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Self-tracking behaviour in physical activity: a systematic review of drivers and
outcomes of fitness tracking
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ABSTRACT
Advances in technologies (e.g. smartphones, wearables) have resulted in the concept of ‘self-
tracking’, and the use of self-tracking technologies in physical activity (i.e. fitness tracking) is on
the rise. For example, many people track and monitor their fitness-related metrics (e.g. steps
walked, distance ran, and calories burned) to change their behaviours or keep themselves active.
Despite the widespread application of self-tracking in fitness, relatively little is known about its
drivers and outcomes. To address this gap, the current paper provides an overview of the
literature (empirical papers) on self-tracking with a focus on the drivers and outcomes of fitness
tracking behaviour and offers four important contributions. First, it identifies 19 drivers of fitness
tracking technology usage. Second, it discusses four main outcomes of fitness tracking
behaviour. Third, by drawing on the existing studies conducted across various fitness tracking
technologies (e.g. fitness trackers, apps) and user groups (e.g. patients, seniors, and females), it
provides valuable insights that can be generalisable to other settings (e.g. other types of users
and fitness tracking products). Finally, the current paper provides important practical
implications and addresses avenues for future research.
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1. Introduction

In recent years, the possibility of keeping records of
everyday life has become remarkably easy (Jarrahi,
Gafinowitz, and Shin 2018). Advances in technologies
(e.g. smartphones, wearables) have made it possible for
people to monitor and track almost every sphere of
their lives (Ajana 2018). From daily activities such as
walking, eating, and sleeping to mood and health, people
now have access to more information about themselves
than ever before (Etkin 2016). This phenomenon is
referred to as self-tracking (or self-quantification) –
using modern technologies to automatically track and
collect personal information in numbers (Ajana 2018),
and self-tracking is now a common practice in the life
of many people (Epstein et al. 2016).

The increasing tendency for individuals to collect per-
sonal data was spotted in 2007, and since then the trend
of self-tracking has grown steadily across the globe (Sjök-
lint, Constantiou, and Trier 2013). As self-tracking
allows individuals to collect data about themselves auto-
matically (or with less effort), it has been utilised in many
different practices, such as fitness, healthcare, and

medical care. Particularly, there has been a growing
interest in the use of self-tracking technologies in phys-
ical activity (e.g. sports), namely fitness tracking, with
an increasing amount of research devoted to the topic
(e.g. Attig and Franke 2019; Canhoto and Arp 2017;
Stiglbauer, Weber, and Batinic 2019). For example, a
number of studies have explored the motivational and
behavioural impacts of fitness tracking (e.g. Butryn
et al. 2016; Pettinico and Milne 2017), while others
have looked at the drivers (e.g. individual differences,
product quality) of fitness tracking technology usage
(e.g. Jarrahi, Gafinowitz, and Shin 2018; Schall Jr,
Sesek, and Cavuoto 2018). Such research demonstrates
various drivers and outcomes of fitness tracking.

Recent work such as that by Kalantari (2017) has pro-
vided a review of the literature on wearable technology
adoption. Although such an investigation suggests sev-
eral important factors (e.g. technology characteristics,
individual characteristics) that can influence wearable
technology usage, the drivers of self-tracking technology
(in this case, fitness tracking technology) usage may not
necessarily be the same, as there are several differences
between wearable technologies and fitness tracking
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technologies. First, wearable technologies are electronic
devices that can be comfortably worn or attached to
the body of individuals (e.g. smartwatch, smart glasses)
(Dehghani 2018), whereas fitness tracking technologies
are devices (or apps) that can track individuals’ physical
functions (e.g. steps, heart rate), such as Fitbit or Run-
keeper (Chuah et al. 2016). Therefore, fitness tracking
devices can be considered as one type of wearables, but
not all wearables have the fitness tracking functionality.
For example, devices such as head-mounted displays
and smart glasses are wearables, but they often do not
have fitness tracking features.

Second, some wearables do more than just fitness
tracking. For example, a smartwatch may allow basic
fitness tracking (e.g. step count), but fitness tracking is
only one of the many features it has (e.g. calling, texting,
gaming, and web browsing). Smartwatches thus are
multi-functional devices going beyond fitness tracking
(Chuah et al. 2016; Dehghani and Dangelico 2018).
This means that people can use wearables for different
purposes than fitness tracking itself. Therefore, although
wearables are an important concept in the investigation
of fitness tracking behaviour, care should be taken in
generalising the findings on wearable technology to the
domain of fitness tracking technology. Notably, the
authors use the term ‘fitness tracker’ or ‘fitness tracking
device’ in this paper instead of the commonly used
term ‘activity tracker’, as not all activities can be con-
sidered as physical activity (e.g. eating, reading, or
sleeping).

Other works such as that by Cheatham et al. (2018)
and that by Almalki, Gray, and Martin-Sanchez (2016)
have reviewed the literature regarding the effect of self-
tracking technologies in medical sector (e.g. effect on
patients’ health condition). However, limited attention
has been paid to the effect of self-tracking, particularly
fitness tracking, on other user outcomes (e.g. motivation,
experience), especially among general population (e.g.
regular users).

To the best of the authors’ knowledge, there has been
no systematic review of the literature on fitness tracking
behaviour. A synthesised summary of the earlier research
thus can provide value for both academics and prac-
titioners, as it would help identify the likely drivers and
outcomes of fitness tracking behaviour. The aim of the
current paper is therefore to provide a comprehensive
review of a diverse range of contemporary literature
that informs our understanding of the drivers and out-
comes of fitness tracking behaviour.

By systemising the findings and conclusions of exist-
ing studies on fitness tracking, the current paper makes
four important contributions. First, the current paper
adds to the literature on self-tracking behaviour by

exploring and summarising the drivers of self-tracking
behaviour in physical activity – fitness tracking. Second,
along with the drivers, the current paper investigates the
potential outcomes of fitness tracking behaviour, and the
inclusion of both drivers and outcomes enables the
development of an integrative framework of fitness
tracking behaviour and suggests directions for future
research. Third, by drawing on the existing studies on
fitness tracking, which have been conducted across var-
ious fitness tracking technologies (e.g. armband, ped-
ometer, and app) and user groups (e.g. patients,
seniors, and students), the current paper provides valu-
able insights that can be generalisable to other settings
(e.g. other types of users and fitness tracking products).
Lastly, the current paper deepens the knowledge
designers require to improve fitness tracking products
and facilitate the use of these technologies (e.g. fitness
trackers) among different individuals. The findings of
the current paper also provide important insights for ser-
vice providers (e.g. gyms, health centres) who are seeking
to improve their users’ task motivation, health, or
activity level in fitness.

The current paper is organised as follows. First, the
authors discuss the research method used for the current
review. Second, they present an overview of the drivers of
fitness tracking technology usage. Third, the outcomes of
fitness tracking behaviour are discussed, along with the
roles of relevant moderating and mediating variables.
Lastly, a summary and suggestions for future research
are provided.

