; Lupton, 2014). However, as outlined
above, the often reductive nature of measurements used in PI issues, and
the lack of personalization in interpreting such data means that the perception of data as an absolute truth will not always be accurate.

Study rationale

Thus far, we have discussed the path from exposure to self-tracked data,
via understanding, yielding and the resulting insight, to eventual effects
on users’ subsequent behavior (and, potentially, experiences). Within
this process, we have identified two possible hurdles: users may not
understand their data, and their preconceived notions of what the data
‘ought to’ show may bias their interpretation of the data. We have also
discussed the possibility that the data-driven changes in belief envisioned
in self-tracking may alter users’ experiences: if, based on my data, I
believe that an activity is stressful for me, I might more stressed during
that activity on later occasions. We have discussed these issues from
a theoretical standpoint and now continue with empirical investigation:
can people interpret data about themselves correctly? And if they can,
does this insight affect their experiences later on? Stress is particularly
interesting here because a) it represents a parameter that many users
know they are not always aware of, making users particularly likely to
rely on technology to provide them with insight on this topic, and b)
if feedback indeed affects later experiences, this may result in positive

Chapter 5

5.1.3

Page 110

How users interpret delayed feedback about physiological stress

(less experienced stress) as well as negative (more experienced stress)
outcomes.
In our first study, we investigate whether feedback about physiological
stress during a set of tasks affects participants’ experiences when they
repeat the same tasks later on: if the feedback tells a participant they
were stressed during the tasks the first time, do they report more stress
the second time? In addition, we explore the factors that influence users’
interpretation of their data, and the extent to which they feel they can
understand and trust the feedback they are given.

5.2

Study I

To investigate the effects of feedback about physiological stress on later
experiences, a laboratory study was conducted. In this study, participants’ heart rate was measured while they performed a set of tasks and
were then given a graph showing their physiological stress level (actually:
their heart rate) and asked about their interpretation of and response to
this graph. To examine the effect of the feedback on subsequent experiences, the graph was manipulated so that it either showed mostly
high levels of stress (‘high stress’ condition) or mostly low levels of stress
(‘low stress’ condition). This corresponds to what might happen in a
self-tracking system if a person’s measurements are typically below (low
baseline) resp. above (high baseline) the values of a standardized scale.
We expected that those in the low stress condition would interpret the
graph as showing lower stress levels compared to the high stress group,
and also report lower stress levels when repeating the same set of tasks
in a second round.
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Method

A 2 (feedback type) by 2 (block) by 3 (task type) mixed design was
used. Each participant performed two blocks of three 5 minute tasks
each. Between the two blocks, participants were shown a graph showing
their ‘stress level’ (actually: their heart rate) that was manipulated to
either fall within the green bottom half of the graph (feedback type ‘low
stress’) or the red top half of the graph (feedback type ‘high stress’).
This factor was manipulated between subjects. The feedback given to
participants consisted of a graph showing the participant’s heart rate
over the course of the first block of three tasks, with colored markers to
indicate the start and end of each task in the graph (see Figure 5.1).
Participants filled out an online survey two days before the experiment,
where they were screened for the study’s exclusion criteria. The survey
further consisted of some demographic questions concerning age, gender
and education, and participants’ level of experience with and self-rated
skill at reading graphs. These latter two measures were included as
possible moderators of the effect of the stress feedback, as they might
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A total of 61 participants participated in the experiment (23 male, 38
female). The age of participants ranged from 18 to 64 years (average 28
years). Most participants were highly educated; a small majority (54%)
had either achieved a master’s degree or were in the process of obtaining one, while most of the other participants (41%) either had or were
working towards a bachelors degree. Participants were recruited from a
local participant database. As the tasks and questionnaires in the experiment were in Dutch, only native Dutch speakers were recruited. People
with (a history of) cardiac disease and colorblind individuals were excluded from participation.To avoid interference with physiological measurements, participants were instructed not to smoke, engage in rigorous
exercise or drink caffeinated or alcoholic beverages in the 2 hours preceding the experiment.
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Figure 5.1: The two levels of the feedback type factor: feedback showing either (a) high
stress levels (the ‘stressed feedback’ condition), or (b) low stress levels (the ‘relaxed feedback’
condition). Displayed here in greyscale, but originally in color (gradiating from red on top
to green at the bottom). Markers indicate the start and end of different tasks.

affect the extent to which users a) interpret a graph correctly, and b)
trust their interpretation of the graph. Finally, the Neuroticism subscale
of the Dutch translation of the Big Five Personality Inventory (Denissen,
Geenen, Van Aken, Gosling, & Potter, 2008), consisting of 8 items, was
included in the survey. Neuroticism reflects people’s self-image when it
comes to emotional stability, including stress. Neuroticism may predict
people’s subjective stress levels and self-image and may therefore also
affect their interpretation of physiological stress feedback. This scale
was therefore also included as a possible moderating variable. An overall
score for neuroticism was calculated for each participant, as the average
of the individual item scores (with reverse coding for the appropriate
items). The neuroticism questionnaire showed a good reliability in our
sample (Crohnbach’s α = 0.791).
When participants came into the lab, they first signed an informed consent and were instructed on how to place the electrodes for the ECG
measurement. For collection of ECG data, three Kendall H124SG ECG
electrodes were used in the standard lead-II placement: the ground on
top of the collar bone near the left shoulder, one electrode under the
collar bone near the right shoulder and one electrode underneath the
ribs on the left side of the torso. A sampling frequency of 1024 Hz was
used. From the raw ECG data, RR intervals were extracted and the av-
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After the ECG measurement was started the main experiment could
begin, starting with the first block of three tasks: one relaxation task
(task type 1) and two more cognitively demanding tasks (task types 2
and 3). For the first task, participants watched a relaxing video of fishes
swimming in a coral reef, accompanied by soft piano music. The second
task was an extended version of the color-word-interference (CWI) task,
or Stroop task (Bohnen, Jolles, & Twijnstra, 1992), where participants
gave responses out loud. The CWI task, where participants must name
the color of the ink of written words, rather than reporting the word
itself (also a color), has been shown to be an effective stress induction
(Renaud & Blondin, 1997), especially when a verbal response is required
(Boutcher & Boutcher, 2006). The extended version of the task was
chosen here because it requires the participant to switch between naming
the color and naming the word, thereby eliminating the possibility that
participants may ‘tune out’ the writing, which would reduce the task’s
difficulty and, presumably, its effectiveness as a stressor. The third task
was a word memory task, where participants were first given 3.5 minutes
to memorize a set of words, after which they were given an additional
1.5 minutes to recall as many of the memorized words as possible. This
task was chosen because memorizing words was found to be effective at
evoking both subjective and objective (cardiac) stress in my previous
research (see Chapter 3).
After each task, subjects responded to four custom items about their
experience after each of the tasks (see Table 3.2; these same items were
used in Chapter 3): ‘I felt [stressed, calm, relaxed, tense] during this task’.

Chapter 5

erage heart rate was subsequently calculated for each task. In addition,
for each participant, for each task the root mean square of successive
differences between RR intervals were calculated. This dimension, also
referred to as RMSSD, is a measure of heart rate variability (or HRV for
short), which is commonly used as an indicator of physiological stress,
where less variability indicates more stress (Thayer et al., 2012).
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A 7-point Likert scale ranging from 1 - ‘not at all’ to 7 - ‘very much’ was
used for each item. A reliability test showed that Cronbach’s Alpha for
this scale (with items 2 and 3 reverse-coded) was high (α = 0.948). For
the remainder of the analyses we therefore use the average (again, with
items 2 and 3 reverse-coded) of these four items as a single stress score.
After the first block of tasks, the feedback graph was shown. Participants
shared their interpretation of the graph by answering the following question for each task: ‘According to the graph, how stressed were you during
task [1,2,3]?’ (original emphasis). These questions were answered on a
7-point Likert scale ranging from 1 - ‘not at all’ to 7 - ‘very much’. Participants were also asked to what extent they felt they could understand
and trust the feedback. We were interested in several aspects of the
users’ experience with the feedback: to what extent they understand it,
whether they trust or believe it, and whether they feel it matches their
own experience. To assess these concepts, a set of 12 custom items were
used (4 items for each concept, e.g., ‘the graph is clear’; see Table 5.1).
A 7-point Likert scale ranging from 1 - ‘not at all’ to 7 - ‘very much’ was
used for each of the 12 items. For all three concepts, overall scores were
calculated as the average of the scores on the relevant items. Reliability
tests indicate a good reliability for the three scales (α = 0.750, α = 0.824,
and α = 0.770 for understanding, self-match and trust respectively).
Participants subsequently executed another block of the same three tasks
and again indicated their subjective stress level after each task. After
the second block of tasks was completed, participants answered some
additional questions about whether they had managed to avoid alcohol, caffeine, nicotine and rigorous exercise in the two hours preceding
the experiment. Finally, participants were debriefed, thanked for their
participation and given a compensation of e10.00.
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Table 5.1: The items related to understanding of, identification with, and trust in the data
(translated from original Dutch). Responses were given on a 7-point Likert scale ranging
from 1 - ‘not at all’ to 7 - ‘very much’.

#

Statement

understanding subscale
1

The graph is clear.

2

I understand what this graph shows.

3

I find it difficult to interpret this graph.

4

It is not clear to me what this graph means.

self-match subscale
5

What I see in the graph does not match my experiences.

6

The pattern in the graph is like I had expected.

7

The graph contradicts the image I have of myself.

8

My experiences are reflected in the graph.

9

This graph is an accurate reflection of reality.

10

The information in the graph is unreliable.

11

The graph gives a false image.

12

I trust the information in this graph.

5.2.2

Results

Missing data
For four participants, technical issues prevented the physiological data
from being recorded and/or shown correctly, while portions of the ECG
data from five other participants were problematic for peak detection
and, subsequently, calculation of the physiological parameters used for
further analysis (e.g., due to movement artifacts or missing samples).
Data from these nine participants was excluded, leaving a total of 52
cases to be used for analysis.
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trust subscale
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Interpretation of feedback graphs
For each participant, the average of the three graph interpretation items
(one for each task) was calculated, resulting in an overall score of the
extent to which the participant thought the graph showed that they
were stressed during the tasks. Our expectation was that scores on this
variable would be higher in the ‘high stress’ feedback type condition
than the ‘low stress’ feedback type condition. A t-test showed that this
was not the case (t(50) = 0.415, p = ns), indicating that participants’
interpretation of the feedback was not affected by whether their values
were high or low in the graph. Since no effect of the manipulation was
found, we did not analyse the results of the second block of tasks.
To further investigate what factors did influence participants’ interpretation of their feedback, a multiple regression was used, predicting the
graph interpretation score for each task using several predictors. Firstly,
three predictors were included that represent information that the participant could have gotten from the graph: the feedback type (overall
height of the graph - ‘in the green’ or ‘in the red’), and the heart rate
and heart rate variability. For this analysis, both heart rate and heart
rate variability were expressed as a relative measure: the difference between the measured value and the average over the first three tasks.
These relative heart rate and heart rate variability values represent the
‘height’ of the graph compared to the other tasks, and the variability
in the graph compared to other tasks, respectively. In addition to these
predictors, self-reported stress for each task was included as it represents the subjective experience of the tasks that might bias participants’
interpretation of the graph.
The model explained 27% of the variance in the dependent variable
(R2 = 26.6; F (4, 151) = 13.676, p < 0.0005). The analysis confirmed
our earlier finding that feedback type had no influence on participants’
interpretation of the graph (B = 0.081 p = 0.693). The other predictors
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Figure 5.2: Results of the linear mixed model predicting graph interpretation from various
predictors.

