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Abstract

Smartwatches are commonly used IoT wearable devices, which contain sensors that can
support the data management process of smartwatch data. This process is essential for
providing data-based insights that can motivate users to achieve their physical activity (PA)
and health goals. However, there is a lack of understanding of users’ perceptions of the
health-related value they derive from smartwatches and of user self-tracking behaviour
within a PA context. This self-tracking behaviour is also known as Self-Quantification
Behaviour (SQB), which is the process of data preparation, collection, integration, reflection,
and action. SQB could be affected by the functions provided by the smartwatch device,
which vary by manufacturer, brand and model. The paper aims to investigate user percep-
tions of SOB and its association with their perceived value of smartwatches. A survey was
conducted with professional office workers from South Africa who use smartwatches. The
findings highlighted that the respondents enjoyed collecting and engaging with their PA
data and that SQB significantly affected all four value constructs: Perceived Usefulness,
Pleasure, Goal Pursuit Motivation, and Social Value. Social value, in terms of data shar-
ing and user lifestyle, was the least well-rated. The findings contribute to an enhanced
understanding of smartwatches and users’ perceived value of self-quantifying behaviour
in the context of PA, thereby ultimately improving the smartwatch usage experience and
motivating users to exercise more.

Keywords: Internet of Things (IoT); smartwatch sensors; self-quantification behaviour
(SQB); physical activity (PA); smartwatch value
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Technological advancements in sensors impact the digital value chain and provide
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practitioners [1,2]. Sensors related to the Internet of Things (IoT), for example, in mobile
health (m-health) and in smart homes, generate data that provide value and new oppor-
tunities across fields such as healthcare and biomedical informatics, and improve quality
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that users are interested in the health and fitness functionality provided by smartwatches.
Similarly, Stiglbauer et al. [14] highlighted that smartwatch users could experience signif-
icant improvements in their physical health, feelings of accomplishment, and emotions
when smartwatches are used in combination with their companion mobile applications
(apps). Smartwatches and their companion apps can be used to promote PA by providing
personalised feedback that addresses the users” PA behaviour [15,16].

Smart device features and functions, such as visualising goal achievement, can in-
crease the ease of data interpretation for smartwatch users and enable Self-Quantification
Behaviour (SQB), which is commonly referred to as self-quantification [10,17,18]. SQB refers
to the processes of data preparation, data collection, data integration, personal reflection,
and action that users engage in, relevant to their PA, when using a smartwatch and its
companion app.

In the study of Kang and Jung [19], it was reported that larger volumes of collected
and analysed smartwatch data lead users to perceive greater value in their smartwatch,
which refers to the extent to which users believe they will benefit from using the device [7].
Since the data are collected during the SQB process, it follows that SQB impacts value.

The perceived value of smartwatches for PA can be classified into utilitarian, hedonic,
and social value. Utilitarian value in the context of smartwatches refers to the benefits
derived from using the device to complete tasks [20]. This type of value focuses on
smartwatch utility, performance, and functions [21]. For example, since smartwatches are
equipped with various sensors, users can monitor and improve their health and fitness.
These functions vary depending on the manufacturer, brand and model of the device.
The hedonic value of smartwatches refers to the pleasurable, emotional or entertainment
rewards from using them, including achieving one’s goal of a certain step count per day [22]
or earning trophies through gamification [21]. However, studies examining the impact of
smartwatch SQB on value yield conflicting results. For example, Zhang et al. [23] proposed
that SOB positively affects hedonic value through perceived enjoyment when users have
set PA goals. Conversely, Huh et al. [22] and Etkin [24] argued that SOB has a positive
effect on PA performance but a negative one on hedonic value, specifically enjoyment.
According to Kamal Basha et al. [21], smartwatch social value is the benefit gained from
using a smartwatch through the maintenance and improvement of social relationships. For
example, smartwatch users can share their data, connect with friends and family, or meet
others through communities in smartwatch apps.

The study by Cho et al. [10] highlighted a research gap in analysing the constructs that
affect users” perceptions of smartwatch value. Understanding the value of smartwatches
could guide their design to motivate and encourage users to improve their PA and reduce
health-related issues stemming from high levels of sedentary behaviour. In companies, reduc-
ing sedentary behaviour by encouraging PA can improve employee health and productivity
and reduce absenteeism due to poor health [25-28]. The study by Meyer et al. [29] focused on
healthy physical work habits among software developers through reflective goal setting.
However, the focus was not specifically on the PA of smartwatch users, and the study par-
ticipants resided primarily in developed economies, including the United States, Canada,
and Switzerland. Brazil was the only developing economy in the study included in the pop-
ulation. Therefore, more research on smartwatches is required from a developing-economy
perspective, such as that of South Africa, where office workers tend to be sedentary for ap-
proximately 9.9 h per day [30]. There is a need to understand how data collected from users
and managed by smartwatches can transform human behaviour in ways that positively
affect their health. The purpose of this paper is to investigate the associations between SQB
and the perceived value of smartwatches across utilitarian, hedonic, and social value.