2. Literature review method

2.1. Search strategy

A systematic review of the literature was conducted using
the following method. First, the authors identified two
review questions: (1) what factors drive the use of
fitness tracking technologies? and (2) how fitness track-
ing technologies affect users (e.g. physical and psycho-
logical outcomes)? Then, given these research
questions, the authors used the following search strings
in titles, keywords, and abstracts to search for relevant
literature: ‘self track*’ OR ‘self quantif*’ OR ‘activity
track*’ OR ‘fitness track*’. Other relevant search strings
were also used to optimise the search results, e.g. ‘phys-
ical act*’ OR ‘fit*’ OR ‘act*’; ‘tech*’ OR ‘device*’ OR
‘wearable*” OR ‘pedometer’; ‘experiment*’ OR ‘survey*’
OR ‘interview*’ OR ‘field study*’ OR ‘field test*’ OR
‘trial*’ OR ‘focus group’ OR ‘empiric*’. A filter was
then used to limit the results to only English-language
peer-reviewed journal articles and conference proceed-
ings to safeguard the quality and effectiveness of the
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review. Conference proceedings were included, as there
have not been published many empirical papers answer-
ing the research questions of the current review. In
addition, as the trend of self-tracking emerged in 2007
(Sjöklint, Constantiou, and Trier 2013), the authors
initiated the search from (including) the year 2006. The
search was conducted across five databases: Web of
Science, EBSCO, Science Direct, Springer Link, and Goo-
gle Scholar. The authors further searched the reference
lists of the papers identified in the initial search. The
results of the literature search are outlined in Appendix.

2.2. Inclusion and exclusion criteria

To select appropriate papers for inclusion in the current
review, the authors read titles, abstracts, and findings of
the searched papers and applied a number of inclusion
criteria. First, selected papers had to include empirical evi-
dence related to the drivers or outcomes of self-tracking
behaviour. Second, selected papers had to investigate the
drivers or outcomes of self-tracking behaviour specifically
in the context of physical activity (i.e. fitness tracking).
Lastly, selected papers had to have a clear focus on the
fitness tracking feature of the focal technology or device
(e.g. wearables or personal informatics), rather than
other features such as gamification – a process of imple-
menting game elements (e.g. points, badges, and leader-
boards) (Huotari and Hamari 2017) – or a combination
of different features as a whole. The reason is that with
a multifaceted technology, it is difficult to determine
whether fitness tracking is the specific component contri-
buting to the use of fitness tracking technologies and the
outcomes of fitness tracking.

In this round, exclusion criteria were as follows. First,
the authors eliminated the papers focusing purely on
describing the technical design or usage situation of
fitness tracking technologies (e.g. which function users
like). Second, the authors excluded the papers examining
the reliability and validity of fitness tracking technologies.
Third, they also eliminated the papers that provided lim-
ited evidence when investigating the outcomes of fitness
tracking (e.g. lack of neutral control condition, lack of
baseline measure, or confounded intervention). Lastly,
the authors excluded the studies that implemented non-
automatic tracking (e.g. manual logging of fitness data),
as automatic tracking is one of the most important fea-
tures of modern fitness tracking technologies.

2.3. Selection summary

The initial search produced 143 articles using five data-
bases. Removing the duplicates left 118 papers for the
analysis. After screening based on the literature selection

criteria, a further 50 papers were excluded from the final
synthesis (see Figure 1). By the end of the selection pro-
cess, the authors identified 71 empirical papers as rel-
evant for the current review. This number reflects the
emergent nature of the topic. Of these, 53 were from
peer-reviewed journals and 18 were from conference
proceedings. 35 of the papers investigated the drivers
of fitness tracking technology usage, while 53 papers
examined the outcomes of fitness tracking. The time-
frame of the selected papers ranged across a 13-year
period from 2006 to 2019 (with a peak between 2014
and 2017), covering a variety of fitness tracking technol-
ogies (e.g. Fitbit, Nike +, pedometer, and apps) and user
groups (e.g. patients, seniors, adults, and students). The
majority of the papers investigated American partici-
pants, and the age range of these participants was 16–
80 years. Notably, the process of mapping, consolidating
and evaluating the literature in the selected field was
repeated twice over the period of 6 months (i.e. April
2019 and October in 2019) to improve the overall review
quality.

2.4. Content analysis

After selecting the papers, the authors conducted a
descriptive evaluation of the body of literature followed
by a content analysis. First, the authors extracted critical
information from each paper, such as author, journal,
key constructs, methodological features, and findings.
Then, the identified information was organised and
stored in an excel file for further in-depth analysis. For
example, each record in this file provides a detailed sum-
mary of each paper regarding its scope, main idea,
empirical approach, and key findings etc. In addition,
main constructs investigated in these papers are listed
one by one for each paper with corresponding signifi-
cance of their effects. Notably, constructs included in
this list were based on the explicit empirical findings
from the previous research rather than the authors’
own subjective interpretations or assumptions to safe-
guard the reliability and validity of the current review.

This approach allowed the authors to have a clear
understanding of the existing research (e.g. what has
been done and what has been found) and served as a
basis for developing a framework through which the
authors summarised the main constructs identified in
the extant literature (see Figure 2). To provide a
simple-to-read framework, the authors classified the
constructs into two main categories – drivers and out-
comes of fitness tracking behaviour. Then, the drivers
were divided into four groups by using the classification
scheme implemented by Kalantari (2017), while the out-
comes were divided into four groups based on the main
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areas of fitness tracking use identified in the literature.
The provided framework represents a condensed over-
view of previous research (e.g. synthesising and refining
scattered knowledge), which illustrates various factors
that can influence users’ decision to use fitness tracking
technologies and the outcomes of using these technol-
ogies. Such a conceptual framework provides a state of
the art background for future studies (e.g. by identifying
research gaps or inspiring new ideas) and can facilitate
subsequent research to confirm, reject, and complement
the previous findings.

3. Drivers of fitness tracking

In this section, the authors provide an overview of the 19
drivers of fitness tracking technology usage identified in
the literature. The authors classify these drivers into four
different categories: user characteristics, device charac-
teristics, perceived benefits/risks, and external drivers.
The implemented classification scheme and terminolo-
gies are inspired by the comprehensive review of wear-
able technology adoption from Kalantari (2017). Table
1 summarises the 35 empirical papers that investigated
the drivers of fitness tracking.

Figure 1. Summary of the systematic review research process.

Task motivation

Task experience

Physical activity level

Figure 2. Conceptual framework of the current review.
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3.1. User characteristics

3.1.1. Age
Not all individuals exhibit the same tendency for the use
of innovative technologies (Kalantari 2017). Prior
research has identified age as an influential factor for
the use of fitness tracking technologies. For example,
Rupp et al. (2018) have found that age influences the
desire to use fitness trackers. Their results indicate that
older people are less likely to use fitness tracking technol-
ogies, as they have low perceived usability (e.g. easy to
use, comfort) of such technologies. Wiesner et al.
(2018) also have found that younger and middle-aged
runners (e.g. 16–49 years) are more likely to use fitness
tracking devices than runners in older age groups (e.g.
50 years or above) in Germany.

3.1.2. Personality traits
Personality traits are another group of variables that can
influence the use of fitness tracking technologies.
According to Rupp et al. (2018), certain personality traits
(i.e. agreeableness, conscientiousness, and extraversion)
can affect individuals’ desire to use fitness trackers by
influencing their perceived device usability and motiva-
tional affordances such as autonomy (e.g. need to be in
control), competence (e.g. need for challenge), and relat-
edness (e.g. need to feel connected to others) need satis-
faction. For example, extraverted individuals have high
intention to use fitness trackers, as they perceive these
devices as highly usable and motivating, and conscien-
tious or agreeable individuals also have high intention
to use fitness trackers, as they find these devices provid-
ing high motivational affordances. On the other hand,

Attig and Franke (2019) did not find a significant direct
effect of the Big Five personality traits (e.g. extraversion,
conscientiousness, agreeableness, and neuroticism) on
individuals’ motivation to use fitness trackers. These
findings indicate an indirect effect of personality traits
on fitness tracking technology usage.