Graph understanding, self-match and trust
On average, participants scored well above the neutral midway point on
the graph understanding scale (M = 5.21 on a scale from 1 to 7; sample
range 2.75 – 7.00). The average score on the graph trust scale was a
little lower (M = 4.49; sample range 1.00 – 6.25), and lower still on the
graph self-match scale (M = 3.65; sample range 1.00 – 6.00). A series of
one-sample t-tests showed that scores on both graph understanding and
graph trust were significantly above the midway point of 4 (t(51) = 7.832,
p < 0.0005; and t(51) = 3.134, p = 0.003 resp.), while scores on the graph
self-match scale were significantly lower than the midway point (t(51) =
−2.102, p = 0.040). This indicates that while, on average, participants
trusted the feedback and felt they understood the graph, they did not
find that the feedback matched their expectations (see Figure 5.3 for an
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were significant: relative heart rate (B = 0.094 p = 0.001), relative heart
rate variability (B = 0.18 p = 0.026), and subjective stress (B = 0.310
p < 0.0005) for a given task all significantly predicted participants’ interpretation of the graph for that task.
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Figure 5.3: Average scores for the graph understanding, graph trust and graph self-match
scales. Error bars represent +/- 1 standard deviation. * deviation from the neutral midway
point of 4 is significant at the 0.05 level.

overview).
There was a medium-sized significant correlation between the graph selfmatch and graph trust scales (r(50) = 0.535, p < 0.0005), indicating
that participants who felt that the graph matched their expectations
were more likely to also place more trust in the content of the graph (see
Figure 5.4).
It might be expected that those who encounter graphs more frequently or
are better equipped to interpret them might show different scores on the
graph understanding and trust scales. In our sample, however, neither
familiarity with graphs nor skill at reading graphs were correlated with
graph understanding (r(50) = 0.083, p = ns and r(50) = 0.146, p = ns
for familiarity and skill respectively) or graph trust (r(50) = −0.122,
p = ns and r(50) = −0.144, p = ns resp.). It should be noted here that
the majority (55.8%) of our sample rated themselves as skilled or very
skilled at reading graphs, while all but a few (90.4%) rated themselves
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Figure 5.4: Scatterplot and regression line of graph self-match and graph trust. ** correlation is significant at the 0.01 level.

Neuroticism
The range of neuroticism scores observed in our sample was not very
wide (1.5 - 4.25 on a scale from 1-7). None of our participants reported
(extremely) high scores on this scale. Neuroticism was initially hypothesized to predict the stress experienced by participants: those who score
high on neuroticism are more susceptible to negative emotions and might
therefore report higher stress levels. To investigate this, for each participant the self-reported stress scores on the first three tasks (before the
feedback graph) were averaged. Contrary to our hypothesis, this stress
score was not correlated with neuroticism (r(50) = 0.224, p = ns).
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as at least somewhat skilled. In line with this, most of the people in our
sample (59.6%) reported that they encounter graphs in their daily life at
least once a week.
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Discussion

Contrary to our expectations, our results show that participants’ interpretation of their feedback graph was not affected by whether their
graph showed mostly high levels of stress, or mostly low levels of stress.
Instead, the results demonstrate that the way the feedback graph is interpreted is mainly determined by differences between tasks, both in
terms of task average and variability. In addition, people are strongly
biased by their own experience when interpreting feedback about their
physiological stress level.
This last finding is in line with earlier findings on confirmation bias
(Plous, 1993; Tavris & Aronson, 2008; Klayman, 1995) and with Cognitive Dissonance Theory (Festinger, 1962): when faced with information
which contradicts their own experience, participants attempted to relieve
some of the resulting tension by reinterpreting the feedback to better correspond to their existing beliefs. Attempts to resolve the conflict seem
to have taken place in a different way as well. Our results indicate that
when participants did perceive a difference between their expectations
and the feedback, they were more likely not to trust the feedback (i.e.,
there was a significant positive correlation between the graph self-match
and the graph trust scales). This is in line with Social Judgment Theory
(Sherif & Hovland, 1961): positions further from the ‘anchor’ (existing
belief) are less likely to be accepted. Combined, these findings confirm
the idea that users may be biased toward retaining their existing beliefs,
and may reinterpret, ignore or otherwise discard information provided
by stress feedback if it conflicts with their previously held beliefs.
On the positive side, this indicates that the proposed issues related to
a lack of personalization in the presentation of physiological data may
not hold: even if a person has a high (or low) baseline and their data is
therefore presented as being high (or low), our results suggest that the
user may simply not accept the presented interpretation and interpret
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the data based on their own experiences instead, focusing on variations
in their data rather than comparisons to absolute thresholds of high or
low. On the other hand, the fact that users take the message their data
try to convey with a grain of salt may also keep that message from having
its intended effect of providing new self-insight.
The choice of tasks in this study may have made participants’ own experience particularly influential: even if the feedback shows a highly
stressed image, participants may find it hard to believe they were really
all that stressed when they were just watching a relaxing video. If the
experience had not been so clearly relaxing, participants might have been
more likely to accept the message given by the data. Feedback about
more ambiguous tasks may therefore result in less confirmation bias. To
investigate this possibility, a second study was conducted.

Study II

The second study was very similar to the first, with one crucial difference: the relaxation task (watching a marine wildlife video) was replaced
with a more cognitively demanding task. In study I, the relaxation task
may have been too unambiguously relaxing to allow participants to believe the data if it showed them being stressed during this task. We
therefore replaced the relaxation task with a more cognitively demanding task. This task, much like the other two tasks from study I, may be
interpreted as being stressful, or may be interpreted as simply requiring
effort (but not necessarily with a negative connotation). We expect that
this ambiguity will make participants’ own experience of the task less
influential when interpreting feedback about physiological stress levels
during these tasks.
Again, participants were then given feedback about their physiological stress level – manipulated to either show high or low stress levels
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– and asked to interpret this feedback. As before, the tasks used for the
feedback were repeated to investigate whether the feedback affected the
amount of stress experienced during the tasks the second time around.
We expected that the change in task would, in contrast to our findings
in study I, cause those in the low stress condition to interpret the graph
as showing lower stress levels compared to the high stress group. In addition, we expected those in the low stress group to also report lower
stress levels when repeating the same set of tasks.

5.3.1

Method

A total of 60 participants participated in the experiment (28 male, 32
female). The age of participants ranged from 19 to 89 years (average
33 years). Again, the sample was reasonably highly educated; 58% had
either achieved a master’s degree or were in the process of obtaining one,
while an additional 35% either had or were working towards a bachelors
degree.
The method used for the study II was mostly the same as that used for
study I. The only difference was that in study II, the relaxation task
from study I was replaced with a Psychomotor Vigilance Task (PVT,
(Dinges & Powell, 1985)). In this task, participants must react as quickly
as possible to a visual stimulus (a dot on the screen) which randomly
appears every few seconds by pressing a button. The total duration of
the PVT was kept the same as the other tasks (5 minutes).
The relaxation task from study I was still incorporated in study II, but
was only employed to obtain a baseline ECG measurement, right before
participants started the other tasks; data from this task was not included
in the heart rate feedback given to participants.
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Results

Missing data
As in the first study, there were some technical issues that caused problems with the physiological data for a number of participants, either
because the connection was lost, electrodes came off, or the signal was
too corrupted to extract individual heartbeats correctly. As a result,
data from 11 participants was excluded, leaving a total of 49 cases to be
used for analysis.

In the first study, we found no effect of condition on the overall level of
stress participants thought their feedback graph showed (i.e., the average
of the three graph interpretation items). With the changes made to our
experiment in the second study, we expected to find that in this new
data set participants would interpret their feedback graph as showing
higher stress levels in the ‘stressed’ feedback type condition compared to
the ‘relaxed’ condition. A t-test showed that this was indeed the case
(t(47) = −4.119, p < 0.0005), indicating that participants’ interpretation
of the feedback was affected by whether their values were high or low in
the graph.
To compare what factors influenced participants’ interpretation of their
feedback to what we found in the previous study, a multiple regression
was again used to predict the graph interpretation score from the feedback type (overall height of the graph - ‘in the green’ or ‘in the red’), the
heart rate (relative to the average heart rate across the first three tasks),
heart rate variability (also corrected for the mean), and self-reported
stress.
The model explained 49% of the variance in the dependent variable
(R2 = 40.4; F (4, 142) = 24.087, p < 0.0005). The analysis confirmed
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Interpretation of feedback graphs
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Figure 5.5: Results of the linear mixed model predicting graph interpretation from various
predictors.

that feedback type influenced participants’ interpretation of the graph
(B = 0.990 p < 0.0005). In addition, both relative heart rate (B = 0.141
p < 0.0005) and subjective stress (B = 0.283 p < 0.0005) significantly
predicted participants’ interpretation of the graph. In contrast to our
finding in the first study, relative heart rate variability was not a significant predictor (B = 0.011 p = 0.265).
Effect of feedback on stress
The finding that the manipulation of the graph (‘stressed’ or ‘relaxed’) affects participants’ interpretation of the graph begs the question: does this
manipulation of the feedback also affect subsequent experiences? To examine this question, a general linear model was used. The model included
two within-subject factors: task type (PVT, word memory and CWI) and
block (before the feedback graph and after the feedback graph). In addition, the model included feedback type as a between-subjects factor, as
well as all possible interaction terms between the aforementioned factors.
Subjective stress was used as the dependent variable. If the manipulation of the graph indeed affects participants’ subsequent experience of
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the tasks in the second block, one would expect to find a feedback type ×
block interaction effect on subjective stress. Such an interaction was not
found (F (1, 47) = 1.168, p = ns). The only factors that had a significant
effect on stress in the model were block (i.e., all tasks are experienced as
less stressful in the second block; F (1, 47) = 7.922, p = 0.007) and task
(i.e., different tasks result in different levels of stress; F (1, 46) = 5.467,
p = 0.007).

Similar to study I, participants trusted the feedback (M = 4.59 on a
scale from 1 to 7; sample range 1.50 – 6.75) and felt they understood the
graph (M = 5.56; sample range 2.50 – 7.00), but this time were noncommittal when it came to whether the feedback matched their expectations
(M = 4.17; sample range 1.00 – 6.50). A series of one-sample t-tests
showed that scores on both graph understanding and graph trust were
significantly above the midway point of 4 (t(48) = 8.295, p < 0.0005; and
t(48) = 3.116, p = 0.003 resp.), while scores on the graph self-match scale
were not significantly different from the midway point (t(48) = −0.857,
p = ns). See Figure 5.6 for an overview.
There was a large significant correlation between the graph self-match
and graph trust scales (r(47) = 0.877, p < 0.0005), indicating that
participants who felt that the graph matched their expectations were
more likely to also place more trust in the content of the graph (see
Figure 5.7).
As was the case in study I, neither familiarity with graphs nor skill
at reading graphs were correlated with graph understanding (r(47) =
−2.44, p = ns and r(47) = 0.025, p = ns for familiarity and skill respectively) or graph trust (r(47) = −0.163, p = ns and r(47) = −0.043,
p = ns resp.). As before, this non-effect may also be related to a bias
in our sample: most of our participants (55.1%) reported that they encounter graphs in their daily life at least once a week most, and the
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Figure 5.6: Average scores for the graph understanding, graph trust and graph self-match
scales. Error bars represent +/- 1 standard deviation. * deviation from the neutral midway
point of 4 is significant at the 0.05 level.

Figure 5.7: Scatterplot and regression line of graph self-match and graph trust. ** correlation is significant at the 0.01 level.

majority (55.1%) also rated themselves as at skilled or very skilled at
reading graphs.
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Neuroticism
Before, we hypothesized that those high in neuroticism might report
higher levels of stress. Although no such effect was found in study I,
the data from our second study showed a near-significant correlation
between neuroticism scores and average stress reported in the first block
(r(47) = 0.278, p = 0.053). Visual inspection of the data suggested that
this finding might be caused mainly by one data point, from a participant
who had a very low neuroticism score and also reported very low stress
levels. A reanalysis showed that the correlation indeed disappeared when
this participant’s data point was excluded (r(46) = 0.176, p = ns).

Discussion

In study II, participants’ interpretation of a graph showing feedback
about their physiological stress level was affected by whether the graph
showed high (‘in the red’) or low (‘in the green’) stress levels. This finding
is in stark contrast to the results of study I, where such an effect was
not found. Recall that the only change made between study I and study
II was to replace the first task (a relaxation task) with a more mentally
demanding task. These results conform to the idea that the relaxation
task in study I served as an anchor, leaving participants so convinced
that they were relaxed that the feedback was reinterpreted to suit that
experience regardless of whether the graph actually showed high or low
stress levels. In study II, with this anchor removed, participants did not
have such clear experiential information to contradict the feedback, and
were more likely to accept the information presented in the graph.
In spite of this, the results from study II do show that participants’ subjective experiences significantly predicted how they would interpret the
feedback, confirming that participants were still biased when interpreting the graph. The finding from study I that participants were less likely
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to trust the graph when it did not conform to their expectations was
also reproduced in study II. Finally, although participants interpreted
the graph ‘correctly’, this information did not affect their later experiences. These findings suggest that even though participants in study II
did not reject the information in their feedback graph as outright as was
the case in study I, the impact of the feedback was still limited.