The subsidiary research questions are as follows:
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RQ1: What are users’ perceptions of smartwatch SQB?

RQ2: How does SQB affect the perceived value of smartwatches?

The scope and context of the paper are smartwatches used by office professionals,
whose work is mostly desk-bound, therefore contributing to sedentary behaviour. The pa-
per’s contribution is: (1) A model that illustrates the relationships between the smartwatch
device brand and SQB, and between SQB and the value constructs, and (2) insights into
user perceptions of the functions and activities of smartwatches related to the SQB process.

The paper is structured as follows: Section 2 provides the literature review. Section 3
presents the hypotheses to be tested and the developed research model. Section 4 explains
the positivistic approach followed and the related materials and methods. Section 5
provides the results of the statistical analyses. Section 6 presents a discussion of the results
and key findings. Section 7 concludes the paper.

2. Literature Review
2.1. Physical Activity (PA), Smartwatch Self-Quantification Behaviour (SQB), and Brand

PA is body movement that expends energy generated by skeletal muscles and provides
health and well-being benefits [31]. Regular PA engagement, such as walking or cycling,
reduces the risk of numerous diseases, including cardiovascular disease and diabetes;
assists with weight management; and promotes mental well-being [26]. PA can also increase
networking and socialisation opportunities, thereby positively impacting communities and
society by promoting social interaction and cohesion. From a community and economic
perspective, increased PA among individuals improves workplace productivity and reduces
absenteeism and employee turnover.

To achieve improvements in health and physical well-being, changes in movement
patterns need to be detected to guide individuals with their workouts and with adjusting
their lifestyles, and the data needs to be accurate [8]. Therefore, it is important to under-
stand the data management process for smartwatch data. Data management refers to the
development, execution, and monitoring of practices, policies, plans, and programs that
protect, control, improve, and deliver the value of information [32]. It follows, therefore,
that the data management of smartwatch data influences the value of smartwatch infor-
mation. Another concept related to data management is SQB, which has been described
as a form of personal informatics, in which self-quantified users collect their PA data to
support self-reflection [33]. The five-stage model of personal informatics systems proposed
by Li et al. [34] and successfully adopted by Maltseva and Lutz [17] was extended in this
paper and is presented in Figure 1.

Preparation || Collection || Integration Reflection | | Action

| L

Autonomy Phase User-Smartwatch Interaction Phase

Figure 1. The SOB process for smartwatches—extended from Li et al. [34].

The first three stages of the SQB process for smartwatches can be considered the phase
in which autonomy occurs since, according to Cho et al. [10], autonomy involves real-time,
autonomous data collection; self-managed activities; and sensors and functions that do not
require user intervention. In the first stage, namely the preparation stage, the smartwatch
user’s motivations for collecting their PA data are described. These motivations can be,
amongst others, goal achievement, feeling a sense of personal improvement, an interest in
PA data, or curiosity about physical behaviours. The second stage, the collection phase,
consists of data collection, during which the smartwatch sensors autonomously collect data
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required to determine the intensity of PA or workouts [10,35]. The functionality of these
sensors is continually improving, with manufacturers adding new features and sensors
to newly released smartwatch models. Therefore, these sensors vary by brand and model,
affecting the accuracy of the smartwatch data (including PA data) [15]. The studies by
El-Amrawy et al. [15], Ricchio et al. [36], and Nelson et al. [37] highlighted the importance
of users’ access to accurate information for self-quantifying their behaviour, as error rates
in step count and heart rate data collection can be high.

Step count and heart rate data are primarily required to calculate PA. The sensors
used for autonomously collecting and analysing step count data include a gyroscope
and a three-axis accelerometer [15,21,36]. Since smartwatches are wrist-worn, changes in
movement, such as when running or walking, are detected by the sensors and measured
by an individual’s arm swing [36]. Heart rate data from smartwatch users is usually
collected in beats per minute using light-emitting diodes (LEDs) [15,21,36]. The LEDs
are used to estimate heart rate by reflecting light onto a user’s skin to detect changes in
blood volume within the capillaries [15,36]. Green LEDs consume less battery life and are
more cost-effective than red LEDs. However, red LEDs are more precise than green LEDs.
Using a combination of green and red LEDs, along with more LEDs, increases heart rate
data accuracy.

During the integration stage, the collected data is processed, integrated, and trans-
formed, and then used to calculate health metrics using algorithms specific to the smart-
watch manufacturer or brand [21]. Data is often stored temporarily and locally in the
smartwatch’s random-access memory (RAM) after processing, then transmitted to a com-
panion mobile app that provides greater storage capacity [38,39]. The stored data can then
be accessed from the companion app in a variety of formats, such as comma-separated
values (CSV), JavaScript Object Notation (JSON), or eXtensible Markup Language (XML),
via the export function or other means [38,40]. The smartwatch data can then be analysed,
with the type of analysis dependent on the research approach, the user’s goal, and the file
format of the exported data.