3.1.3. Technology affinity/self-efficacy
Previous research has identified individuals’ affinity and
self-efficacy in technology as important drivers of fitness
tracking technology usage (e.g. Attig and Franke 2019;
Gao, Li, and Luo 2015; Rupp et al. 2018). For example,
affinity for technology – the tendency of an individual
to actively explore (new) technologies – is positively
related to an individual’s motivation to use a fitness
tracker (Attig and Franke 2019). Studies on technology
self-efficacy also have confirmed the positive relationship
between technology self-efficacy – an individual’s judge-
ment of his or her capability to use a technology to attain
desired performance, rather than the actual skills that
one has (Kalantari 2017) – and fitness tracker usage
(Gao, Li, and Luo 2015; Rupp et al. 2018).

3.1.4. Desire for information
Hope of success and need for cognitive closure address
individuals’ desire for information (e.g. feedback). For
example, individuals with high hope of success would
appreciate information about their task performance,
as they believe that they can succeed in the task (Schüler
2007). Individuals with high need for cognitive closure
would want to receive information (e.g. clear-cut
answers) due to their desire to avoid ambiguous situ-
ations (Webster and Kruglanski 1994). Both hope of suc-
cess and need for cognitive closure are found to be
positively associated with individuals’ motivation to use
fitness trackers (Attig and Franke 2019). Pingo and
Narayan (2019) also have found that desire for seeking
health information is the driver for individuals’ use
of fitness tracking devices.

3.1.5. Personal involvement
Another user characteristic considered as an important
driver of the use of fitness tracking technologies is per-
sonal involvement. Personal involvement refers to the
inherent interest an individual has in a product, which
depends on how much one perceives the product to be
personally relevant (Kalantari 2017). Several researchers
have found that lack of interest in fitness trackers is the
reason why people are not purchasing them (e.g. Choe
et al. 2014; Mercer et al. 2016). In addition, low personal
involvement (e.g. low attachment to a fitness tracker)
would even make users abandon a fitness tracker (Claw-
son et al. 2015; Jarrahi, Gafinowitz, and Shin 2018). On

Table 1. Overview of the drivers of fitness tracking identified in
the literature.

Variable/construct studied Frequency %

User characteristics Age 2 5.71
Personality trait 2 5.71
Technology affinity/self-
efficacy

4 11.43

Desire for information 2 5.71
Personal involvement 10 28.57
Current individual status 13 37.14

Device characteristics Device quality 12 34.29
Data quality 8 22.86
Device attractiveness 9 25.71
Device novelty 4 11.43
Device functionality 6 17.14

Perceived benefits/
risks

Perceived ease of use 15 42.86

Perceived usefulness 15 42.86
Perceived enjoyment 4 11.43
Perceived device value 7 20.00
Perceived risk 8 22.86

External drivers Social influence 14 40.00
Financial incentive 2 5.71
Special situation 6 17.14

Unique No. of papers 35 100.00
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the other hand, people are more likely to use fitness
trackers (e.g. Fitbit) when they have a general interest
in the technology or are curious about the technology
and personal data (Canhoto and Arp 2017; Harrison
et al. 2015; Jarrahi, Gafinowitz, and Shin 2018; Lazar
et al. 2015; Shin, Cheon, and Jarrahi 2015; Whooley, Plo-
derer, and Gray 2014).

3.1.6. Current individual status (goal, motivation,
and activity level)
Prior research has found that people are more likely to
use or purchase a fitness tracker (e.g. Fitbit, Jawbone
Up, and Nike +) when they have specific goals in
mind, such as health goals, exercise goals, or self-
improvement goals (e.g. Canhoto and Arp 2017; R. C.-
S. Chang et al. 2016; Choe et al. 2014; Karapanos et al.
2016; Whooley, Ploderer, and Gray 2014). For example,
people are more likely to use a fitness tracker when they
have a goal or relatively strong motivation to become
more active (Harrison et al. 2015; Jarrahi, Gafinowitz,
and Shin 2018). Individual motivation thus is an impor-
tant driver of fitness tracker usage, and people would not
use such a device when they have no need for it (J. Kim
2014; Seiler and Hüttermann 2015) or are already
strongly motivated to maintain their physical activities
(Jarrahi, Gafinowitz, and Shin 2018). However, failing
to meet goals may at the same time produce feelings of
discouragement and guilt in some individuals, which
can cause them to stop using fitness trackers (Razon
et al. 2019). Another factor that is related to individual
status is one’s current activity level. According to Rupp
et al. (2018), individuals who are more physically active
have higher desire to use a fitness tracker, as they are
more likely to find such a device motivating. On the con-
trary, people are more likely to abandon the device when
they become physically inactive for a long time (e.g.
being busy; Coskun 2019). (Table 2).

3.2. Device characteristics

3.2.1. Device quality
Like most products, product quality plays an important
role in driving the use of fitness tracking technologies.
Previous research has confirmed the importance of
device quality (e.g. battery durability, sensor durability,
or comfort) in facilitating the use of fitness trackers
(e.g. Coorevits and Coenen 2016; Gao, Li, and Luo
2015; Harrison et al. 2015; Kalantari 2017; J. Kim 2014;
Schall Jr, Sesek, and Cavuoto 2018). For example, people
do not use a fitness tracker that has insufficient quality
(Seiler and Hüttermann 2015), and they will abandon
the device when it has technical problems (e.g. error),
high frequency of maintenance, or is uncomfortable to

wear (Clawson et al. 2015; Lazar et al. 2015; Shih et al.
2015).

3.2.2. Data quality
Another important aspect of fitness tracking technol-
ogies, which can influence their usage, is the quality of
collected personal data (e.g. accuracy, reliability). Prior
research has shown that users abandon fitness trackers
because of the poor data accuracy and reliability (e.g.
Coorevits and Coenen 2016; Epstein et al. 2016; Harrison
et al. 2015; Shih et al. 2015). The quality of data offered
by fitness trackers (e.g. Fitbit) matters, because users
want to ensure that the collected data effectively and pre-
cisely represent their personal and health-related concerns
(Jarrahi, Gafinowitz, and Shin 2018). Preusse et al. (2017)
also have found that inaccurate data decreases perceived
usefulness of fitness trackers and thus is one of the main
barriers to the use of fitness trackers.

3.2.3. Device attractiveness
Many researchers have found device attractiveness to be
an important driver of fitness tracking technology usage.
Device attractiveness refers to the aesthetic design of a pro-
duct, such as shapes, colours, materials, and user interfaces
(Yang et al. 2016). Prior research has found that people are
influenced by the design, style, and appearance (e.g. look
and feel) of fitness trackers when making decisions to use
these devices (e.g. Canhoto and Arp 2017; R. C.-S. Chang
et al. 2016; Coorevits and Coenen 2016; Karapanos et al.
2016; J. Kim 2014). People thus would not use a fitness
tracker when the device does not look good aesthetically
(Harrison et al. 2015; Shih et al. 2015).