5.4

General Discussion

The main message to take away from the studies presented here, is that
data leading to insight is not straightforward. Interpretation of a simple line graph showing feedback about stress may be biased by existing
beliefs about what the graph should show. If people remember, know,
that they were not stressed, they are likely to interpret their feedback
graph as confirming that image even when the graph shows only high
stress levels. As previously noted, this is in line with known effects of
confirmation bias (Klayman, 1995) and Social Judgment Theory (Sherif
& Hovland, 1961): people prefer to maintain their existing beliefs, rather
than accept new, contradicting information.
Still, how do people explain away such seemingly obvious clues? How
can a graph that is constantly ‘in the red’ be interpreted as showing low
stress levels? Our results suggest that a kind of selective attention is
at work here. When the absolute level of the graph did not merit an
acceptable interpretation of the data, participants seem to ignore that
information and look instead to other aspects of the data (differences
between tasks, variability of the graph over time) to support the insights
they expected to find. This suggests a kind of ‘cherry picking’ approach
to data, where the meaning of data is a foregone conclusion, and only
those parameters that fit this conclusion are considered while the rest
are discarded.
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Alternatively, people may have accepted the new information, but it
may simply not have translated into a change in future experiences.
From a the perspective of Cognitive Dissonance Theory (Festinger, 1962),
we might expect that when we believe that something is stressful, we
then also experience it as stressful. However, it has also been suggested
that this consistency principle may not necessarily carry over from an
abstract belief (the ‘believing self’) to an in-the-moment experience (the
‘experiencing self’) (Conner & Barrett, 2012). Just as we may say we
like hot weather, but still complain about the heat on warm days, a
change in an explicit belief about a certain activity leading to stress may
not actually lead to a difference in the experience of stress during that
activity.
Either way, our experiments clearly show that the impact of the feedback
given to participants was limited. This is bad news for the premise of
Personal Informatics: data can only lead to insight and self-improvement
if people understand and trust their data sufficiently for such insight to
arise in the first place. The studies presented here suggest that this may
not be trivial. In addition, when the data ‘miss the mark’ (i.e., con-

Chapter 5

We have seen that the extent to which this kind of bias creeps in can vary.
When participants did a task that was clearly relaxing, the bias was more
clearly present than when they were presented with a set of cognitively
demanding tasks. However, even in the latter case, interpretation of
the data was still biased by participants’ experiences. To the extent
that the data did convince participants that they were more (or less)
stressed than they thought, those insights did not appear to have an
effect on later experiences (i.e., did not make participants feel more or
less stressed in the second round of tasks). Coming back to Information
Processing Theory (McGuire, 1968), this suggests that getting to the
‘understanding’ stage is hard enough, but even when this is achieved that
does not necessarily entail persuasion: people understand the message,
but do not accept it.
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tradict expectations) we have seen that people’s trust in their data is
negatively affected. Such distrust may undermine the (perceived and,
thereby, actual) value of data in the long run as well. Then again, examples from self-tracking practice have shown that users may also learn to
work around the inaccuracies of their data collection devices if they are
sufficiently predictable (Mackinalay, 2013). The long-term development
of users’ trust in self-tracking technology is likely to depend on many
factors and requires further investigation.
Our results do point toward a way to reduce the observed bias in users’
interpretation of their data. The bias may be reduced if people’s experiences are more ambiguous, suggesting that the different types of
information (externally recorded data vs. one’s own memories of the
experience) are weighed against one another like arguments: if the data
say one thing, and subjective experience another, whichever side is more
easily denied, reinterpreted or ignored ‘loses’ while the other side wins.
This also suggests the impact of data may be helped not only by a more
ambiguous experience (i.e., reducing the ‘weight’ of the experience), but
also by presenting the data in more persuasive way (i.e., increasing the
‘weight’ of the data). This might involve increasing the quality of the
message itself (i.e., a clear and unambiguous presentation) and/or improving the credibility of the source of the message (Hovland et al., 1953)
– although as previously noted, literature suggests that technology is
typically already associated with reliability, truthfulness, and objectivity (Ruckenstein, 2014; Lupton, 2014)).
Such an approach might be successful in the sense that it could result
in people accepting what the data tell them, overruling their existing
ideas about themselves. However, Personal Informatics systems may
not, at least in their current form, always deserve this kind of trust.
As discussed in the introduction, many parameters of interest cannot
be tracked reliably, the meaning of the data might vary from person to
person (or even moment to moment), and there tends to be a gap between
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From this perspective, the biases observed in our experiments can also
been seen as an adaptive response to potentially inaccurate data, rather
than an unproductive response to potentially helpful data. It should
be noted here that while the participants in our experiments seem to
have been equipped with a healthy level of skepticism, our sample of
tech-savvy college graduates may not be representative here, and those
less experienced in dealing with technology and data may be more easily
(mis)lead by their data. The ambiguity inherent in most presentations
of data, in that sense, could be considered be an asset rather than a
problem (Gaver, Beaver, & Benford, 2003).
Ideally, Personal Informatics systems should reliably provide accurate,
thought-provoking, actionable, helpful data about the person using them.
As and when the available technology approaches this ideal, these systems may benefit from considering ways to prevent users from misinterpreting their data; until then, perhaps confirmation biases are best
viewed as a natural and even desirable mechanism for users to make
sense of their data, their way.

5.5

Conclusion

In a series of two laboratory studies, we explored how people interpret
and respond to a graph showing feedback about their physiological stress

Chapter 5

what these systems can measure and what people want to know. All this
can easily result in PI systems presenting wrong conclusions. Designing
such systems with the express intent of making users believe their data
seems unproductive if we cannot guarantee that the data are actually
correct and helpful. For some parameters (e.g., steps), people may be
able to ‘sanity-check’ their data against the ground truth of reality. But
something like stress, for which no generally accepted ‘ground truth’
exists, is especially problematic because people have no way of knowing
for sure when their data are wrong.
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level. Our results show that people are strongly biased in their interpretation of the feedback graph: participants’ self-reported stress level
during certain tasks significantly influenced the amount of stress they
thought the graph showed for that task, and the less the data matched
their expectations, the less they trusted the data. This corresponds to
the idea that people are biased toward maintaining their existing beliefs
and are likely to try and reinterpret new information that conflicts with
those beliefs.
Our results do show that the gravity of these biases can vary, but that
even when the graph was interpreted more or less correctly the impact of
the feedback was limited and did not affect participants’ experiences in
later tasks. Our conclusion is twofold: on the one hand, these phenomena could be problematic for the desired effect of providing self-insight
through data. On the other hand, given that the data provided through
Personal Informatics technologies is often still error-prone, and typically
provides a very reductionist perspective on the variables of interest, at
the current time perhaps these effects are best conceptualized as a desirable adaptive response that we should not seek to eliminate or diminish.

6

Stress tracking in the field: opportunities
and barriers

In the previous chapters, we have seen that although feedback about
physiological stress has the potential to increase stress-awareness, the
way people interpret and use feedback is not as straightforward as might
be expected. My inquiries so far have focused on understanding the
immediate impact of feedback about physiological stress. To explore the
impact of stress tracking more broadly, and in the longer term, in this
chapter I move my inquiries to the field. This chapter has been submitted
for publication at Personal and Ubiquitous Computing.
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Introduction

Recent years have seen a surge in mobile and wearable technologies that
help users gather information about themselves as they live their lives:
activity trackers, food journals, heart rate monitors, step counters, sleep
trackers, and a variety of other systems are available to provide users
with an abundance of self-relevant data. All this data is often envisioned
as a source of self-knowledge6 : objective, quantitative data can provide
insights about how we live our lives, and, crucially, shed light on ways
we can improve ourselves.
However, there is little evidence to suggest that such data-driven selfimprovement is indeed achieved in practice (see Chapter 2). In addition,
much of the evidence that does exist comes from specific domains (most
notably physical activity tracking, e.g., Consolvo et al., 2008; Fritz et al.,
2014; Rooksby et al., 2014), while other areas have received relatively
little attention. One such area is that of physiological stress tracking: although systems that facilitate tracking of physiological markers of stress
are increasingly available on the consumer market, little academic work
has focused on this topic. Extensive work has been done on finding ways
to reliably and conveniently measure physiological stress in the wild (see
e.g., Adams et al., 2014; Carbonaro et al., 2011; Ertin et al., 2011; Lu
et al., 2012; Hernandez, Paredes, Roseway, and Czerwinski, 2014), and a
number of designs for systems that facilitate self-tracking of (subjective
and/or physiological) stress have been proposed (e.g., Ayzenberg, Hernandez Rivera, and Picard, 2012; Ferreira, Sanches, Höök, and Jaensson,
2008; McDuff, Karlson, Kapoor, Roseway, and Czerwinski, 2012; Sanches
et al., 2010), but a general evaluation of users’ real-world experiences in
using physiological stress self-tracking systems has not yet been under-

6 “self knowledge through numbers”, according to the motto of the Quantified Self movement:
http://www.quantifiedself.com/
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taken.
Stress tracking is an interesting domain within the self-tracking arena.
Stress is a concern for many in modern society: besides having a negative
impact on well-being, stress has been associated with depression and
burnout (S. Cohen et al., 2007; Iacovides et al., 2003) as well as negative
outcomes in terms of physical health (Chrousos, 2009; S. Cohen et al.,
2007). An additional fear surrounding stress is that it is a threat that
may go undetected - and indeed, scientific evidence suggests that stress
may occur without conscious awareness (Brosschot et al., 2010; Lazarus,
2000; Somerfield & McCrae, 2000). This also means that, in contrast to
many other parameters like calories or steps, when it comes to feedback
about stress no ground truth is available against which the feedback can
be ‘sanity checked’: if a stress tracker tells you you are stressed and you
don’t feel stressed, how are you to know who’s right?

6.1.1

Related work

A number of projects have explored the use of physiological data to promote self-reflection. For example, Affective Diary was designed to give
real-time feedback about the user’s physiological stress level as well as
providing a visualization of the same over time (Ferreira et al., 2008;
Sanches et al., 2010). LifelogExplorer takes a more long-term view, displaying physiological arousal to the backdrop of the user’s calendar (Ko-
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In this chapter, we focus on how new users experience the use of physiological stress self-tracking systems that are currently available on the
market. Do they obtain novel, useful, actionable insights? Are they empowered to deal with stress? How do the data affect them? Do different
systems lead to different experiences? In the remainder of this introduction we provide an overview of related work on self-tracking systems and
known issues associated with their use, and describe the current state of
the art in physiological stress tracking systems.
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cielnik & Sidorova, 2015). The FEEL system combines physiological
data with information from the user’s calendar and e-mail to provide
an overview of which activities and contexts are more or less stressful
for them (Ayzenberg et al., 2012). AffectAura collects affective (arousal,
valence, engagement) and contextual information, presenting this information in a diary to help users recall and reflect on their emotional
states (McDuff et al., 2012). The Body Blogger project7 explores the
potential value of collecting personal physiological data through selfexperimentation (Gilleade & Fairclough, 2010).
Initial evaluations of these systems suggest that users may obtain valuable insights by reflecting on their data. However, such insights may not
always be actionable (Kocielnik & Sidorova, 2015). In addition, Ferreiro
et al. (Ferreira et al., 2008) have suggested that in order for people to
connect with this kind of data, some degree of ‘interpretative openness’
or ambiguity in presenting the data may be desirable – albeit not too
much (Sanches et al., 2010).
The work cited here provides valuable input for the design of future stress
self-tracking systems. We seek to add to this body of work by examining not one unique prototype, but a representative set of commercially
available physiological self-tracking systems, with representative users,
in a naturalistic setting, and over a longer period of time – in short: by
exploring the real-life impact stress tracking systems in general might
have. A similar lens has been previously been aimed at other domains
of self-tracking (e.g., Clawson, Pater, Miller, Mynatt, and Mamykina,
2015; Harrison et al., 2015; Lazar et al., 2015; Oh and Lee, 2015; Shih
et al., 2015), resulting in an increasingly rich understanding of users’ experiences in using these systems. However, self-tracking of physiological
stress may be different from most other domains: the potentially subconscious nature of stress and our inability to accurately introspect with
7 http://www.physiologicalcomputing.net/?page_id=461

Stress tracking in the field: opportunities and barriers

137

regards to stress may complicate how people interact with self-tracked
data on this topic.