The second phase of the SQB process for smartwatches is user-smartwatch interaction
(also referred to as smartwatch interaction), which refers to the activities and communi-
cation between a user and their smartwatch, such as using the watch’s health-monitoring
app(s) in real time [10,21,41,42]. Examples of smartwatch interaction functions include data
sharing, goal setting and adaptation, and visualising insights. All these functions depend
on the successful completion of the autonomy phase. Goal setting and adaptation allow
users to set and adjust their PA goals [42]. In this way, the watch serves as a motivational
tool that helps them achieve their personal goals, for example, increasing PA.

The smartwatch interaction phase incorporates the reflection and action stages, as
it is where smartwatch users interpret their data, reflect on the provided insights, and
then take action to adjust or maintain certain behaviours [17]. Sophisticated, visualised
insights can be presented on the smartwatch or companion app, allowing users to receive
instant feedback and adjust their behaviour accordingly. Commonly used visualisations
include bar, doughnut, and radial bar charts to present data such as heart rate and step
count [43]. Once the PA and other health data have been collected by smartwatch sensors,
social interaction and sharing functions can be provided to users. Sharing functions allow
users to share their smartwatch data insights with friends, family, and peers to receive
emotional support regarding their progress, for example, of their PA [44].

A similar process for SQB to that shown in Figure 1 was identified by Almalki et al. [45]
in the context of a personal health information self-quantification system using wearable
sensors, consisting of six phases: understanding the role; managing data; reflecting on
the data; building knowledge; taking action; and managing behaviours. This process
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enables wearable users to learn about their PA behaviours and derive value from their
smartwatches as they work toward informed, data-driven health outcomes. However, the
process proposed by Li et al. [34], extended in the present research (as shown in Figure 1),
was used in this paper to explain the concept of SQB.

2.2. Smartwatch Value, Satisfaction, and Continued Usage

Several studies [10,18,21,41] have investigated smartwatch user satisfaction and value
and how different factors affect both constructs. Satisfaction refers to a user’s reaction or
feelings after comparing their expectations of a smartwatch with their experience in using
the device [10,18,41]. On the other hand, value or perceived value is a user’s subjective
perception of worth when using a smartwatch, based on considerations of costs, benefits,
and trade-offs [21]. Satisfaction and value can be considered closely related, though not
identical, concepts, as the measurement items overlap conceptually (e.g., enjoyment, plea-
sure, and usefulness) [21]. This relationship was confirmed by Luo et al. [46], specifically for
health-related value. Users are more satisfied with their smartwatches when they provide
greater utilitarian health-related value [46].

The effect of constructs such as satisfaction and value on a user’s intention to continue
using a smartwatch, also known as Continuous Usage Intention (CUI), has been explored
in several studies [10,18,21,41]. CUI refers to a situation in which individuals identify a
continued use of an action [47]. The studies of Cho et al. [10], Siepmann and Kowalczuk [18],
and Bolen [41] determined that satisfaction has a positive impact on CUL The study by
Kamal Basha et al. [21], on the other hand, found that perceived value positively impacts
CUL This perceived value encompasses utilitarian, hedonic, social, and symbolic value.
The study by Lin and Windasari [48] highlighted that a user’s daily routine (i.e., CUI) and
their interaction with a smartwatch contribute to value creation, suggesting that potential
smartwatch value can be measured by observing users” pre-existing CUL

The influence of SQB on CUI and value is rarely explicitly stated in the studies by
Cho et al. [10], Siepmann and Kowalczuk [18], Kamal Basha et al. [21], and Bolen [41].
Whilst the study of Siepmann and Kowalczuk [18] identified that SQB has an indirect
impact on CUI value through the constructs of Goal Pursuit Motivation (GPM) and Per-
ceived Usefulness (PU), it focused mostly on emotional factors and did not investigate the
association between SQB and these constructs within all three dimensions of utilitarian,
hedonic, and social value.

2.3. SQB and Ultilitarian Value: Perceived Usefulness (PU)

Despite several studies [10,18,21,41] using different theories to determine how various
constructs impact CUI and, therefore, value, there was often overlap in the identified
constructs, such as PU and pleasure. PU refers to the perceived benefits users derive
from using a technology, such as a smartwatch, and includes a user’s expectations of
that technology [41]. From a smartwatch perspective, PU is the likelihood that wearable
self-tracking devices will support self-tracking or self-quantified users in health tracking,
habitual data capture, and achieving their goals related to PA and weight loss [49]. PU
can be considered a type of utilitarian value, as it reflects the benefits users gain from
completing tasks with a smartwatch, the smartwatch’s utility, and its performance [41].