3.2.4. Device novelty
Device novelty, defined as the newness of a technology or
design (Tatikonda and Rosenthal 2000), has also been
found to be a compelling motivator for people to use
fitness trackers (J. Kim 2014; Lazar et al. 2015). For
example, users tend to abandon fitness trackers when
the novelty of such devices wears off (Jarrahi, Gafinowitz,
and Shin 2018) or when they feel that the device does not
provide new information anymore (Epstein et al. 2016).

3.2.5. Device functionality
Other device related factors that have been identified as
important for the use offitness trackers are persuasiveness
(e.g. effective nudging), customisability (e.g. personalisa-
tion), tracking ability (e.g. number of functionalities),
and distraction from the focal activity (Coorevits and
Coenen 2016; J. Kim 2014; Randriambelonoro, Chen,
and Pu 2017; Shih et al. 2015). For example, Coskun
(2019) has found that people expect fitness trackers to
monitor personally favoured activities. (Table 3).
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3.3. Perceived benefits/risks

3.3.1. Perceived ease of use
The effect of perceived ease of use (PEOU) on behav-
ioural intention to use fitness tracking technologies has
been widely studied and confirmed in the literature.
PEOU is defined as the degree to which an individual
believes that using a particular product would be free
of effort (Kalantari 2017). Prior research has found that
PEOU (e.g. automatic tracking) has a positive impact
on the use of fitness trackers (e.g. Coorevits and Coenen
2016; Gao, Li, and Luo 2015; J. Kim 2014; McMahon
et al. 2016; Mercer et al. 2016; Preusse et al. 2014; Preusse
et al. 2017). For example, an easy access to personal data
is an important driving force of fitness tracker usage
(Canhoto and Arp 2017; Jarrahi, Gafinowitz, and Shin
2018). On the contrary, users would abandon fitness
trackers (e.g. Fitbit One) when they cannot comfortably
interact with the device (e.g. complex device, lack of
expertise to interpret the data) (Clawson et al. 2015;
Lazar et al. 2015; Randriambelonoro, Chen, and Pu
2017; Seiler and Hüttermann 2015). Notably, users will
find fitness trackers easy to use if they have an opportu-
nity to try them or observe them being used in their sur-
roundings (Naglis and Bhatiasevi 2019).

3.3.2. Perceived usefulness
Similar to PEOU, perceived usefulness (PU) also exerts a
significant effect on behavioural intention to use fitness
tracking technologies. PU is defined as the degree to
which an individual believes that using a particular

product would enhance his or her performance (Kalan-
tari 2017). Prior research has confirmed the positive
effect of PU (e.g. viewing progress over time) on the
use of fitness trackers (e.g. J. Kim 2014; McMahon
et al. 2016; Mercer et al. 2016; Preusse et al. 2014,
2017). For example, Rupp et al. (2018) have found that
device usability is positively associated with the intention
to use a fitness tracker. On the other hand, people show
low interest in using fitness trackers when the utility of
the device is perceived as insufficient (e.g. feel no need
for the information, low expectancy on the device’s per-
formance) or when the device does not deliver what is
expected (Clawson et al. 2015; Gao, Li, and Luo 2015;
Lazar et al. 2015; Seiler and Hüttermann 2015). Abou-
zahra and Ghasemaghaei (2020) also have found that
senior people would stop using the device unless it
confirms their expectations (e.g. provide useful data,
increase activity level).

3.3.3. Perceived enjoyment
Perceived enjoyment is defined as the extent to which the
activity of using a specific technology is perceived to be
enjoyable in its own right, aside from any performance
consequences of using such a technology (Kalantari
2017). Prior research has identified perceived enjoyment
(or playfulness) as a powerful predictor of the use of
fitness tracking technologies (e.g. Randriambelonoro,
Chen, and Pu 2017; Rheingans, Cikit, and Ernst 2016).
The pleasure or enjoyment derived from using a fitness
tracker affects individuals’ intention to use the device,

Table 2. Overview of the papers studying user characteristics.

Study

User characteristics

Age
Personality

trait
Technology affinity/self-

efficacy
Desire for
information

Personal
involvement

Current individual
status

Abouzahra and Ghasemaghaei
(2020)

√ √

Attig and Franke (2019) (√) √ √
Coskun (2019) √
Pingo and Narayan (2019) √
Jarrahi, Gafinowitz, and Shin
(2018)

√ √

Rupp et al. (2018) √ √ √ √
Wiesner et al. (2018) √ √ √
Canhoto and Arp (2017) √ √
R. C.-S. Chang et al. (2016) √
Karapanos et al. (2016) √
Mercer et al. (2016) √
Clawson et al. (2015) √
Gao, Li, and Luo (2015) √
Harrison et al. (2015) √ √
Lazar et al. (2015) √
Seiler and Hüttermann (2015) √
Shin, Cheon, and Jarrahi (2015) √
Choe et al. (2014) √ √
J. Kim (2014) √
Whooley, Ploderer, and Gray
(2014)

√ √

Note: √: studied and found a significant effect; (√): studied but did not find a significant effect.
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suggesting that people pay attention to the pleasure-
bringing aspects of fitness tracking technologies when
deciding whether or not to use them (Gao, Li, and Luo
2015; Gimpel, Nißen, and Görlitz 2013).

3.3.4. Perceived device value
Perceived value refers to an individual’s overall assess-
ment of the utility of a product based on the perception
of what is received (e.g. benefits) and what is given (e.g.
costs) (Kalantari 2017). In the literature, perceived value
(e.g. benefits minus costs) has been proven to drive the
favourable intention to use fitness trackers (e.g. Canhoto
and Arp 2017; Clawson et al. 2015; Schall Jr, Sesek, and
Cavuoto 2018). For example, Gualtieri, Rosenbluth, and
Phillips (2016) have found that perceived value of a
fitness tracker is positively related to its acceptability or
usage. Other studies have incorporated the cost construct
(e.g. user effort) in their investigation and have shown a
negative effect of costs on individuals’ decision to use
fitness trackers (Epstein et al. 2016; Gualtieri, Rosen-
bluth, and Phillips 2016; Mercer et al. 2016).

3.3.5. Perceived risk
Perceived risk is defined as an individual’s uncertainty
about the potential positive and negative consequences
of his or her purchase decision (Kalantari 2017). The lit-
erature on fitness tracking technology usage extensively
discusses privacy concerns, and privacy risk has been
identified as an important barrier to the use of fitness
tracking technologies. Privacy risk in fitness tracking
emphasises the extent to which a person believes that
using a fitness tracker has negative consequences for
his or her privacy (e.g. loss of control over personal

information) (Rheingans, Cikit, and Ernst 2016). Pre-
vious research has found that privacy is one of the
most frequently mentioned concerns regarding the use
of fitness trackers (e.g. R. C.-S. Chang et al. 2016; Ran-
driambelonoro, Chen, and Pu 2017; Schall Jr, Sesek,
and Cavuoto 2018). Epstein et al. (2016) and Gao, Li,
and Luo (2015) also have suggested that perceived priv-
acy risk negatively affects individuals’ intention to use
fitness trackers. However, Rheingans, Cikit, and Ernst
(2016) did not find a significant impact of perceived priv-
acy risk on the intention to use fitness trackers among
young population (average age of 26). Thus, there is a
need for further research to investigate the potential
moderating role of age on the relationship between per-
ceived privacy risk and fitness tracking technology usage.
(Table 4).