6.1.2

Commercially available systems

Various physiological stress tracking systems are currently available on
the consumer market. A web search in the fall of 2016 resulted in a list of
29 systems currently or soon to be on the market. By comparing features
and sorting these systems, we identified dimensions along which these
systems differ. Technical dimensions such as the type of measurement
(skin conductance, heart rate, breathing) were not expected to directly
affect users’ experience of the system and were therefore not included
in our analysis. Some dimensions were initially expected to be salient
(how data is visualized, to what extent social sharing is supported),
but found to vary little from system to system: most systems use one
overarching stress score and simple graphs to plot changes over time, and
social sharing capacities were typically non-existent or limited (sharing a
screenshot on social media). We eventually focused on those parameters
related to the ease with which data can be collected, the richness of
the data collected, the way the resulting data are presented, and to
what extent additional support for stress relief is provided (exercises,
e-coaching, etc.). This resulted in a total of eight dimensions:
• Use of an external sensor - where some systems make use of native smartphone sensors, others require a dedicated sensor device in
addition to a smartphone app.
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Different stress tracking systems may evoke different experiences and
result in different outcomes. When investigating the impact of physiological stress self-tracking systems, it is therefore important to assess the
impact of not just one specific instance of such a system, but a representative set of them. Representative, in this case, of the systems available
to consumers.
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• Conspicuousness of usage - some systems are more visible and
noticable (e.g., an ear clip) than others (e.g., a belt clip) when they
are being used.
• Possibility of continuous measurement - data may be gathered
continuously while the user wears or carries the device, or measurements may require user-driven check-ins.
• Incorporation of contextual measurements - besides stress data,
the system may offer the option of gathering additional information to contextualize the stress data (e.g., location, activity, manual
labeling)
• Provision of real-time feedback - in most stress tracking systems,
feedback about stress levels can be obtained in real time, but in
some the data cannot be viewed immediately and feedback is always
delayed.
• Use of data-driven notifications - some systems optionally provide push notifications to the user based on their measured stress
level (e.g., get notified when you’ve been stressed for five minutes).
• Tone (positive / negative) of the parameter labels - the label(s)
used to characterize the measured data may more positive (e.g.,
relaxation, coherence, restoration) or more negative (e.g., stress).
• Support for stress relief - systems vary in the extent to which
they offer support for stress relief, ranging from no explicit support
(only stress tracking) to provision of (biofeedback) exercises, games,
coaching e-mails and gamified progress tracking.
The dimensions outlined above allow us to select and compare different
varieties of stress tracking systems, and identify how they differentially
shape the user’s experience. This in turn will help us to refine our interpretation of the impact of a stress self-tracking system, and identify
salient considerations for the design of future systems.
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Method

To investigate how new users might experience the use of stress selftracking systems, we have performed a qualitative field study. The richness of qualitative data can help us understand the benefits and barriers
to using these systems, and point to design considerations for future systems. In our study, participants were invited to use a stress self-tracking
device or application with physiological measurements over a period of
three weeks. They recorded their experiences with the tracker along the
way and were debriefed after three weeks in a final interview. In our
design of this study, we have chosen to take an explorative approach, focusing on ecological validity and generalizability, opting to use existing
stress tracking systems available on the consumer market, and selecting
a heterogeneous set of previous non-users.

Participants

A total of 27 people participated in the study. We aimed to attract a
heterogeneous group of participants, so various channels were used to
recruit: the researchers’ own network and a local participant database
were used, an add was placed in the local newspaper, flyers were left
at a local gym, and a number of yoga and mindfulness coaches agreed
to advertise the study to their clients. This resulted in a diverse set of
participants with 16 female and 11 male participants, with ages ranging
from 21 to 72 years. Six participants worked in ICT, 4 in healthcare, 2
were teachers, 4 students, 4 pensioners and the remaining 7 worked in
various other disciplines.

6.2.2

Devices

Participants were given one of six stress tracking systems to use during
the study. The six systems chosen are all currently available on the
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Figure 6.1: Overview of the way the selected stress tracking systems map onto the design
dimensions.

consumer market (fall 2016) and aimed at tracking (a parameter related
to) physiological stress. The systems vary along the design dimensions
discussed in the introduction and were selected because, as a set, they
roughly cover the area populated by current stress tracking systems. See
Table 6.1 for an overview of the systems used, and see Figure 6.1 for an
overview of the way these systems map onto the design dimensions.
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Name (manufacturer)
link

Description

Serenita (Eco-Fusion)
www.eco-fusion.com/
serenita

A smartphone app that requires the user
to put their finger on their phone’s built-in
camera to perform a PPG-inspired hearteat measurement resulting in a stress score.
Also includes interactive breathing exercises.

Inner Balance (HeartMath)
store.heartmath.com/
innerbalance

An earclip that plugs into the smartphone
and uses PPG-based heartbeat measurements to give feedback about ‘heart coherence’. Measurements take several minutes
and also function as an interactive relaxation exercise.

Smartband 2 (Sony)
www.sonymobile.com/
global-en/products/smartproducts/smartband-2

A smart bracelet that links up with the
accompanying LifeLog platform which, besides a PPG-based measurement of stress
and ‘recovery’, also offers overviews of a variety of other parameters (sleep, activity,
steps, calories, app usage, etc.)

MoodMetric (Vigofere Oy)
www.moodmetric.com

A ring with a black ‘stone’ that connects
wirelessly to the user’s smartphone and
measures skin conductance to provide feedback about stress, both real-time (for exercises) and over the course of a day or week.

Spire (Spire Inc.)
www.spire.io

A clip that can be worn on belt or bra
to continuously monitor breathing patterns
which are classified as ‘relaxed’, ‘focused’ or
‘tense’. Also offers the option of vibrating
to notify the user.

The Pip (Galvanic)
www.thepip.com

A portable, wireless skin conductance sensor that must be held between thumb and
forefinger to measure stress. Various apps
are included that offer guided meditation
and relaxation games.
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Table 6.1: Overview of the stress tracking systems used in the study.
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Measurements

Diary
During the three week period of tracker use, participants kept track
of their experiences with the tracker by filling out a booklet provided
by the experimenters. Participants kept a ‘tracker diary’ for the first
three days of each week, in which they recorded three aspects of each
interaction they had with their tracker: 1) what prompted them to use
the tracker, 2) what they did with their tracker, and 3) what the result
of the interaction was. If they did not use their tracker that day, they
were asked to briefly indicate why this was the case.
In addition to the tracker diaries, the booklet contained ‘reflection exercises’ for each week. In week 1, participants were asked to reflect on
how they detect stress and whether anything had changed with regards
to this in the first week of tracker use. At the end of week 2, participants
were asked to draw a graph showing the data they had gathered with
their tracker thus far, to interpret the data and to indicate whether their
data were useful to them. At the end of the third week, participants
were asked to write a letter to their ‘other self’, in a parallel universe
where they had not participated in the study: what experiences would
they like to share, and what advise would they give this other self?
Exit interview
After three weeks of tracker use, a semi-structured interview was held
with each participant. The interview covered the problems participants
had faced in using their tracker, the aspects of their tracker that they
had experienced as most and least useful, how they felt when using their
tracker as well as between uses, whether they had discussed their tracker
with others, whether they would continue using their tracker and what
they would like to change about it. To promote natural conversation

Stress tracking in the field: opportunities and barriers

143

and elicit any stories that were not covered by the interview topics, the
participant was first simply asked ‘how things went’. To the extent that
the resulting answer and follow-up did not cover the topics of interest,
these topics were further probed later on the interview.

6.2.4

Procedure

To apply for the study, the participant first filled out an online questionnaire. This questionnaire started with an informed consent page,
followed by a brief questionnaire concerning demographics, motivation
for participation, previous experience with self-tracking, and the participant’s availability. The participant was then contacted via e-mail to
plan their participation and invited for an intake. Most participants
were locals and came to the experimenter’s office for the intake. Three
participants lived further away and could not come to the experimenter’s
office; their intakes and exit interviews were done via video conference,
and the necessary materials sent and returned via mail. Because a limited number of trackers was used (2 of each selected model), the study
was run over the course of several months. Participants were divided
into three groups: one group participated in November of 2016, one in
January of 2017 and one in February of 2017. Intakes and debriefings
were scheduled across several days within each group.
Intake
During the intake, the informed consent for the main study was first
administered. The process of the study was briefly reiterated and the
participant was subsequently introduced to their tracker, instructed on
its use and guided through the necessary installation and pairing processes. The use of the booklet with tracker diary and reflection exercises
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was then explained. Finally, an appointment was made for the exit interview.
In instructing the participant, care was taken to avoid social desirability
effects: the experimenter explained that the purpose of the study was to
investigate people’s experiences with stress trackers, but that the study
was exploratory and the participant should feel free to report whatever
they experience, good or bad. The participant was also told that no
restrictions or demands were made with regards to tracker use; they
could simply use the tracker as and when they liked, and did not have to
use it if they did not want to (anymore). It was made clear that the most
important thing for the study was to gather information about people’s
real, lived experiences, whatever those might be.
Home use
The participants then went home with their tracker and began a threeweek period during which they could use their stress tracker, and filled
out the booklet. During this period, the experimenter contacted the
participant once or twice to ask if all was well; several participants also
contacted the experimenter on their own initiative to ask questions.
Exit interview & debriefing
After the three weeks of tracker use were over, the participant came in
for an exit interview. During this session, the participant first handed in
their materials (tracker and booklet). Audio recording was then started,
and the interview commenced. At the end of the interview the participant was again given the opportunity to voice any remaining comments
or experiences they might want to share. At the conclusion of the interview, the participant was thanked for their participation and given a
compensation of e40.00.

Stress tracking in the field: opportunities and barriers

6.2.5

145

Analysis

The raw data gathered from participants consisted of spoken and handwritten text. All data were first transcribed verbatim into a digital format. The resulting data were pooled and analyzed using thematic analysis: a coding scheme was iteratively devised by means of a combination of
bottom-up processing (reading and structuring the data) and top-down
influences (e.g., insights previously identified in literature). The resulting coding scheme was applied to the data by two separate coders: one
coded the entire set, and another coded a subset of the data (data from
3 participants) to test reliability and clarity of the coding scheme. Intercoder reliability for this subset of the data was calculated using Cohen’s
κ (kappa) (J. Cohen, 1960), which represents agreement between raters,
corrected for chance agreement. κ = 0 represents chance-level agreement,
while κ = 1 indicates perfect agreement. For the double-coded subset,
Cohen’s κ was 0.80, confirming the reliability of the coding scheme.

Results

Out of our 27 participants, one was so disappointed by the capabilities
of the stress tracker they were provided with that they decided not to
continue with the study; they were therefore debriefed immediately after
the intake. One additional participant lost their diary booklet, so that
only the exit interview could be analysed for this participant.
It was originally anticipated that the thematic analysis would include
specific observations about the impact of the previously identified design
dimensions on users’ experience. However, experiences seem to have been
very similar across the different devices in spite of the range of devices
used.
The coding scheme we identified contains five main topics: triggers and
barriers to seeking interaction with a stress tracker; positive outcomes
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of stress tracking; barriers to long-term use of stress trackers; and perceived accuracy of stress tracker data. Each topic contains several themes
(summarized in Tables 6.2 – 6.6), which will be briefly explained in this
section and illustrated using quotes (English translations of the original
Dutch statements made by participants).