Few studies have examined the relationship between SQB and PU [18] and instead
have focused on PU and CUI [21,41]. According to Pfeiffer et al. [49], prior studies on PU
were mostly conducted using the Technology Acceptance Model, which found that PU was
the strongest predictor of technology adoption, user acceptance, and user behaviour. A
study by Siepmann and Kowalczuk [18] revealed that SQB affects PU as users become more
familiar with their smartwatch’s functionality over time. However, the study focused only
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on German smartwatch users who often use self-tracking devices or have used them in the
past, which, according to Findeis et al. [50], indicated high levels of SQB in their sample.

2.4. SQB and Hedonic Value: Pleasure and Goal Pursuit Motivation (GPM)

In the context of smartwatches, users can derive pleasure from their collected PA data
or other SQB activities, such as participating in competitions with family and friends [10,18].
Pleasure refers to the positive feelings that users experience, which are derived from the
emotional and hedonic benefits that smartwatch functions provide [10,51,52]. The prior
studies of Cho et al. [10] and Siepmann and Kowalczuk [18] used the terms “pleasure”
or “enjoyment” to assess the impact of these constructs on satisfaction and, by extension,
value in their proposed models. The concept of pleasure is similar to that of enjoyment,
since enjoyment refers to the pleasure users experience when using a smartwatch [18].

The study by Huh et al. [22] found that SOB positively influences the performance of
a behaviour, such as PA, but may reduce the pleasure derived from performing an activity
and therefore negatively affect hedonic value. In these cases, users feel as though PA is
work or a chore rather than enjoyable, since achieving a specific outcome is their main
priority [23].

From a positive relationship perspective between SQB and pleasure, Oppermann [53]
found that gamification features, such as challenges, leaderboards, and trophies, in com-
bination with PA feedback, trigger feelings of pleasure and happiness among smartwatch
users. Other studies, such as those of Zhang et al. [23] and the World Health Organization
(WHO) [28], also found that SOB positively affects users” hedonic value, specifically pleasure.

SQB enables smartwatch users to track and maintain progress toward their goals by
collecting personal data during goal pursuit, such as during PA. According to Siepmann
and Kowalczuk [18], SQB affects GPM by improving the perception that goals are attainable
through feedback from smartwatches. According to Oppermann [53], loss of GPM is one
of the main reasons that users stop self-tracking, along with the perceived costs of data
collection and integration. Loss of motivation results from unmet expectations of success,
which then leads to disengagement from self-tracking or SQB. However, SQB can be a
source of both positive and negative feedback when pursuing long-term goals [22]. Even if
daily results are not always apparent regarding a user’s appearance, quantified measures,
such as daily step count, can assist users in staying motivated to engage in PA regularly.

In a PA context, health-related constructs, such as GPM, and social constructs that
affect the value that smartwatches provide to users were not commonly considered in the
models of Cho et al. [10], Kamal Basha et al. [21], and Bolen [41]. GPM was one such health
dimension proposed by Siepmann and Kowalczuk [18] and refers to the motivational
levels of smartwatch users in working towards their set health and fitness goals. These
authors [18] argued that GPM is a dimension of hedonic value, as smartwatches often
include gamification features to help users stay motivated to pursue their goals.

2.5. SQB and Social Value

SQB has been shown to affect self-disclosure, which refers to any information or
messages about an individual that are communicated to or shared with someone else [17].
Sharing personal data via a smartwatch or a self-tracking app develops into a regular habit
for users in both social situations and on an individual level and therefore forms part of
social value. Smartwatches enable social interaction through data-sharing functions, allow-
ing users to compete with one another, exchange information about their PA, and receive
motivational support from their community’s recognition of their achievements [44,53]. If
smartwatch users perceive that providing the smartwatch or companion app with more per-
sonal data (e.g., age, weight, and height) increases data accuracy, then self-disclosure and
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data-sharing actions become behavioural habits over time [17]. Therefore, self-disclosure
can be considered communication and data sharing, which are part of SQB and contribute
to social value. The studies of Asimakopoulos et al. [6] and Pennington and Dam [54]
reported that social interaction and data sharing among smartwatch users positively in-
fluence a user’s PA engagement, user-smartwatch interaction (which forms part of SQB),
and CUL Since CUI directly influences perceived value, it can be deduced that SOB affects
social value.

3. Hypotheses and Research Model

Several associations between SQB and the different constructs of smartwatch value
were identified in the literature review and are modelled in Figure 2. Based on the literature,
hypotheses were developed regarding the relationships between SQB and these constructs.

Value

Utilitarian Value

Perceived
Usefulness

Demographics L~

Hedonic Value

Self-Quantification
Behaviour (SQB)

Smartwatch Brand

Pleasure

Goal Pursuit
Motivation

7

Social Value

Figure 2. Research model and hypotheses.

Relevant constructs related to utilitarian, hedonic, and social value were selected for
the model. Symbolic value was excluded, as it relates more to aspects of user self-expression
and the perceptions of others [21], which fell outside the scope of physical well-being. The
five hypotheses are as follows:

H1. Smartwatch brand is positively associated with SQB.
H2. SQB is positively associated with PUL.