3.4. External drivers

3.4.1. Social influences
Prior research has found that social influences (e.g. social
expectation, social support, social connection, word-of-
mouth, or social media) can affect fitness tracker usage
(e.g. Canhoto and Arp 2017; R. C.-S. Chang et al. 2016;
Gao, Li, and Luo 2015; Seiler and Hüttermann 2015;
Yang et al. 2016). A number of researchers have also
confirmed that social comparison (e.g. competition) is
an important factor that affects the use of fitness trackers
(e.g. Coorevits and Coenen 2016; Gimpel, Nißen, and
Görlitz 2013; Harrison et al. 2015; J. Kim 2014). For
example, users would abandon fitness trackers when
the device does not support their desire to compete
with their friends (Clawson et al. 2015; Shih et al.

Table 3. Overview of the papers studying device characteristics.

Study

Device characteristics

Device quality Data quality Device attractiveness Device novelty Device functionality

Abouzahra and Ghasemaghaei (2020) √
Coskun (2019) √ √ √ √ √
Jarrahi, Gafinowitz, and Shin (2018) √ √
Schall Jr, Sesek, and Cavuoto (2018) √
Canhoto and Arp (2017) √
Maher et al. (2017) √ √ √
Preusse et al. (2017) √
Puri et al. (2017) √ √
Randriambelonoro, Chen, and Pu (2017) √
R. C.-S. Chang et al. (2016) √
Coorevits and Coenen (2016) √ √ √ √
Epstein et al. (2016) √
Karapanos et al. (2016) √
Clawson et al. (2015) √
Gao, Li, and Luo (2015) √
Harrison et al. (2015) √ √ √
Lazar et al. (2015) √ √
Seiler and Hüttermann (2015) √
Shih et al. (2015) √ √ √ √
J. Kim (2014) √ √ √
Note: √: studied and found a significant effect; (√): studied but did not find a significant effect.
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2015). These findings indicate that users wish to see bet-
ter support for sharing and comparing their fitness data
with their friends.

3.4.2. Financial incentives
Another external driver identified in the literature is
financial incentive. For example, financial incentives or
rewards such as discounts on insurance, rebates on
fitness club membership, or employee subsidies can
help facilitate the use of fitness trackers (Canhoto and
Arp 2017; Seiler and Hüttermann 2015).

3.4.3. Special situations
In addition to the aforementioned factors, researchers
have identified some special situations that can influence
the use of fitness tracking technologies, which include aller-
gic reactions, availability of alternative devices, owning a
similar device, forgetting to wear or losing a device, or
changes in life circumstances (e.g. injury, health status, or
job), etc. These situations can all lead to abandoning of
fitness trackers (Clawson et al. 2015; Coorevits and Coenen
2016; Epstein et al. 2016; Gualtieri, Rosenbluth, and Phillips
2016; Harrison et al. 2015; Shih et al. 2015). (Table 5).

4. Findings: outcomes of fitness tracking

In this section, the authors discuss the outcomes of
fitness tracking identified by reviewing the literature on
fitness tracking behaviour. The main outcome variables
identified are task motivation, task experience, physical
activity, and well-being/health. The authors also discuss
the possible moderators (e.g. boundary conditions) and
mediators (e.g. process evidence) in relation to the
effects of fitness tracking on its outcomes. Table 6 sum-
marises the 53 empirical papers that investigated the out-
comes of fitness tracking.

4.1. Task motivation

The relationship between fitness tracking and task
motivation is demonstrated in the previous research,
which has shown that fitness tracking has a positive
impact on users’ motivation to be physically active (e.g.
Butryn et al. 2016; Consolvo et al. 2006; Fritz et al.
2014; Mauriello, Gubbels, and Froehlich 2014; Preusse
et al. 2017; Randriambelonoro, Chen, and Pu 2017).
For example, Pettinico and Milne (2017) have found
that fitness trackers increase users’ anticipated motiv-
ation – an individual’s self-described expected level of
motivation when presented with a goal – for physical
activity, while Attig and Franke (2019) have shown
that motivation for physical activity decreases when
fitness trackers are not available for users (e.g., forget

to wear, no batteries). Maitland et al. (2006) also
have found that fitness tracking apps (with information
sharing feature) lead to increased motivation for physical
activities (e.g. walking). Notably, the majority of the pre-
vious studies have examined and confirmed the positive
effect of fitness trackers on task motivation in goal-
directed activities (e.g. specific activity goal is given)
(e.g. Asimakopoulos, Asimakopoulos, and Spillers
2017; Casey et al. 2014; Jarrahi, Gafinowitz, and Shin
2018), while limited research has investigated the
relationship when there is no specific goal given to
users. In real life, people may not always have a specific
goal in mind when using fitness trackers (e.g. one may
just want to know his or her activity level). Therefore,
it will be interesting to examine whether the identified
relationship between fitness tracking and task motivation
will hold in such a situation.

4.2. Task experience

There has been no consensus in the literature about the
impact of fitness tracking technologies on users’ task
experience. On the one hand, a number of studies have
suggested a positive effect of fitness tracking on enjoy-
ment (e.g. fun) in physical activities (e.g. Asimakopoulos,
Asimakopoulos, and Spillers 2017; Canhoto and Arp
2017; Mauriello, Gubbels, and Froehlich 2014). For
example, Maitland et al. (2006) have shown that people
find it fun to use fitness tracking apps (e.g. information
sharing, competing), and they would enjoy an activity
less if it is not being tracked (e.g. forget to wear the device)
(Fritz et al. 2014). On the other hand, Etkin (2016)
has found that fitness trackers (i.e. pedometer) reduce
task enjoyment by making the task feel more work-like.
Future research may further investigate such a contradic-
tory effect of fitness tracking on users’ task experience.

4.3. Physical activity level

Prior research has confirmed the effectiveness of fitness
tracking technologies in increasing users’ physical
activity level (e.g. Cadmus-Bertram et al. 2015; Consolvo
et al. 2006; Etkin 2016; Fritz et al. 2014; Maitland et al.
2006; Randriambelonoro, Chen, and Pu 2017). For
example, using fitness trackers (e.g. Fitbit, pedometer)
can increase the level of moderate-to-vigorous activities
(Butryn et al. 2016; Jakicic et al. 2016; Pellegrini et al.
2012; Vallance et al. 2007) and goal directed activities
(Croteau et al. 2007; Glynn et al. 2014; Jarrahi, Gafino-
witz, and Shin 2018; Kolt et al. 2012; Polzien et al.
2007). Giddens, Leidner, and Gonzalez (2017) also
have found that extended use of a fitness tracker – the
number of features a user employs in addition to step
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counting (e.g. stair counting, workout tracking, goal set-
ting, or social features) – has a positive impact on phys-
ical activity level.

4.4. Well-being/health

Many researchers have investigated the effect of fitness
tracking technologies on users’ well-being/health. Prior

research has found that fitness trackers have a positive
impact on perceived well-being (e.g. positive emotions,
sense of accomplishment, or quality of life) and physical
health (e.g. Asimakopoulos, Asimakopoulos, and Spillers
2017; Giddens, Leidner, and Gonzalez 2017; Randriambe-
lonoro, Chen, and Pu 2017; Stiglbauer, Weber, and Batinic
2019; Vallance et al. 2007). For example, the use of fitness
trackers is an effective way to increase weight loss (Butryn
et al. 2016; Fritz et al. 2014; Pellegrini et al. 2012; Polzien
et al. 2007; Shuger et al. 2011) and reduce blood pressure
(Kolt et al. 2012). However, Etkin (2016) has found a
negative impact of fitness trackers on subjective well-
being (e.g. happiness and satisfaction). Therefore, the
effect of fitness tracking technologies on users’ well-
being needs further investigation.