6.3.1

Interaction triggers

In diaries as well as interviews participants discussed several things that
made them want to interact with their tracker. The majority of participants (17) cited experimentation as a reason to interact with their
tracker: trying the tracker in different situations (e.g., when watching
tv, during a work-out, right before a presentation, right after an argument, etc.) to see the effect these situations have on the measurements.
In some cases the goal of such experimentation was to gain insight into
oneself (e.g., “looked at the influence on my body because I had to get to
school immediately to pick up a sick grandchild and some medicine, this
wasn’t planned”, P8), but in many cases the goal was to gain insight into
the system and how it measures stress (e.g., “I picked a moment where
I wasn’t stressed, a kind of baseline”, P20).
Another type of ‘testing’ was described by four participants: these participants interacted with the system to check whether it was still operating properly (e.g., “Testing if it was still working”, P2). Besides
such targeted testing, many participants (15) also interacted with their
tracker to explore the system (e.g., “Curious about the other possibilities
of the app”, P26). These were typically more playful interactions aimed
at exploring the functionalities and possibilities afforded by the system,
for instance by browsing through exercises or looking at online information. Four participants also described interactions aimed specifically
at exploring the data gathered with the tracker. With no pre-defined
data questions, these participants took an open-minded approach to see
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if their data can bring them anything (e.g., “After wearing it for a day,
looking at the overview”, P25).
Nine participants made note of situations where they took the initiative
to show their tracker or data to other people (e.g., “Demonstrating to
friends”, P5). Only two participants described interactions where someone else asked them to show or explain their stress tracker (“Colleagues
would say like ‘what is that’ and then I’d explain it”, P11). In the social
interactions involving stress trackers, participants seem to have mostly
felt a need to explain what this unusual device or app was, and include
others in their engagement – and sometimes fascination – with it. No
one described any social interactions focusing specifically on the data or
joint sensemaking thereof.

Finally, eight participants turned to their tracker for stress relief. The
actual trigger can take various forms, from noticing physical markers of
stress (“I noticed my breathing was superficial, used the boost to ‘calm’
it”, P26), to a non-targeted, more preventative orientation (“start the
day mindfully”, P25). Two participants also described situations where
their tracker prompted them to invest in stress relief: in one case through
a data-driven notification, and in the other through system-generated emails. See Table 6.2 for an overview of interaction triggers.
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Another common reason for participants to use their stress trackers was
a sense of obligation. A total of 13 participants described interactions
prompted by them seeing tracker use as an externally motivated necessity
rather than an intrinsically enjoyable activity. In some cases, participants
felt obliged to get more data (“the idea that I want more data to discover
a pattern”, P9), one even going so far as to set a timer to remind himself
to use it. In many cases, obligation was related to a sense of duty to the
study the participants were involved in (“for me the biggest trigger was
mainly because I was participating in this study”, P7).
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Table 6.2: Reasons that triggered participants to interact with their stress tracker.

Reason
(# participants)

Representative quote

Experimentation (17)

“Was watching tv with my mother, was just curious
about the stress level” – P15

System check (4)

“Seeing if the tracker saved everything” – P13

System exploration (15)

“Just to try it” – P12

Data exploration (4)

“Seeing how my heart rate and stress were today” – P19

Social sharing (9)

“Showing my mother what it was” – P10

Obligation (13)

“Ik felt guilty every couple of days for not wearing it” –
P11

Stress relief (8)

“Relaxing after a car ride” – P27

System-initiated (2)

“[the tracker] is vibrating!” – P1

6.3.2

Barriers to interaction

Participants also made note of a number of things that prevented them
from using their tracker. Ten participants sometimes simply lacked the
motivation to use their tracker, stating such barriers as not having a
reason to interact with their tracker (“No situation arose where I would
want to measure”, P16), not feeling like using it, or not managing to
take time out of their day to use it (“Busy day”, P15; “Forgot”, P1).
On a more practical note, seven participants described situations where
a lack of preparation kept them from using their tracker, e.g., because
they had forgotten to charge or bring the device (“it [the tracker] isn’t
nearby so you don’t wear it immediately”, P11). In some cases, the system itself formed the bottleneck: seven participants described situations
where they could not get their tracker to work properly due to some system error (e.g., the measurement not working: “Weak signal, no result”,
P5), and five participants ran into built-in limitations of their tracker
(e.g., the device required an internet connection, which was not always
available: “You’re not going to use it because you need to be connected to
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Table 6.3: Barriers that kept participants from interacting with their stress tracker.

Barrier
(# participants)

Representative quote

Not being motivated
(10)

“Very full and busy day. And I’m losing interest in the
tracker” – P13

Not being well-prepared
(7)

“Switched it on, but the battery is empty” – P4

System error (7)

“Tried to connect, didn’t work” – P2

System limitations (5)

“too bad that when you’re cleaning [...] you can’t wear
it because of the water” – P8

Situational barriers (7)

“Sometimes it’s just not convenient, for instance when
I’m in the car” – P15

Social etiquette (5)

“Like during an important meeting, you kind of can’t
really do it then” – P23

6.3.3

Positive outcomes of stress tracking

Participants mentioned several types of helpful data-driven insights in
their interviews and diary exercises. Most commonly reported were insights about how one’s behavior and context influence stress (13 participants), either in terms of what helps to relax (e.g., “walking indeed calms
my breathing”, P1) or into what causes stress (e.g., “more stress in the
city than in the village where I live!”, P5). Seven participants reported
situations in which feedback from the tracker strenghtened their belief in
their ability to control and reduce stress. For these participants, work-
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the internet”, P18). In some cases, the situation hampered interaction
with the device, either because it imposed practical limitations (seven
participants, e.g., not being able to do a meditation exercise while driving a car, not having time to use the device at work), or because of a
perceived breach of social etiquette (e.g., not wanting to visibly wear a
stress tracker during a meeting, reported by five participants). See Table
6.3 for an overview and representative participant quotes.
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ing with their tracker made them feel empowered (“I feel like I have the
handles to do something about it myself now”, P27), proud, and succesful (“it makes you feel like ‘I did really good today’”, P1), even if they
are otherwise sceptical about the accuracy of the device (“I feel like the
measurements don’t mean much and I’m sceptical about how it works,
but I do like it when the results are good”, P9).
Four participants described episodes where their tracker helped them
monitor stress to detect moments where intervention was needed (“If I
had another little peak: calm down”, P8). In some cases this happened
on the very short term (within a measurement or exercise; “you see it
going up because you’re more preoccupied or something, [...] and then:
OK, calm... and you can see it going down again”, P25), in others on
the longer term (e.g., when feedback is reviewed over the course of a day
or week; “tomorrow I’ll do better!”, P1).
Increased awareness of the overall (danger posed by their) stress level was
reported by a total of nine participants. For some, the data confirmed
what they already suspected (“I already knew I am a calm and thoughtful
person and I think that has come out of the study as well”, P17). For
others, the data contradicted their expectations (“that [tracker] has been
that eye opener to me that showed me my stress level isn’t all that bad”
- P8). These insights were typically positive (i.e., people realized or
confirmed that they were not very stressed); for only two people, the
data constituted a warning to be more mindful of stress.
In addition to the insights discussed above, participants reported two
other positive outcomes of stress tracking. Thirteen participants reported becoming more stress-conscious throughout their three weeks of
tracker use. Where insights related to awareness and contingency management concern specific facts, this theme relates to participants’ subjective sense of being more consciously occupied with stress and relaxation,
taking an interest and thinking about stress more often and more deeply
than they otherwise would (e.g., “I have noticed that I’ve started paying
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Table 6.4: Positive outcomes of stress tracking reported by the participants.

Outcome
(# participants)

Representative quote

Insight: outcome expectancies (13)

“Fun to know that going for a run lowers the stress level”
– P15

Insight: self-efficacy (7)

“Makes me feel like I, myself, control how I breathe, can
quiet myself” – P26

Insight: awareness (9)

“It has become clear to me lately that I experience a lot
less stress than I expected.” – P24

Insight:
contingency
management (4)

“Last week I had 52 minutes [of calm]. 52 minutes? O
my god, tomorrow I will do better” – P1

Being more
conscious (13)

“You become more aware of stress [...] You just think
more about why you’re tense” – P22
“I use it to do relaxation exercises to focus on the screen
instead of my thoughts” – P14

attention to my breathing again every now and then” - P15; “by using that
thing you focus more on ‘what is it that gives me stress?’” - P24). However, three participants also reported that the process of being involved
in this study, filling out diaries and exercises and exploring stress tracking was more useful in this context than the actual stress tracking system
or the data it provided (“although the device itself wasn’t very helpful, the
experience was valuable”, P11). The last positive outcome reported by
participants is stress relief: 13 participants reported instances where the
biofeedback exercises provided by most stress tracking systems helped
them to reduce their stress level (“[after a mindfullness exercise with the
tracker:] clear reduction, of stress level and feeling of stress / workload”
- P2). An overview of the positive outcomes of stress tracking reported
by our participants can be found in Table 6.4.
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Stress relief (13)

stress-
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Barriers to long-term use

Participants listed a number of problems they experienced in using their
stress trackers that might stand in the way of their continued use of
stress tracking systems. One overarching theme in these problems was
that participants did feel not stress tracking was useful to them (“Really
don’t see the use of the stress tracker”, P17). A variety of underlying
reasons played a role.
Firstly, all but one of our participants reported that the data provided
by the stress tracker were not (sufficiently) useful to them. Many particicipants (17) did not trust the data (e.g., “I still really doubt the results
of the app. How reliable are they?”, P15). Discussions of data accuracy were so common that they merited their own theme, discussed in
the next section. Five participants said that the data did not show them
anything new, typically because the data provided was perceived as stating the obvious (e.g., “I only measured in the office, so you only see that,
yeah, ok, stress at the office, understandable”, P4). The most common
problem, reported by 22 participants, is finding it difficult to understand
what the data mean: what does the system actually measure? Do other
things besides stress influence the measurement? How should numbers
be interpreted on a meaningful level? As summarized by one participant:
“I don’t understand the score. Does this say I’m stressed or not?” (P4).
Finally, participants found it difficult to translate their data into action
(reported by 12 participants), and remarked that more assistance in this
area would be helpful (e.g., “It’s more that I don’t know how to deal with
it [stress] but I don’t know how that app could tell me that”, P22).
Besides a lack of value in the data, 17 participants reported issues with
the support for stress relief offered by their tracker: 11 participants found
that the exercises or support were implemented in a way that was simply not conducive to relaxation, for instance because the feedback was
distracting (“I just don’t want to be worried about how well I’m doing at
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The majority of participants (21) experienced tracking as a burden, either
in a physical sense due to physical discomfort of wearing the tracker (12
participants, e.g., “This you feel all the time, it’s in the way all the
time”, P11), or, for 14 participants, because of the psychological burden
of having to remember to take measurements, take time out of the day
to interact with the system and generally be aware of stress – which is
not always experienced as pleasant or comfortable (“especially on the
weekend, I don’t want to be thinking about that”, P3). Four participants
missed the human factor in their interactions with the stress tracker,
missing ‘warmth’ (P7), preferring to have a human coach in addition to
the tracker (P6), or finding human presence more relaxing than an app
(P12). As a final issue, six participants reported getting frustrated with
their tracker due to poor usability of the system (e.g., “I get stressed
when technology fails me”, P5). See Table 6.5 for an overview of the
barriers to long-term use of stress tracking reported by our participants.
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a time like that – that just interferes with your relaxation I think”, P12)
or because the relaxation exercises only worked on a superficial level and
did not tackle underlying issues (“Calm breathing, still felt stressed”,
P7). Ten participants felt the exercises were very similar to what they
had already learnt about breathing and mediation, and/or that after a
couple of exercises they didn’t need the feedback anymore (e.g., “Look,
I’ve been meditating for thirty years, so these exercises aren’t really interesting”, P26). A final reason why stress tracking was not perceived
as useful lay with the participants themselves: six participants reported
not seeing much use in stress tracking beyond that point simply because
they did not believe stress was a problem for them and their experience
with stress tracking had not convinced them otherwise (“I think I have
too little stress to do anything about it”, P24).
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Table 6.5: Barriers to long-term use of stress trackers.