H3. SQB is positively associated with pleasure.

H4. SQB is positively associated with GPM.

H5. SQB is positively associated with social value.

4. Materials and Methods

The positivist approach of Saunders et al. [55] was employed in this study to address
the research question, as it is particularly useful for explaining associations between vari-
ables using quantitative data. Through systematic measurement and hypothesis testing,
this approach provides objective, reliable, and generalisable knowledge. Data collection was
conducted using the survey approach with a questionnaire to test the developed hypotheses.
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This approach was used because responses from a large population can easily be collected
and analysed [56]. Data collection took place from June 2024 until September 2024.

4.1. Sampling and Recruitment of Participants

Two studies on PA and sedentary behaviour among office workers often generalised
their findings despite the populations comprising individuals from various professions
and industries [57,58]. Other studies have not included specific professions or industries,
which has contributed to the lack of research related to the health and physical well-
being of computing professionals [59]. The target population for the study was therefore
computing professionals who used smartwatches. For this paper, the term computing
professionals refers to those who work in the software development industry, such as
software developers and project managers. This population was targeted because the in-
dustry is labour-intensive and typically deskbound, resulting in sedentary work. Extended
sedentary periods and incorrect posture have led to many professionals developing severe
musculoskeletal disorders [59].

Due to ethical approval restrictions at the research institution in South Africa where
the authors are based, participants from other countries could not be included. The target
population was therefore limited to South African smartwatch users. Purposive sampling
was used to sample the target population. This method is a non-probability sampling tech-
nique that can be used for both qualitative and quantitative research [55,60]. A self-selection
process, proposed by Saunders et al. [55], was employed, in which potential participant gate-
keepers from various computing and software organisations were contacted via electronic
communication platforms (i.e., mostly email) to obtain permission to distribute the call for
participants to relevant employees in their organisations. This call contained: details about
the study, the selection criteria, and a link to the Smartwatch Questionnaire, which was
distributed to the gatekeepers of computing and software organisations and then shared
by the gatekeepers with potential participants on internal organisational communication
platforms, such as email or Slack channels. The selection criteria were as follows: (a) be
between the ages of 18 and 65 years, (b) be South African, (c) work in the IT or software
solution industry or department of an organisation, and (d) be able to understand, speak,
and write in English.

Participants first self-identified in relation to the presented criteria and voluntarily
offered to participate in the research. This process was chosen for this study because
individuals are more likely to participate when they have a connection to the research and
find it interesting, as indicated in the call for participants. The 2024 Research Edition of
QuestionPro was used to create and distribute the Smartwatch Questionnaire. The ques-
tionnaire consisted of six sections. The first section covered demographic data, including
the respondent’s smartwatch brand. According to Laricchia [61], the five most popular
smartwatch brands used by South Africans are Apple, Samsung, Huawei, Fitbit, and
Garmin. The second section included statements related to the respondent’s perceptions of
smartwatch SQB. Each of the remaining four sections was related to the four constructs of
value: PU, pleasure, GPM, and social value.

Each construct included related statements, and participants had to select a rating
from a 5-point Likert scale, with 1 = Strongly Disagree and 5 = Strongly Agree. According to
Kline [62], DeVellis [63] and Hair et al. [64], three well-developed items are often regarded as
the minimum acceptable number for this purpose, provided they demonstrate satisfactory
reliability and validity. Because the purpose of this paper is to gauge smartwatch users’
perceptions, the full five-stage SQB Process for Smartwatches was not entirely applicable.
Many of the autonomy stages take place ‘behind the scenes” and are not visible to the user;
therefore, survey participants could not offer feedback on each stage. Accordingly, not all
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autonomy stages were represented in the instrument. With regard to the accuracy aspect of
data collection, the assumption was made that the potential participants” smartwatches
collect data that is accurate. Also, users lack an external benchmark for accuracy and
therefore tend to trust their device data. Once the potential participants completed the self-
selection process, the responses were compared with the presented criteria as a confirmation
that they had read and met the criteria correctly. Potential participants who met all the
criteria were enrolled in the study sample.

4.2. Validity and Reliability of Questionnaire, and Statistical Analysis Methods

The survey instrument was developed from established measures in the personal
informatics and smartwatch CUI and value literature [7,10,18,21,65,66]. Content and face
validity were ensured through a multi-step procedure: (1) item selection and adaptation
from prior validated scales, (2) reviews by two domain experts (researchers in statistics and
computing) to check clarity, relevance, and coverage of constructs (SQB, PU, pleasure, GPM,
social value), and (3) a pilot test with a small convenience sample (n = 5) to identify and
resolve any ambiguous wording and refine instructions. Finally, the survey administration
procedures (standardised instructions, anonymous responses, and uniform data collection
methods) that were used were selected to reduce measurement error and response bias.
They also adhered to the ethics policy and rules of the authors’ university.