4.5. Moderators for the relationship between
fitness tracking and its outcomes

According to the previous research, the positive effect of
fitness trackers on task motivation is stronger for an

Table 4. Overview of the papers studying perceived benefits/risks.

Study

Perceived benefits/risks

Perceived ease of use Perceived usefulness Perceived enjoyment Perceived device value Perceived risk

Coskun (2019) √
Naglis and Bhatiasevi (2019) √ √ √
Razon et al. (2019) √
Jarrahi, Gafinowitz, and Shin (2018) √
Rupp et al. (2018) √
Schall Jr, Sesek, and Cavuoto (2018) √ √
Wiesner et al. (2018) √
Canhoto and Arp (2017) √ √
Maher et al. (2017) √
Preusse et al. (2017) √
Puri et al. (2017) √ √ √ √
Randriambelonoro, Chen, and Pu (2017) √ √ √ √
R. C.-S. Chang et al. (2016) √
Coorevits and Coenen (2016) √
Epstein et al. (2016) √ √
Gualtieri, Rosenbluth, and Phillips (2016) √
McMahon et al. (2016) √ √
Mercer et al. (2016) √ √ √
Rheingans, Cikit, and Ernst (2016) √ (√)
Clawson et al. (2015) √ √ √
Gao, Li, and Luo (2015) √ √ √
Lazar et al. (2015) √ √
Seiler and Hüttermann (2015) √ √
J. Kim (2014) √ √
Preusse et al. (2014) √ √
Gimpel, Nißen, and Görlitz (2013) √
Note: √: studied and found a significant effect; (√): studied but did not find a significant effect.

Table 5. Overview of the papers studying external drivers.

Study

External drivers

Social
influence

Financial
incentive

Special
situation

Abouzahra and
Ghasemaghaei (2020)

√

Wiesner et al. (2018) √
Canhoto and Arp (2017) √ √
Maher et al. (2017) √
Puri et al. (2017) √
R. C.-S. Chang et al. (2016) √
Coorevits and Coenen (2016) √ √
Epstein et al. (2016) √
Gualtieri, Rosenbluth, and
Phillips (2016)

√

Clawson et al. (2015) √ √
Gao, Li, and Luo (2015) √
Harrison et al. (2015) √ √
Seiler and Hüttermann
(2015)

√ √

Shih et al. (2015) √ √
J. Kim (2014) √
Gimpel, Nißen, and Görlitz
(2013)

√

Note:√: studied and found a significant effect; (√): studied but did not find
a significant effect.

Table 6. Overview of the outcomes of fitness tracking identified
in the literature.
Variable/construct studied Frequency %

Task motivation 22 41.51
Task experience 9 16.98
Physical activity level 36 67.92
Well-being/health 19 35.85
Unique No. of papers 53 100.00
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individual who has pre-existing motivation to be more
active or who is under the age of 50 (Jarrahi, Gafinowitz,
and Shin 2018; Pettinico and Milne 2017). On the other
hand, the positive impact of fitness trackers on task
motivation can be diminished in situations when, for
example, people are too busy to exercise, poor at self-
management, find exercise boring, have high fear of
injury, and lack skills or support (e.g. encouragement
or companionship) from family and friends and so on
(R. C.-S. Chang et al. 2016). In situations when fitness
trackers are not available (e.g. forget to wear), motivation
for physical activity deceases more for individuals with
high extrinsic motivation (e.g. to be fitter, to look
good, or to lose weight), high need for cognitive closure
(e.g. avoid ambiguous situations), and low hope of suc-
cess (e.g. low approach tendency) (Attig and Franke
2019).

Regarding the effect of fitness trackers on physical
activity level, a stronger positive effect will occur when
a fitness tracker is accompanied with a feature of social
sharing/social competition, Social Network Services
(e.g. Facebook, Twitter), or an individual’s pre-existing
motivation to be active (R. C.-S. Chang et al. 2016; Jar-
rahi, Gafinowitz, and Shin 2018; Zhu et al. 2017). In
addition, to improve the activity level of currently inac-
tive (or insufficiently active) older people, it is more
effective to partner fitness trackers with individually
matched motivational messages (e.g. communicating
benefits of regular physical activity) than simply provid-
ing fitness trackers (Strath et al. 2011).

Moreover, there is a stronger positive effect of fitness
tracker usage on perceived physical health and psycho-
logical well-being (e.g. positive emotion, experienced
meaningfulness of life, and sense of accomplishment)
when fitness trackers are accompanied with mobile
applications (Stiglbauer, Weber, and Batinic 2019).

4.6. Mediators for the relationship between
fitness tracking and its outcomes

Prior research has found that fitness trackers can
increase individuals’ self-awareness (e.g. task progress,
activity level, or value of activity), which in turn posi-
tively affects their task motivation (e.g. Casey et al.
2014; Fritz et al. 2014; Jarrahi, Gafinowitz, and Shin
2018; Mauriello, Gubbels, and Froehlich 2014; Preusse
et al. 2017; Randriambelonoro, Chen, and Pu 2017). Fit-
ness trackers can also increase task motivation by sup-
porting users’ self-efficacy (Casey et al. 2014; Fritz et al.
2014; Gualtieri, Rosenbluth, and Phillips 2016) or basic
psychological needs (i.e. autonomy, competence, and
relatedness) (Asimakopoulos, Asimakopoulos, and Spil-
lers 2017; Butryn et al. 2016). In addition, according to

Pettinico and Milne (2017), the effect of fitness trackers
on anticipated task motivation is serially mediated by
the perceived feedback meaningfulness (e.g. informa-
tive), the self-empowerment (e.g. higher sense of per-
sonal control), and the goal focus. Casey et al. (2014)
also have suggested that fitness trackers increase goal
focus and sense of personal control over the activity.

In terms of task experience, Karapanos et al. (2016)
have found that fitness tracking is positively associated
with pleasure by enhancing users’ feelings of autonomy,
competence and relatedness, whereas Etkin (2016)
has shown that fitness tracker usage reduces task enjoy-
ment by making the task feel more work-like. Future
studies can explore under which conditions these two
different processes would occur. (Table 7).

5. Avenues for future research

Based on the current review, the authors suggest the fol-
lowing avenues for future research. First, previous
studies have mainly used surveys (17 out of 35 studies)
and interviews (17 out of 35 studies) for the investigation
of the drivers of fitness tracking behaviour, which may
provide limited insight into the causal relationships
between variables. Future research can employ other
research methods (e.g. experiment) to directly test the
causal link between fitness tracking technology usage
and its drivers (e.g. perceived benefits) and provide
explanations for the corresponding causal mechanisms.
It will also be interesting to investigate the relative
importance or weight of each driver in determining
fitness tracking technology usage, along with the poten-
tial synergy effects of the different combinations of the
drivers.

Second, a closer look at the literature on fitness track-
ing behaviour reveals the lack of research investigating
the antecedents of the drivers of fitness tracking technol-
ogy usage. For example, how marketers can increase
users’ perceived benefits (e.g. value, usefulness) of
fitness tracking technologies, which can in turn influence
the use of fitness tracking technologies? Previous
research has shown that situational or contextual factors
(e.g. need state, mood, product information, or product
labelling) can influence one’s value perception (e.g.
Briers et al. 2006; T.-Z. Chang and Wildt 1994; Curren
and Harich 1994; Han, Chung, and Sohn 2018). Future
research endeavours thus can focus on exploring situa-
tional factors (e.g. emotion) that can lead to fitness track-
ing technology usage by influencing its drivers identified
in the current review.