Barrier
(# participants)

Representative quote

Data are not useful:
nothing new in the data
(5)

“Basically, you’re seeing what you already know” – P27

Data are not useful: not
trusting the data (17)

“Well, the measurement is obviously miles off” – P10

Data are not useful: not
understanding the data
(22)

“Like the ‘progress’. What is it based on? I find it
mystifying” – P18

Data are not useful:
non-actionable
data
(12)

“It just tracks whether I’m stressed. It doesn’t tell me
what I should then do about that” – P11

Support for stress relief
is not useful (17)

“I’d rather pick up a book. That relaxes me more than
[the tracker]” – P18

No stress, so no need (6)

“I’m already so calm, what would I need to learn from
this” – P17

Physical burden (12)

“I knew the entire time I was wearing it. You can really
feel it sitting there” – P6

Psychological
(14)

burden

“In the end, it feels like a burden to collect the data,
that can’t be right” – P9

Missing the human factor (4)

“Still, I think human contact and human discussion of
problems [...] would be more useful to the person than
this” – P5

Frustration (6)

“Yeah, I almost threw it out of the window a couple of
times” – P7

6.3.5

Assessing accuracy of the data

As noted in the previous section, many participants in our study questioned the accuracy of the data gathered through the stress tracking system they used. Participants also discussed the arguments they weighed
when assessing the accuracy of the data. The most common type of
argument for questioning the reliability of data (24 participants) was
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related to the perceived plausibility of the data: participants compared
their data against their own experiences and memories in an attempt
to explain certain observations - a lack of a plausible link between the
data and their subjective view on stress made them doubt the accuracy
of the data (e.g., “I can’t relate what I feel to what this device is doing”, P18). The tracker either failed to register high(er) stress when
participants were sure they must have been stressed (‘false negatives’,
e.g., “[The tracker] indicated I was ‘calm’. Didn’t feel that way”,P26), or
recorded high(er) stress levels at moments when participants were sure
they had not been stressed (‘false positives’, e.g., “Felt calm, still got a
high reading”,P2).

Some participants also reported a priori trust or mistrust of their device:
they simply assumed such a device would work properly (4 participants,
e.g., “I say: why would you doubt that?”, P13) or questioned the reliability of the technology from the get-go (4 participants, e.g., “I thought
yeah, what does this thing even do?”, P9). Finally, 7 participants described what we call a ‘desire for self-reliance’: they simply placed more
value on listening to their body themselves than on sensor data, and
would rather rely on their own perceptions than the numbers provided
by a tracker (e.g., “I would rather listen to my intuition”, P9). See Table 6.6 for an overview of participants’ considerations in assessing the
accuracy of their data, including representative quotes.
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Conversely, when participants found variations in their data plausible,
this served as an argument to deem those data accurate (reported by
16 participants). Participants trusted or believed those pieces of data
that they could match to their own experience (“Feedback matched my
feelings”, P2) or which could plausibly be explained as a result of some
contextual factor (“Of course my breathing is faster when I’m working
out”, P17).
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Table 6.6: Reported reasons to (dis)trust the data provided by stress tracking systems.

Reason
(# participants)

Representative quote

Implausible data (24)

“I feel like the data don’t really match my own experiences” – P5

Plausible data (16)

“I know I’m not enormously stressed. So I find it plausible that I wouldn’t get high stress scores all the time.”
– P16

A priori skepticism (4)

“I don’t take it seriously enough. [Because of] the way
it’s measured and the limited nature of the measurement.” – P21

A priori trust (4)

“I suppose this thing will work properly. That’s what I
assume” – P11

Desire for self-reliance
(7)

“I tend to trust my own senses, I have to say, rather
than what the numbers show” – P2

6.4

Discussion

It seems our participants started out exploring the functionality of their
physiological stress tracker with high expectations, but, as in other areas
of self-tracking (Lazar et al., 2015; Ledger & MacCaffrey, 2014; Shih
et al., 2015), quickly found themselves unmotivated, not taking the time
to interact with their tracker or only using it out of a sense of obligation.
A number of issues arose, including situational and social barriers, as
well as limitations of the tracker itself that hindered tracker use, and
participants experiencing tracking as a burden, both in a physical and
a psychological sense. These issues resonate with findings from other
areas of self-tracking, where a variety of usability or user experience
issues have been identified (see e.g., Epstein et al., 2016; Harrison et al.,
2015; Lazar et al., 2015; Shih et al., 2015). Essentially, these problems
add to the ‘cost’ of using a physiological stress tracker. In addition, and
more crucially, it seems our participants did not experience much benefit
from tracking. Cost may be an excusable offense so long as experienced
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benefit is high; but that does not seem to be the case here.

Perhaps more central to the field of self-tracking is the fact the data
gathered through the physiological stress tracking systems was commonly
reported not to be very useful. Some participants profess a fundamental
aversion to the idea of self-quantification, indicating that they prefer to
just listen to their own intuition. In addition, participants report three
major barriers that prevent data from having a positive impact: not
understanding the data, not trusting the data, and not being able to
translate data into action.
The first barrier in translating tracker data to personal benefit is not
being able to interpret the tracker data on a personally meaningful level.
Participants question what the numbers mean: is this number high, low,
normal? Does a higher value always signal stress or can it also mean other
things (activity, excitement)? Although some trackers provide labels for
certain categories of values (‘high stress’, ‘low stress’), these labels leave
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On the positive side, participants’ day-to-day reports suggest the emergence of a variety of insights, which align with insights previously identified as conducive to self-improvement (see Chapter 2): becoming more
stress-aware, understanding causal links between behavior and stress,
getting confirmation of one’s ability to control stress, and monitoring
stress to adjust behavior immediately if needed. In addition, participants’ reports suggest that relaxation exercises can help reduce physiological stress in the moment. However, when participants were asked to
reflect on the usefulness of their tracker more broadly, the benefit of the
aforementioned insights and exercises appears to have been limited. In
the case of the relaxation exercises, it seems that although the exercises
helped participants calm their breathing, this did not necessarily make
them feel more relaxed. Some participants experienced their tracker’s
approach to stress relief as clinical, ‘cold’, and lacking a human touch
and many felt that that the exercises did not really require the use of
the tracker and could just as easily be done without technological aid.
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participants wondering how the system decides to classify a datapoint
as one category or another. In line with this, many participants report
experimenting with the system under different circumstances in an attempt to figure out how these measurements actually work – much like
the behavior reported for other types of self-tracking (Mackinalay, 2013;
Yang et al., 2015).
The second barrier is a lack of trust in the reliability of the data. The
majority of our participants question whether the data recorded by their
tracker accurately reflect what they claim to measure. While some are
skeptical from the start, the most common reason for this distrust is
that participants use their own experience and understanding of stress
as ground truth, and often find that the tracker data varies in ways they
find unexplainable and therefore implausible. The experimenting behavior described above again seems relevant here: users experiment to guage
whether environmental and behavioral factors influence measurements in
a plausible way. As said, this resonates with findings from other domains
of self-tracking, but while in other domains users often found explanations for data that seems off-kilter (e.g., a specific activity category not
being recognized (Harrison et al., 2015; Mackinalay, 2013; Yang et al.,
2015)), experimenting did not help most of our participants in this way.
The third and final barrier is that data are often not actionable. As in
other areas of self-tracking (Lazar et al., 2015; Li et al., 2010), participants struggled to translate their data into action. Data often simply
stated the obvious rather than providing new information, or provided
insights that were perceived as neutral rather than a call-to-action, evoking a ‘so what?’ response. In addition, even when data did shed light
on a specific problem, that did not mean the solution was necessarily
immediately clear, resulting in the question of ‘now what?’.
As noted in the previous section, these barriers appear to occur irrespective of the type of tracker used, suggesting that even those systems that
score high compared to other current systems on matters such as con-
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It should be noted that although we recruited as heterogeneous a group
of participants as possible, a self-selection bias is still in play: only those
motivated to join a study like this would even bother to apply. On the
other hand, this bias would exist in practice as well, as those who are
not sufficiently motivated to try stress tracking in a study like this would
be unlikely to invest in a tracker of their own volition. An additional
limitation of the study is its duration: people’s experiences with – and
experienced barriers in – stress tracking may change over time beyond
three weeks. However, the fact that most participants struggled to stay
engaged for even three weeks suggests that longer-term studies may not
provide much additional information until the barriers that hinder longterm engagement with stress trackers are addressed.

6.5

Design considerations

Based on the three barriers between self-tracking data and personal value
we have observed in our study (lack of understanding of the data, lack
of trust in the data, and lack of actionability), we suggest four considerations for the design of future physiological stress tracking systems.
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textualization, supporting action (real-time feedback, support for stress
relief, data-driven notifications), and ease with which data can be collected (continuous measurement, not conspicuous) do not provide sufficient value to warrant long-term use. This does not mean that these
dimensions are not important or that an improvement in terms of these
dimensions would not not contribute to a better user experience; in fact,
several of the dimensions we identified relate to the barriers observed in
our study. Rather, none of the systems currently available score sufficiently high (e.g., in terms of contextualization and supporting action)
or low(e.g., in terms of ease of data collection) on these dimensions to
satisfy users’ needs.
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Contextualize data to support meaning-making
Decontextualized numbers are hard to interpret. As has previously been
suggested (Ferreira et al., 2008), help users make sense of their data by
providing contextual measures. This requires more than simply adding
some arbitrary data streams as most current systems do: consider, or
prompt the user to consider, which factors may be important to track
and support users in combining and comparing tracked parameters. In
addition, consider allowing personal annotations that give meaning to
variations in the data. Gather data continously rather than on a check-in
basis to avoid biased, unidimensional data; comparing across situations
can help users understand what values and variability are normal for
them.

Build trust, practice transparancy
Take measures to address the barrier of users not trusting their data.
More reliable and robust collection and analysis of data would seem the
obvious approach, but 100% reliability for all users under all circumstances seems an unlikely target. Therefore also consider that users may
be more accepting of errors they can understand. Be transparant about
how measurements work, how parameters are extracted from those measurements, and how datapoints are classified if labels are used. The
contextualization proposed above can also help users understand errors
or inconsistencies, helping to build trust. Also consider being explicit
about data reliability by representing uncertainty in visualizations, and
presenting data in less restricted, more ambiguous formats to allow for
‘interpretative openness’ (Ferreira et al., 2008; Sanches et al., 2010).
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Help users translate data to action
Users look to technology not just for information, but for help. We have
seen that data, even insights, do not automatically lead to specific action
plans, and this aligns with earlier findings (Kocielnik & Sidorova, 2015).
Guide users in extracting value from their data by going beyond the
merely descriptive to coaching toward action. The one-size-fits-all coaching and general purpose gamification approaches currently employed will
not suffice; comments from our participants hint at adaptive, personalized action plans and context-aware data-driven notifications, although
more work is needed to find out what approaches work for different people and in different contexts.

Users’ goals in dealing with stress are often more complex and fuzzy than
those measured and rewarded in stress tracking systems. Users don’t just
want to calm their breathing or their heart rate once or twice a day for
3 minutes, they want to feel more calm, relaxed, balanced, in control,
better informed, self-reliant, self-efficacious, self-aware. These broader,
more qualitative needs require more attention and support than they
are currently afforded, and may necessitate a departure from the strictly
quantified, objective, data-driven approaches current systems typically
focus on.

Implications for other domains
We previously argued that the potentially subconscious nature of stress,
and accompanying lack of ‘ground truth’ in assessing it, might lead users
to engage with data about stress differently from data about things that
they can more reliably ‘sanity-check’, such as activities, or food intake.
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Support goals beyond the numbers
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However, our results suggest that even in stress tracking, participants
found ways to assess the reliability of their data. They seem to trust or
believe those pieces of data that they can match to their own experience,
or find some other plausible explanation for. This may well apply in other
domains of self-tracking as well.
Although the distinction between the three barriers in the transition
from data to action has not featured in previous work, it seems to align
with findings in other domains of self-tracking (see e.g., Epstein et al.,
2016; Lazar et al., 2015; Li et al., 2010; Mackinalay, 2013; Yang et al.,
2015), suggesting that these barriers – and the accompanying design
considerations – may apply in self-tracking more broadly.
The quantitative, unidimensional approach to feedback we have observed
in physiological stress self-tracking relates to a general tendency in selftracking to reduce complex concepts (a good diet, healthy exercise) to
easily quantifiable, but necessarily more limited parameters (calories,
steps) (previously commented on by myself, van Dijk, Beute, et al., 2015;
as well as others, Purpura et al., 2011; Williams, 2013). The observation
that the measured parameters do not always reflect users’ needs and
subjective levels of progress or success is therefore likely to apply not
only in self-tracking of physiological stress, but in self-quantification more
broadly. The reflection on support for qualitative goals outlined above
might therefore be worth considering in other domains of self-tracking
as well.