The reliability of the Likert-scale questions was determined using Cronbach’s alpha
coefficient, and the internal consistency was interpreted from the resulting coefficient
value [67]. The details are included in Table 1. A value of 0.80 or higher indicates excellent
internal consistency among the scale items; values between 0.70 and 0.79 suggest good
internal consistency; whilst values of 0.60 and 0.69 are considered fair. The reliability of
SQB, pleasure, GPM, and social value was excellent. PU was the only variable with fair
reliability. According to Suyidno et al. [67], all the constructs were considered reliable, as
their coefficients were all greater than 0.60.

Table 1. Cronbach’s alpha coefficients for the value constructs (n = 107).

Value Construct Cronbach’s Alpha Coefficient Interpretation
SQB 0.87 Excellent
PU 0.67 Fair
Pleasure 091 Excellent
GPM 0.94 Excellent
Social Value 0.80 Excellent

Frequency distributions and other descriptive statistics, such as means, dispersion
intervals in terms of Standard Deviations (SDs) and Confidence Intervals (Cls), were deter-
mined for each of the four value constructs. The questionnaire responses were statistically
analysed using analysis of variance (ANOVA), a commonly used test for hypothesis testing.
Cohen’s d was used to determine the practical significance of the hypotheses, as it is a
standardised effect size for calculating differences in mean values [68]. Cohen’s d is the
statistic used to determine the practical significance when the p-value is less than 0.05 for an
inferential statistics test based on sample mean values, e.g., the t-test and Scheffé test. When
the ANOVA results were statistically significant, post hoc ANOVA tests were conducted to
determine specific group differences.
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5. Results

Of the 126 submitted questionnaires, 19 were removed, as the respondents did not
meet the criteria. Therefore, 107 responses were analysed. Due to space constraints,
the frequency distributions for all the statements across all four value constructs are not
included in the paper but are provided in Appendix A. Similarly, the detailed results of the
ANOVA tests are included in Appendix B. The details are discussed in this section.

5.1. Participant Profile

Table 2 presents the participant profile, which shows that the majority of respondents
were male and in the 25-34 age group. The most commonly owned smartwatch was Garmin
(31%), followed by Apple (25%) and Samsung (18%). The Other group (15%) consisted of
Huawei, Volkano, Polaroid, Honor, Xiaomi, Tom Tom, Whoop, and Polar smartwatch users.
Only 11% of the participants used a Fitbit.

Table 2. Participant profile—South African computing professionals (n = 107).

Demographic Category n %
18-24 12 11%

25-34 59 55%

Age (in years) 35-44 27 25%
45-54 3 3%

55-64 6 6%

Total 107 100%

Female 34 32%

Gender Male 72 67%
Other 1 1%

Total 107 100%

Apple 27 25%

Samsung 19 18%

Fitbit 12 11%

Smartwatch Brand Garmin 3 1%
Other 16 15%

Total 107 100%

5.2. User Perceptions of Smartwatch SQB for PA

Table 3 presents the frequency distributions for each statement of SQB. It is clear from
the table that the majority of the respondents Agreed with all three SQB statements. For
SQBj, the majority of respondents (58%) either Agreed (34%) or Strongly Agreed (24%)
that they regularly checked or analysed their PA data collected by their smartwatches,
whilst 21% had a Neutral response, and 21% either Disagreed (14%) or Strongly Disagreed
(7%). For SQB,, most respondents (71%) either Agreed (40%) or Strongly Agreed (31%)
that collecting their PA data was important to them, 15% had a Neutral perception, while
8% Disagreed and 6% Strongly Disagreed. For SQBj3, the majority of respondents (70%)
either Agreed (45%) or Strongly Agreed (25%) that they could make connections between
their PA behaviour and the data collected on their smartwatches, whilst 19% indicated a
Neutral perception, and 12% either Disagreed (6%) or Strongly Disagreed (6%).
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Table 3. Frequency distributions—SQB (1 = 107).

St.rongly Disagree Neutral Agree Strongly
Statement Disagree Agree
n % n % n % n Y% n %

SQB;: I analyse/check my collected data regularly. 8 7% 15 14% 22 21%

36 34% 26 24%

SQB;: It is important .for me'tc? collect data on my 6 6% 9 8% 16 15% 43 40% 33 31%
physical activity.

SQBs3: I make connections between my physical
activity behaviour and the data that I get from 6 6% 6

6% 20 19% 48 45% 27 25%

self-tracking devices.

To analyse frequency distributions statistically, it is recommended to group Likert-
type scale items into a statistical survey scale and calculate a total or mean score for each
item [69]. Therefore, Table 4 summarises the frequency distributions for the SQB statements,
classified into a five-point statistical scale, with the lower and upper mean values calculated
and split into equal groups of 0.8 width. The resulting groups are: Very Negative (x: 1.00 to
1.79), Negative (x: 1.80 to 2.59), Neutral (x: 2.60 to 3.40), Positive (x: 3.41 to 4.20), and Very
Positive (x: 4.21 to 5.00). Each group maps to a response on the five-point Likert scale.