Third, the extant research that examined the effect of
fitness tracking technologies on various user outcomes
(e.g. motivation, experience, and well-being) has shown
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several methodological limitations. For example, few
studies incorporated a strict control condition (e.g. no
intervention) in their intervention designs, which can
be directly compared to the treatment condition (e.g.

use of a fitness tracker). The majority of the prior studies
also did not control for the potential confounding factors
in their interventions, such as goal setting, social sharing,
extra communication (e.g. messages, meetings, and

Table 7. Overview of the papers studying outcomes of fitness tracking.

Study

Outcomes

Moderator

Mediator

Task
motivation

Task
experience

Physical
activity level

Well-being/
health

Self-
awareness

Psychological
needs Others

Abouzahra and Ghasemaghaei
(2020)

√

Coskun (2019) √
Kinney et al. (2019) √
Razon et al. (2019) √ √
Singh et al. (2020) √
Stiglbauer, Weber, and Batinic
(2019)

√ √

Attig and Franke (2019) √ √
Hartman, Nelson, and Weiner
(2018)

√

Jarrahi, Gafinowitz, and Shin (2018) √ √ √ √
Kim et al. (2018) (√)
Van der Walt et al. (2018) √
Vandelanotte et al. (2018) √
Asimakopoulos, Asimakopoulos,
and Spillers (2017)

√ √ √ √

Canhoto and Arp (2017) √
Giddens, Leidner, and Gonzalez
(2017)

√ √

Le et al. (2017) (√)
Maher et al. (2017) √ √ √
Pettinico and Milne (2017) √ √ √
Preusse et al. (2017) √ √
Randriambelonoro, Chen, and Pu
(2017)

√ √ √ √

Zhu et al. (2017) √
Butryn et al. (2016) √ √ √ √
R. C.-S. Chang et al. (2016) √ √
Etkin (2016) √ √ √ √
Gualtieri, Rosenbluth, and Phillips
(2016)

√ √ √ √

Jakicic et al. (2016) √
Karapanos et al. (2016) √ √ √
Mercer et al. (2016) √ √
Cadmus-Bertram et al. (2015) √
Lazar et al. (2015) √ √
Miyazaki et al. (2015) √ √
Naslund et al. (2015) √ √ √
Randriambelonoro et al. (2015) √ √
Seiler and Hüttermann (2015) √
Shin, Cheon, and Jarrahi (2015) √
Shih et al. (2015) √ √ √
Casey et al. (2014) √ √ √ √
Fritz et al. (2014) √ √ √ √ √ √
Glynn et al. (2014) √
Mauriello, Gubbels, and Froehlich
(2014)

√ √ √

Thompson et al. (2014) (√) (√)
Allen et al. (2013) (√) √
Kolt et al. (2012) √ √
Pellegrini et al. (2012) √ √
Shuger et al. (2011) √
Strath et al. (2011) √
Jones et al. (2009) √ √
Croteau et al. (2007) √
Polzien et al. (2007) √ √
Vallance et al. (2007) √ √
Aittasalo et al. (2006) √
Consolvo et al. (2006) √ √
Maitland et al. (2006) √ √ √
Note: √: studied and found a significant effect; (√): studied but did not find a significant effect.
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counseling), or other features (e.g. game elements)
implemented in the focal device (or app), which could
have potentially driven the identified effects. Future
studies thus can examine the relationship between
fitness tracking and its outcomes by incorporating
more strictly controlled experimental designs to provide
further evidence to the downstream effects of fitness
tracking. For example, researchers can use a fitness
tracking device with a limited number of functionalities
other than tracking physical activities, such as Smart
Rope. Smart Rope is a device that displays jump counts
as people work out, which is the main difference between
a Smart Rope and a normal jump rope. In this way,
researchers can examine the effect of fitness tacking
(e.g. use Smart Rope vs. normal jump rope in a workout
session) by minimising other potential confounds. Inves-
tigation of the underlying process of the effect of fitness
tracking can also contribute to the field. In addition, as
previous research has been mostly conducted with
specific population such as patients, seniors, or females,
future research can examine the effect of fitness tracking
among regular users.

Fourth, there is a lack of research empirically testing
the effect of fitness tracking technologies on users’ task
experience (e.g. enjoyment), and the existing findings
are pointing at opposite directions (positive vs. negative).
Therefore, more research is called for to clarify the see-
mingly contradicting findings in the literature. It would
also be interesting to examine the potential moderating
role of factors such as activity types (e.g. easy vs. difficult,
physical vs. cognitive) and individual differences (e.g.
gender, age, motivational orientation), which can act as
boundary conditions for the effect of fitness tracking
technologies on task experience. For example, Hsee
et al. (2003) argue that accumulation of a medium (e.g.
points), especially when it requires effort, may produce
a sense of accomplishment and competence and generate
task enjoyment. Therefore, fitness tracking feedback (e.g.
distance ran, calories burned) may have a stronger posi-
tive impact on task enjoyment in difficult (or effortful)
activities than in easy (or effortless) activities.

Fifth, most of the studies in the existing literature on
fitness tracking behaviour have treated the outcome variable
motivation as a unilateral concept. Although this informs
our understanding of the effect of fitness tracking on
users’ task motivation, further insights can be generated
by considering the construct – motivation – as a multifa-
ceted concept. For example, according to the self-determi-
nation theory, there are in general two types of
motivation – intrinsic motivation1 and extrinsic motiv-
ation2 (Ryan and Deci 2000b). In addition, extrinsic motiv-
ation can be further divided into four different categories:
integrated motivation,3 identified motivation,4 introjected

motivation,5 and external motivation6 (Deci and Ryan
2002). Prior research has shown that different types of
motivation (e.g. extrinsic motivation vs. intrinsic motiv-
ation) can lead to different behavioural (e.g. low vs. high
task persistence) and psychological outcomes (e.g. low vs.
high well-being) (Ryan and Deci 2000a). In addition,
both extrinsic motivation and intrinsic motivation can be
influenced by external feedback based on the situational
impact of the feedback on one’s perceived autonomy, com-
petence, and relatedness (Ryan and Deci 2017). For
example, external feedback can facilitate or undermine
one’s intrinsic motivation depending on whether he or
she perceives such feedback as either informational (e.g.
emphasising his or her competence) or controlling (e.g. a
pressure to behave in a particular way) (Attig and Franke
2019). Therefore, it will be important to investigate how
fitness tracking technologies (e.g. fitness feedback) affect
different types of user motivation in different situations. Fit-
ness tracking technologies may increase users’ intrinsic
motivation (e.g. enjoyment) in a physical activity when
such technologies enhance their perceived competence
(e.g. becoming faster at running), but decrease intrinsic
motivation (or increase extrinsic motivation) when these
technologies make users feel controlled (e.g. walk extra
step to receive a virtual reward). Future research thus can
contribute to the field by delving more deeply into the
nature and dynamics of user motivation.