6.6

Conclusion

In this chapter, we sought to extend previous research on barriers in
self-tracking by examining experiences with physiological stress tracking
in a naturalistic setting over the course of three weeks. Twenty-seven
participants took part in the study, each using one of the selected trackers
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as they saw fit, and keeping track of their experiences as they went along.
Participants report a number of practical barriers that lead to a high cost
of tracking, while the perceived benefits are low. Most fundamentally,
participants often find it difficult to interpret their data on a personally
meaningful level, do not trust that their data are accurate, and struggle
to translate data into action.
Based on our data, we suggest a number of considerations that align with
findings from previous work in stress tracking, as well as work in other
domains of self-tracking: contextualize data to support meaning-making;
practice transparency about the nature and accuracy of measurements
used, and leave space for users to interpret data their own way; and
provide support for the rich set of goals users have in using these systems,
including, but not limited to, translating data into action.
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Although we have seen in our own results, as well as previous work, that
self-tracking of physiological stress can be valuable to users, the benefits
users experience with the current generation of these systems simply does
not outweigh the cost involved in using them. A renewed focus on all
the steps – and possible barriers – between personal data and personal
value is needed for stress self-tracking to live up to its potential.
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7

General discussion

Six chapters ago, I wondered: can self-tracking of physiological stress
help people become more aware of stress? I set out to investigate this
question through a combination of, firstly, a review of theoretical and
empirical literature related to the topic (Chapter 2); secondly, a series of
controlled laboratory experiments (Chapters 3 through 5); and thirdly,
a qualitative study in the field (Chapter 6).
In Chapter 2 I argued that it is important to understand not just whether
an intervention works, but why it works: understanding the underlying
processes provides guidelines for the optimization of our interventions.
In Chapters 3, 4, and 5 I therefore employed laboratory experiments
to explore different ways in which feedback about physiological stress
might alter users’ awareness of stress (in real time, as well as after the
fact). The advantage of such controlled experiments is that they allow a
165
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targeted investigation of the principle of feedback without the confounds
introduced when the principle is employed in a more complex, real-world
intervention.
The downside, of course, is that the aforementioned confounds associated with a real-world intervention do exist in practice and may cloud
or counteract the principles identified in laboratory studies. In Chapter
6 I therefore complemented my lab work with a field study. Specificially,
I opted for an explorative approach, gathering qualitative data on people’s experiences in using a stress tracker. A less controlled setting like
this, combined with the use of complex interventions (stress tracking systems available on the consumer market) makes it difficult to determine
exactly what facet(s) of the intervention relate to what facet(s) of the
users’ experiences. However, this approach did allow me to explore not
just effects I was expecting (e.g. the emergence of certain stress-related
insights), but also unexpected barriers, as well as unexpected benefits
associated with the use of these systems.
So, after all that: can feedback about physiological stress help people
become more aware of stress? The short answer is: yes – although there
is, of course, more to it than that. In this final chapter I will review and
reflect on the work presented in this thesis and provide a more nuanced
answer.

7.1

What ís stress awareness, anyway?

For starters, it is important to remark that ‘stress awareness’ can mean a
number of things and can be, and has been, operationalized in different
ways. Throughout the course of this thesis I have observed three very
different interpretations of stress awareness. So: what is stress awareness,
anyway?
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Awareness as self-perception

Firstly, in Chapters 3 and 4, I defined stress awareness as the alignment between a person’s subjective experience of stress and physiological markers of stress in their body. Conceptually similar to interoceptive
awareness, this operationalization focuses on self-perception: how accurately can a person detect stress in their body? By comparing variations
in physiological markers of stress to variations in the subjective experience of stress, we can see if the two reliably co-vary, giving an indication
of the extent to which a person’s experience of stress is aligned with
what is going on in their body. This definition is of interest because, as
discussed in Chapter 1, accurate self-perception of stress is notoriously
difficult, forming one of the main problems that complicates the timely
and effective management of stress.

Awareness as self-insight

The second definition of stress awareness focuses not on awareness of the
body in the moment, but on more abstract knowledge about stress. A
person may be more or less aware of, for instance, what evokes stress, or
which activities or contexts are relaxing. This corresponds to the idea of
‘self-insight’ commonly referred to in the discourse on Personal Informatics, where self-insight is considered a stepping stone to self-improvement
by scientists (Li et al., 2010; Epstein et al., 2015), tool makers, and users
alike (Quantified Self Labs, n.d.). In Chapter 2, I outlined a set of insight
types which might, based on theory, help a person along when trying to
change their behavior. For instance, what is referred to as ‘awareness’
in the TransTheoretical Model (TTM) of behavior change (Prochaska &
Velicer, 1997): whether a person has an accurate perception of the extent
to which their current situation is problematic. In the case of stress this
translates to: to what extent does a person know what their general,
typical, average stress level is, and do they have an accurate view on
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7.1.2
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whether (excessive) stress is a risk for them? In addition, one may be
more or less aware of behavioral factors that influence stress (‘outcome
expectancies’ in the TTM), or one’s progress in reducing the problem
and whether or not the current course of action needs adjusting may be
valuable (‘contingency management’).

7.1.3

Awareness as stress-consciousness

A third interpretation of stress awareness was observed in Chapter 6,
where people reported that they felt ‘stress-conscious’. Where the two
varieties of stress awareness discussed above involve a component of ‘accuracy’ which can, to some extent, be objectively checked (i.e. by comparing subjective stress to body signals, or comparing reported ‘insights’
to objective observations), stress-consciousness relates to the purely subjective experience of consciously attending to the topic, and finding it sits
saliently at the forefront of one’s thoughts. It is, in that sense, similar
to subjective measures of body awareness (Mehling et al., 2009), which
probe beliefs about the extent to which one is aware of one’s body (i.e.,
how aware do you think you are of what’s going on in your body?). We
know from the area of body awareness that the subjective experience of
awareness may not necessarily correspond to awareness in an objective
sense (i.e., does what you think is going on in your body correspond to
what is actually going on in your body; Garfinkel et al., 2015), which
may imply that stress-consciousness is not necessarily valuable in terms
of bringing about a more accurate view on stress. However, a more conscious, deliberate approach to stress-related behaviors may be valuable in
itself if it interrupts the automatic, often biased and thereby suboptimal,
decision-making processes that typically guide people’s behavior.
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Promoting self-focus & self-perception:
feedback as a mirror

Interestingly, although this result is positive, in the sense that it suggests
feedback increases self-perception, the fact that false feedback works
equally well also suggests that the actual content of the feedback does
not matter much. Even when feedback is provided that has no bearing
on what is really going on inside the person’s body, subjective reports
of stress become more aligned with the physiological stress level. This
corresponds to findings from biofeedback, where it has been observed
that false biofeedback aids heart rate reduction as well as real biofeedback does (Shahidi & Powell, 1988). Rather than providing information
as such, feedback seems to form a kind of conversation piece which, like
a mirror (Ainley et al., 2012) or picture of oneself (Ainley et al., 2013),
evokes comparisons with and thereby reflections on that which it is meant
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Having distinguished these three different interpretations of stress awareness, what do the previous chapters suggest about the efficacy of selftracking of physiological stress in boosting stress awareness? The concept
of stress-consciousness emerged in the field study described in Chapter
6, where about half of the participants reported it as a positive outcome
of using the tracker. In Chapter 3 I found that real-time feedback about
physiological stress can boost self-perception of stress, bringing people’s
subjective reports of stress more in line with what is happening in their
body. This finding was reproduced in Chapter 4, and supplemented
with the observation that false feedback had much the same effect as
real feedback. This suggests that the feedback indeed promotes selfperception, rather than only serving as an external source of information
about stress: if the latter were the case, false feedback would arguably
reduce rather than improve the alignment between subjective stress and
physiological stress.
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to represent – oneself. The value of feedback, in this light, lies less in providing information and more in providing an opportunity to self-reflect.
This finding also seems to suggest that although stress-consciousness and
stress self-perception are two conceptually quite distinct interpretations
of stress awareness, they may go hand in hand in practice: being exposed
to some artifact relating to one’s stress level (i.e. data, real or fake) triggers not only a subjective focus on stress, but an increased accuracy in
self-perception of stress on an objective level as well.
Crucially though, although these findings suggest feedback can aid stress
self-perception, they also suggest that actual data may not be needed –
the mere suggestion of data is sufficient to help people more accurately
detect stress in their body. Similarly, in Chapter 6, people reported being more attentive to stress during their foray into stress self-tracking,
but that just being in the study and filling out the diary was often as
valuable as the actual tracker data, if not more so, in terms of triggering
this stress-consciousness. These findings seem to suggest that actual, objective, accurate data about physiological stress are perhaps not needed
to help people become more aware of stress.
Accurate self-perception tackles the main problem identified in Chapter 1: that it is difficult for a person to accurately detect stress. Once
this problem is solved, arguably the other insights necessary for action
can also follow: once I can detect that I am stresed during a meeting,
I can take take measures to amend the problem and prevent it in the
future. However, we are limited in our ability to continuously expend the
cognitive effort needed to consciously detect stress, note the myriad of
contextual factors that may relate to stress, store all this information in
memory over time and structurally reflect on and analyze all that information to extract relevant insights about (behavioral determinants of)
stress. Accurate stress self-perception, then, is no guarantee that useful
insights about stress will also be acquired. The view of feedback as an
artifact for self-reflection (which may not require data at all) therefore

General discussion

171

leaves a lot of the potential value of the data by the wayside: objective
data about stress may contain valuable information about (the risk associated with) a person’s stress level, what causes and reduces stress for
them, and when, where, and how changes in behavior would be beneficial – information that, even with good stress self-perception is otherwise
difficult if not impossible to obtain.
In addition, it seems unlikely that the above rhetoric, that real data are
not needed for increased stress-consciousness and stress self-perception,
would apply in the long run. Feedback that is seen as unreliable or
inaccurate may promote reflection, but only if people can be bothered
to gather data and interact with it in the first place. We have seen
that people tend to be more skeptical of feedback when it contradicts
their subjective experiences, both in the lab (Chapter 5) and in the field
(Chapter 6). This skepticism or lack of faith in accuracy of the data,
in turn, was a commonly cited reason for participants in the field study
(Chapter 6) to give up on their stress tracker – within three weeks of
use.

7.3

Providing insights: the gap(s) between

To some extent, feedback – even low quality feedback – about physiological stress may aid stress-consciousness and stress self-perception. But
what about the third variety of stress-awareness: insights about stress?
In Chapter 6, we saw that various potentially valuable stress-related
insights may be obtained through self-tracking of physiological stress:
insights relating to outcome expectancies (what behaviors and contextual factors cause and reduce stress) and ‘awareness’ (in the TTM-sense:
insights about the extent to which stress is a problem for you) were reported by participants in the 3-week field study I describe in that chapter.

Chapter 7

data and self-insight
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However, we have seen in both Chapter 5 and Chapter 6 that evoking
knowledge about stress, in the form of useful, actionable insights, is not
as trivial as it may at first appear. Some people may report insights, but
in many instances, various issues prevent the translation of data into
truly valuable insights. What in the Stage-Based model of Personal Informatics (Li et al., 2010) appears as a single smooth arrow (reflection
→ action), in reality is riddled with pitfalls and barriers. A more accurate representation of the process is perhaps a series of ‘gaps’ between
data on the one hand, and actionable insight on the other hand.