Table 4. Frequency distribution summary—SQB (n = 107).

Very Negative Negative Neutral Positive Very Positive
(x: 1.00 to 1.79) (x: 1.80 to 2.59) (x: 2.60 to 3.40) (x: 3.41 to 4.20) (x: 4.21 to 5.00)
n % % n % n % n %
6 6% 6 6% 26 24% 34 32% 35 33%
According to the frequency distribution scale, the majority (65%) of respondents ex-
pressed Very Positive (33%) and Positive (32%) perceptions towards SQB. Almost a quarter
of respondents (24%) expressed a Neutral perception towards SQB, while 6% expressed a
Negative perception and 6% a Very Negative perception.
Table 5 presents the aggregated mean, dispersion, and ClIs for all three SQB statements.
The aggregated mean of 3.71 indicated that most responses to all three SQB statements
were perceived as Positive (95% CI), consistent with the frequency distributions in Table 3.
The SD indicated moderate variability in the responses.
Table 5. Mean, dispersion and confidence intervals—SQB (1 = 107).
N[(;;m SD Minimum Qu(:gtll)l el Median Qu(egtsl)l e3 Maximum 95;?0CI 950§iCI Ca tgglory
3.71 1.02 1.00 3.33 4.00 433 5.00 3.52 3.90 Positive

The 95% CI [3.52, 3.90] confirmed that the population mean was significantly above the
neutral midpoint. While the full range of the scale was utilised (Min = 1.00, Max = 5.00), the
interquartile range (IQR = 1.00) indicated that 50% of respondents scored between 3.33 (Q1)
and 4.33 (Q3), suggesting a concentration of positive sentiment.

5.3. Descriptive Statistics and Frequency Distributions for All Value Constructs

Table 6 summarises the descriptive statistics for the aggregated scores of all four value
constructs. PU reported the highest mean (X = 4.02, SD = 0.68), indicating that respondents,
on average, viewed the system as useful. The relatively low SD suggests limited variability
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in responses, implying a degree of consensus among participants. This is further supported
by the interquartile range (Q1 = 3.67; Q3 = 4.33), which shows that the central 50% of
responses were concentrated within the Positive range.

Table 6. Descriptive statistics: mean, SD and CIs—value constructs (1 = 107).

Value
Construct

Mean

(x)

SD

Minimum

Quartile 1

Q1)

Median

Quartile
3

(Q3)

95% CI

Maximum

Lo

95% CI
Hi

CI
Category

PU

4.02

0.68

1.00

3.67

4.00

4.33

5.00

3.89

4.15

Positive

Pleasure

3.87

0.77

1.00

3.33

4.00

4.17

5.00

3.72

4.02

Positive

GPM

3.78

1.03

1.00

3.17

4.00

4.67

5.00

3.58

3.98

Positive

Social Value

3.00

0.99

1.00

2.33

3.00

3.67

5.00

2.81

3.19

Neutral

The 95% confidence interval (CI: [3.52, 3.90]) fell entirely above the neutral mid-
point, reinforcing the classification of this construct as positive. Pleasure also yielded a
positive evaluation (x = 3.87, SD = 0.77), although slightly lower than PU. The median
of 4.00 suggests that at least half of the respondents rated their experience positively. The
spread of responses was moderate, as indicated by the SD and interquartile range (Q1 = 3.33;
Q3 =4.17). The 95% CI (3.72-4.02) remained above the Neutral threshold, confirming a
generally positive response.

For GPM, the mean score (X = 3.78, SD = 1.03) indicates a positive but more varied
perception. The higher SD compared to the other constructs suggests greater heterogeneity
in responses. This is also reflected in the wider interquartile range (Q1 = 3.17; Q3 = 4.67).
Although the 95% CI [3.58, 3.98] still fell within the Positive range, its proximity to the
Neutral midpoint indicates that perceptions were less uniformly favourable than for PU
and pleasure. Social value recorded a mean of 3.00 (SD = 0.99), corresponding exactly to
the neutral midpoint of the scale. The median of 3.00 and interquartile range (Q1 =2.33;
Q3 = 3.67) further indicate a balanced distribution of responses around neutrality. The
95% CI[2.81, 3.19] values were both below and above the midpoint, suggesting no clear
directional tendency in respondents’ perceptions. These results support its classification
as neutral.

Table 7 presents the aggregated frequency distributions for the four value constructs,
providing additional insight into the polarity and dispersion of responses across them, comple-
menting the descriptive statistics. For PU, responses were strongly skewed toward the positive
end of the scale. A substantial majority of respondents rated PU as either Positive (37%) or
Very Positive (43%), yielding a combined 80% favourable response rate. Only 2% of responses
fell within the negative categories, while 18% were neutral. This distribution indicates a clear
consensus on the usefulness of smartwatches, with minimal dissent.