Lastly, although providing important insights, pre-
vious studies have mainly used traditional Technology
Acceptance Model (TAM) or Extended Unified Theory
of Acceptance and Use of Technology (UTAUT2)
Model as an overarching theory when investigating the
drivers of fitness tracking technology usage. Therefore,
the constructs from the TAM or UTAUT2 (e.g. per-
ceived ease of use, perceived usefulness, and perceived
value) have primary been considered as the main
explaining factors, and limited novel insights have been
provided in the field of fitness tracking technology
usage. In addition, few studies have taken a rigorous
theoretical approach (e.g. hypothesis formulation and
testing) when investigating the outcomes (e.g. experi-
ence, motivation) of fitness tracking, and thus the under-
lying mechanisms of the effects of fitness tracking on
various user outcomes remain largely underexplored.
Future research thus should provide a thorough theoreti-
cal framework of fitness tracking behaviour to further
improve our understanding.

6. General discussion

As fitness tracking technologies emerge as a popular
trend in various fields, the current study provides a
timely review of the existing research on fitness tracking
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behaviour. It contributes to the field of information tech-
nology both by integrating a wide body of literature on
fitness tracking technologies and by offering an integra-
tive agenda for future research. In particular, the current
paper offers the following contributions.

6.1. Theoretical contributions

First, the current paper identifies 19 drivers of fitness
tracking technology usage, which are classified into four
different categories: user characteristics, device character-
istics, perceived benefits/risks, and external drivers. Of the
19 drivers, 11 factors – age, technology affinity/self-
efficacy, personal involvement, device quality, device
attractiveness, device novelty, PEOU, PU, perceived
enjoyment, perceived device value, and perceived (priv-
acy) risk – are straightly aligned with the factors identified
in the previous review on wearable technology adoption
(Kalantari 2017). Six factors – desire for information, cur-
rent individual status, data quality, device functionality,
financial incentives, and special situations – are newly dis-
covered in the current review, and two factors – personal-
ity traits and social influences – are discussed with a focus
on different aspects of the same constructs (vs. Kalantari
2017). For example, the current paper identifies agreeable-
ness and conscientiousness as important personality traits
that drive fitness tracking technology usage, whereas
Kalantari (2017) has suggested openness to experience
and neuroticism to be important drivers of wearable tech-
nology usage. As for social influences, the current study
recognises social support and social connection, while
Kalantari (2017) has identified subjective norms and
social image. In addition, six factors (i.e. gender, visibility,
physical risk, social risk, financial risk, and environmental
risk) from the previous review (Kalantari 2017) are not
identified as the influential factors in the current review.
This suggests that there are differences between the drivers
of wearable technology usage and the drivers of fitness
tracking technology usage, and fitness tracking technol-
ogies require an investigation on their own.

Second, the current paper reveals four main outcomes
of fitness tracking – task motivation, task experience,
physical activity level, and well-being/health. The
majority of the prior research has focused on how
fitness tracking technologies influence users’ health,
physical activity level, and task motivation, while there
is a lack of studies when it comes to the effect of
fitness tracking on users’ task experience. The effects of
fitness tracking on the outcome variables such as health,
activity level, and motivation have been shown fairly
consistent and positive, whereas its effects on task experi-
ence (e.g. enjoyment) and subjective well-being (e.g. feel-
ing of satisfaction) have not reached a consensus

(e.g. positive vs. negative) in the literature. Therefore,
the authors encourage more research to understand the
relationship between fitness tracking and task experi-
ence/subjective well-being.

6.2. Implications for design

The current paper also delivers important practical impli-
cations. By providing an extensive overview of the drivers
of fitness tracking technology usage, this paper can help
designers and manufacturers of fitness tracking products
to incorporate features and functionalities that are impor-
tant for users (e.g. data quality, usefulness, and aesthetics),
which would facilitate the use of fitness tracking products.
The increased knowledge of user characteristics will also
help product designers employ more efficient personalisa-
tion strategies (e.g. customised design and service) to bet-
ter address the needs and concerns of potential users. In
addition, the current paper suggests that using fitness
tracking technologies can be an effective way for people
to improve their motivation, activity level, and health.
Practitioners (e.g. trainers, health care professionals)
who are seeking to improve user outcomes thus should
consider implementing fitness tracking technologies in
their products or services to help users achieve better out-
comes (e.g. enable fitness tracking feature in the equip-
ment or provide fitness trackers). Overall, the findings
from the current paper can act as a guide to design
fitness tracking products, which can benefit users both
physically and psychologically.

Notes

1. Intrinsic motivation refers to doing an activity because it
is inherently interesting or enjoyable (Ryan and Deci
2000b).

2. Extrinsic motivation refers to doing an activity in order to
attain some separable outcomes (Ryan and Deci 2000b).

3. Integrated motivation refers to doing an activity because
one has integrated the value of the activity with other
aspects of his or her life (Ryan and Deci 2000a).

4. Identified motivation refers to doing an activity because
one has identified the value of doing the activity (Ryan
and Deci 2000a).

5. Introjected motivation refers to doing an activity in
order to avoid guilt or anxiety or to attain pride (Ryan
and Deci 2000a).

6. External motivation refers to doing an activity in order
to satisfy external demand or obtain external reward
(Ryan and Deci 2000a).
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N = 57 Sedentary people (98.3% F) 41 O –
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Puri et al. (2017) Survey Interview N = 20 Canadian older adults (60% F) 64 D Technology adoption
Randriambelonoro, Chen, and
Pu (2017)

Interview N = 18 Swiss patients (61.1% F) 36–73 D & O –

Randriambelonoro et al.
(2015)

Interview N = 18 Patients (61.1% F) 36–73 O –

Razon et al. (2019) Survey N = 371 Students (80% F) 31 D & O –
Rheingans, Cikit, and Ernst
(2016)
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Rupp et al. (2018) Survey N = 103 Novice users (53.4% F) 37 D Self-determination theory &
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Schall Jr, Sesek, and Cavuoto
(2018)

Survey N = 952 Engineers (70.4% M) 49 D –

Seiler and Hüttermann (2015) Survey N = 206 Swiss students (56% M) 23 D & O –
Shih et al. (2015) Survey N = 26 Students (69.2% M) 20–24 D & O –
Shin, Cheon, and Jarrahi
(2015)

Focus group Interview N = 15 Actual users – D & O –

Shuger et al. (2011) Randomised weight
loss intervention

N = 197 Sedentary obese adults (81% F) 47 O –

Singh et al. (2020) Randomised
controlled trial
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Stiglbauer, Weber, and Batinic
(2019)

Longitudinal
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N = 80 Students (63% F) 26 O Behaviour change & Self-
determination theory

Strath et al. (2011) Randomised
controlled trial
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Thompson et al. (2014) Randomised weight
loss intervention

N = 48 Overweight patients (81.2% F) 80 O –

Vallance et al. (2007) Randomised
controlled trial
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Van der Walt et al. (2018) Randomised
controlled trial

N = 163 Patients (49.7% M) 67 O –

Vandelanotte et al. (2018) Randomised
controlled trial

N = 243 Australian adults (74.9% F) 52 O –

Whooley, Ploderer, and Gray
(2014)

Content analysis N = 51 Video posts on quantifiedself.com – D A stage-based model of personal
informatics systems

Wiesner et al. (2018) Field study N = 845 German runners (66.3% M) 16–79 D –
Zhu et al. (2017) Survey N = 238 Actual users (72% M) 30 O Behaviour change

Note: D refers to Driver, O refers to Outcome. M refers to male, F refers to female.
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