7.3.1

data |

| information

There is a gap between data and actual information. A datapoint with
a value of ‘42’ is not informative in itself, but requires further interpretation: is 42 high, low, normal, good, bad? Numbers are not inherently
meaningful, and as a result, as we have seen in Chapter 5, leave room for
(mis)interpretation. Presenting numbers with a predefined value interpretation (e.g. the label “average stress”, or the color orange, instead of
‘42’) is a commonly used approach, but does not seem to solve the problem: in Chapter 5 we saw that whether data were presented as ‘green’ or
‘red’ did not affect people’s interpretation of them. The trackers used in
the field study utilized similar labeling or color-coding approaches, but
participants still questioned what their data actually meant (Chapter 6).
The essential problem in this appears to be a lack of context. A heart rate
of 90 may be high for one person, but normal for another. An increase
in heart rate may signal stress, but also exercise, excitement, happiness,
fright, or simply waking up, standing up, entering a hot room, or, even
more fundamentally, things other than heart activity interfering with the
sensor reading (movement, poor skin contact). To interpret data on a
meaningful level requires integration of a variety of contextual factors
that vary between as well as within individuals. Such rich contextual
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data, however, are not typically available in current self-tracking systems,
leaving it up to the user to try and contextualize their own data based on
memory or external sources of information (e.g. a calendar). The labeled
or color-coded categories, meanwhile, are not personalized or contextsensitive, and as such often miss the mark, causing further confusion
and frustration.

7.3.2

information |

| self-insight

Especially when subjective experiences are clear and unambiguous (“I
know my stress level was low”), people tend to project what they expect to see onto the feedback they receive. The result is that feedback
is interpreted as confirming what was expected, even if this is not necessarily the case. This aligns with the idea that beliefs of which one is
certain, and which are more strongly linked to one’s self-concept, are
more resistant to outside influences (Pomerantz, Chaiken, & Tordesillas,
1995). When experiences are more ambiguous, the resulting beliefs are
less strong and more likely to budge in the face of outside information.
However, even in cases where prior beliefs leave room for reconsideration

Chapter 7

Information does not necessarily provoke self-insight. The observation
that ‘according to the data, I am ...’ does not equate to ‘I am ...’ unless
the information provided by the data is accepted as truthful, accurate,
and self-relevant. We have seen, both in the lab (Chapter 5) and in the
field (Chapter 6), that feedback about physiological stress is not easily
accepted and likely to be cast aside or reinterpreted if it does not align
with the person’s subjective experience or cannot otherwise be plausibly
explained. This process complicates the extraction of novel insights from
feedback: on the one hand, we hope the data will tell us something new
about ourselves, but on the other hand we are likely to reinterpret or
discard data if they diverge too much from what we believe to be true
about ourselves.
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in light of new information, that information must be deemed sufficiently
credible to be accepted. The data, in this light, are not just ‘objective’,
‘neutral’ information, but a persuasive message. The extent to which
such a persuasive message is accepted may depend on the perceived
‘quality’ of the message (i.e. the plausibility of the data), but also on
the perceived credibility or expertise of the ‘source’ of the message (in
this case, the tracker; Wilson and Sherrell, 1993).

7.4

Toward a new generation of stress tracking systems

In Chapter 2 I argued that we need to understand the underlying process
through which an intervention or technique has an effect in order to
optimize the intervention. Throughout the chapters, it has become clear
that data-driven stress awareness can mean different things: an increased
focus on stress, instigated by (interactions with) data; a more accurate
perception of how stressed one is; or an improved knowledge of how one
is affected by stress, and which factors, in turn, affect stress.
To promote the latter – knowledge about stress – a stress-tracking system
needs to provide stress-related insights. The focus in this case should be
on providing the maximum benefit (i.e., providing understandable, trustworthy, useful insights) for the lowest possible ‘cost’. Cost, as we have
seen in Chapter 6, encompasses matters like the mental effort and time
required to bring, use, charge and otherwise interact with the tracker, the
physical discomfort associated with wearing or carrying a sensor device,
and the frustration associated with usability issues arising in tracker
use. Optimizing the cost-benefit tradeoff would then require, on the
one hand, presenting data in the most accessible way possible, perhaps
providing just-in-time, just-in-place, preformulated insights, and, on the
other hand, reducing user burden by automating all other aspects of
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tracker use as much as possible.

The design of an ‘optimal’ intervention, then, hinges on the variety of
stress awareness one presumes or intends to promote – to such an extent
that different assumptions about underlying processes lead to contradictory requirements for the resulting system. How can we reconcile these
disparate demands? All three aspects of stress awareness appear to be
valuable. The solution perhaps lies in their relative importance over
time. A conscious, deliberate consideration of stress may be especially
desirable in earlier stages of a process of change, but become, to an extent, obsolete as one adopts more stress-resilient habits. An improved
awareness of stress in one’s body may take time and conscious effort
to develop initially, but become more automatic, requiring less feedback
and conscious attention as time progresses. Insights about behavioral
and environmental determinants of stress may prove more valuable later
on, while just-in-time, just-in-place insights about progress and opportunities to adjust behavior are most relevant at an even later stage. The
fact that users in different stages of change require different types of
support has been observed in other domains (Fritz et al., 2014; Gulotta,

Chapter 7

In the case of the other two varieties of stress awareness (stress-consciousnes
and stress self-perception), the value of data lies mainly in its ability to
evoke self-reflection and self-focus. To be effective in this sense, feedback
needs to provoke reflection; as we have seen, the content of the feedback,
and the way it is presented, may be less crucial in this respect – this
in contrast to the case of awareness-as-insight. Instead, a stress tracking system that seeks to promote stress-consciousness and improve stress
self-perception needs to actively engage users, prompting them to think
and reflect. Again in contrast to the previous case, such a system necessarily involves a certain degree of user ‘burden’: the stress-consciousness
and stress self-perception we seek to induce require active involvement
and attention from the user, so user involvement in this case is an asset
rather than a hindrance.
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Forlizzi, Yang, & Newman, 2016), and understanding how different types
of awareness can differentially contribute to a long-term process of behavior change may help prioritize conflicting requirements associated with
these different types of awareness.
A final point that technically falls outside the scope of this thesis, but
nevertheless deserves to be made is that stress awareness, in itself, does
not necessarily reduce stress. In Chapter 2 I identified a number of
types of insight that, based on theory, might aid users in the process
of behavior change, but as we saw in Chapter 6, people may be unsure
how to proceed based on their data: if the tracker data provides the
self-insight that one is stressed, this only serves to highlight the problem
– not to solve it.
Data-driven improvements to stress awareness in its various forms may
help people progress through the stages of change required to eventually
alter their lifestyle for the better; but awareness is only one small step
in this complicated, effortful process. In addition, awareness may, for
many, not even be a bottleneck in this process. Again in Chapter 6,
we have seen that the insights provided by tracker data are often old
news: people are not surprised to learn that they have higher stress
levels while at work, or have high stress levels more generally. Especially
for these people, simply highlighting the gap between the current state
and the desired state does not help to bridge that gap, and may even be
demotivating if the goal is too far away, and/or one feels ill-equiped to
achieve it (Locke & Latham, 2002). As argued in Chapter 1, awareness
is a valuable step in effective stress self-management. It is important
to consider, however, that awareness is just that: one step – and that
support for the steps that come after is needed as well.
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Conclusion

I began this treatise with the question of whether self-tracking of physiological stress can help people become more aware of it. I believe the
verb in that question to be crucial: can self-tracking help? Yes, it can,
in various ways, as shown in the work presented in this thesis. Does
feedback help? Unfortunately, in practice: not always, and certainly
not as much as it might. Nevertheless, the work I have presented here
characterizes and delineates the potential of self-tracking of physiological
stress, forming a basis for future work toward reaching that potential to
truly empowering users in their quest to self-manage stress.

Chapter 7

Self-tracking, by holding up a mirror (or, as it may be, a portrait of
poor likeness), provides opportunities to self-reflect, triggering an increased attention to stress (stress-consciousness) as well as an improved
accuracy in perceiving stress in one’s body (stress self-perception). No
trivial matter, given the wide-spread impact of stress on health and wellbeing, and the inherent difficulty involved in accurately detecting stress
through introspection. In addition, self-tracking holds the potential to
provide self-insight that may otherwise be difficult or impossible to obtain. However, to encourage self-reflection, self-tracking technology must
entice users to engage with the system and with their data beyond the
first wave of gadget-y excitement. In order for this to happen, perceived
benefits of using these technologies must outweigh the cost involved –
which does not currently seem to be the case. As for the potential of
self-tracked data to provide useful insights, this has proven difficult to
exploit: there is a gap between simply having data on the one hand,
and actually obtaining self-insight on the other hand, that current stress
self-tracking systems have yet to bridge.
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Summary
The proliferations of wearable and mobile technologies is facilitating a
self-tracking revolution: everything from sleep to finances, productivity,
location, activity and diet can be, and is being, tracked by an increasing
portion of the population, resulting in what is known as the Quantified
Self. All this data is envisioned as a way to gain valueable self-insight,
which in turn serves as a stepping stone to self-improvement. Tracking
of physiological stress is a relative newcomer in this landscape, but shows
great potential – at least in theory. Stress is a widely held concern. Not
only is stress a dangerous thing – affecting well-being and physical health
– it is doubly dangerous because you may be stressed without knowing it.
Objective data on a person’s stress level would seem beneficial since they
might help a person become aware of harmful stress early on, providing
opportunities for timely intervention.
Through a structured review of relevant literature, I identify different
types of data-driven (self-)insights that may prove useful to people seeking self-improvement, and summarize the evidence that is currently available for the idea that self-tracking data can provide such insights. The
results are fairly limited: little work to date has explicitly examined the
assumption that self-tracking data actually lead to valuable, actionable
insights. In the remainder of this thesis I present a series of empirical
work on this topic, focusing specifically on the question of whether selftracking of physiological stress can help people become more aware of
stress.
In a first laboratory study, I examined to what extent the provision of
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real-time feedback about physiological stress can boost stress awareness.
For this study, I devised a novel operationalization of stress awareness,
based on existing measures of interoceptive awareness: participants were
asked to perform 20 short tasks, and for each task both their physiological stress level and their subjective stress level were recorded. Stress
awareness was defined as the correlation between experienced stress and
objective (physiological) stress. My results show that real-time feedback
about physiological stress can indeed improve stress awareness.
In a follow-up study, the effect of real-time stress feedback on stress
awareness was contrasted with the effect of fake feedback on the same.
The instructions to participants remained the same, but in the former
case they were shown real-time feedback of their measured stress level,
while in the second case the feedback was not based on their data, but
those of another participant. The results indicate that stress awareness
was increased by both fake and real feedback, suggesting that it is not the
data as such that aid stress awareness, but rather the fact that feedback
– any feedback – prompts participants to look inward and become more
sensitive to physiological stress.
A series of two laboratory studies investigated the way people interpret
feedback about their physiological stress level. Here I find that people are
quite biased in their interpretation of physiological feedback, assuming
the data will match their experience of stress even if this is not necessarily the case. In addition, if participants do interpret the data as
contradicting their experience, they tend to distrust that data, deeming
it unreliable. Finally, even if the data contradicts participants’ experience ánd they accept the data, the new information does not seem to be
internalized, and does not affect participants’ experiences later on.
In a field study I explored how the findings from my lab experiments
translate to real-world, longer-term use of realistic stress-tracking systems. Participants were given the opportunity to use stress tracking
systems currently available on the market for three weeks, and recorded
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their experiences as they went along. The results show that although
participants report certain positive outcomes (some specific insights, as
well as a more general stress-awareness), there are many barriers to the
continued use of these systems, most notably that tracking is just not
seen as useful enough. This may be because of a lack of trust in the
reliability of the data, but also because it is hard to understand and
contextualize the data, let alone extract actionable insights.
Overall, my work shows that self-tracking of stress as a means to improve
stress awareness holds promise: the data can provide useful insights,
evoke a more conscious, deliberate approach to stress, and facilitate an
improved ability to accurately detect stress in one’s body. However, a
number of barriers exist that may prevent self-tracking data from having
the desired awareness-inducing effects: for instance, users may not understand their data, and may not trust it to be accurate or self-relevant.
In addition, the specific requirements for a stress self-tracking system
depends on what, exactly, is meant by ‘stress awareness’. I argue that
future stress self-tracking systems would need to not only tackle the
various barriers that users encounter in using the current generation of
such systems, but also be mindful of the different underlying processes
that may lead to stress awareness to fully exploit the potential of stress
self-tracking to empower users in their quest to self-manage stress.
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