Table 7. Frequency distribution summary—value constructs (n = 107).

Value Construct

Very Negative Negative Neutral Positive Very Positive

(x: 1.00 to 1.79) (x: 1.80 to 2.59) (x: 2.60 to 3.40) (x: 3.41 to 4.20) (x: 4.21 to 5.00)

PU

1

1% 1 1% 19 18% 40 37% 46 43%

Pleasure

2

2% 1 1% 26 24% 51 48% 27 25%

GPM

5

5% 9 8% 23 21% 31 29% 39 36%

Social Value

12

11% 21 20% 44 41% 19 18% 11 10%

A similar pattern was observed for pleasure, although with slightly less inten-
sity. The majority of responses were Positive (48%) or Very Positive (25%), resulting
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in 73% favourable ratings overall. Neutral responses accounted for 24%, while Negative
and Very Negative responses remained negligible (3% combined). This suggests that
most participants found the system enjoyable, though with a slightly broader range of
perceptions than in PU.

For GPM, responses were strongly skewed toward the Very Positive end of the scale.
A substantial majority of respondents rated GPM as Very Positive (36%) and Positive
(29%), which yielded a combined 65% favourable response rate. Only 13% of responses
fell within the negative categories, while 21% were neutral. This distribution indicates a
clear consensus on the role of smartwatches in motivating the respondents to achieve their
PA goals.

For social value, responses were strongly concentrated around the midpoint, with
mostly Neutral responses (41%), suggesting indifference towards smartwatch social fea-
tures amongst the respondents. The percentages of Negative (20%) and Positive (18%)
responses were similar, differing by only 2%. A similar trend was observed between the
Very Negative (11%) and Very Positive (10%) responses, yielding a negligible 1% difference
at the two extreme ends of the scale. Overall, the responses indicate a pronounced central
tendency with slight asymmetry, suggesting that most respondents did not have strong
opinions towards the social value of smartwatches.

5.4. H1: The Association Between Smartwatch Brand and SQB

Respondents were asked which smartwatch brand they used, and these responses were
analysed alongside each respondent’s three SOB statement responses. Table 8 summarises
the descriptive statistics related to SQB by smartwatch brand.

Table 8. Descriptive statistics—SQB by smartwatch brand (1 = 107).

Group All Apple Fitbit Garmin Samsung Other
n 107 27 12 33 19 16
SQB Mean (x) 3.71 3.78 3.50 3.94 3.56 3.48
SD 1.02 1.03 0.77 1.05 1.00 1.12
95% CI low 3.52 3.37 3.01 3.57 3.08 2.88
95% CI high 391 4.18 3.99 4.31 4.04 4.08

The Garmin respondents had the highest mean SQB score (x = 3.94) among all smart-
watch brands, suggesting the highest level of SQB. The Apple respondents had the second-
highest mean SQB score (x = 3.78), which was higher than the overall mean (x = 3.71). The
mean values of SQB for the Samsung (x = 3.56), Fitbit (X = 3.50), and Other (X = 3.48) respon-
dents were lower than the overall mean (X = 3.71), which suggested that these respondents
had a lower SQB compared to the average population. The Other respondents had the
lowest mean value, which could be due to this category comprising a variety of smartwatch
brands or to the lower accuracy of these devices, leading to decreased usage. The 95% CI
range for the mean was [3.52, 3.91]. These results indicate a positive overall evaluation of
service quality beliefs, with the narrow confidence interval confirming the precision of the
mean estimate despite the moderate variability in individual responses.

The one-way ANOVA examining SQB across smartwatch brands indicated that brand
does not have a statistically significant association with SOB (see Appendix B). The results
showed that the between-group variability (SS = 3.67, df = 4, MS = 0.92) was smaller than the
within-group variability (SS = 106.03, df = 102, MS = 1.04). This relationship was reflected
in the F-statistic (F(4, 102) = 0.88), which was below 1, indicating that differences between
smartwatch brands were minimal relative to the variability observed within each brand
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group. The p-value (p = 0.477) was substantially higher than the conventional significance
level of 0.05. Consequently, the null hypothesis, that the mean SQB was equal across all
smartwatch brands, cannot be rejected. This suggests that any observed differences in
SQB scores between brands were likely due to random variation rather than systematic
brand-related effects. Therefore, the hypothesis H1 was not supported. However, these
results are interesting, as it was expected that SQB would differ among users of different
smartwatch brands, since the sensors and functions available for each brand differ.

5.5. H2: The Association Between Smartwatch SQB and PU

The frequency distributions for PU showed that the majority of respondents Agreed
with the respective statements: PU; ‘Using my smartwatch is useful to me’ (50%), PU, ‘Using
my smartwatch keeps me happy’ (36%), and PU3 ‘Using my smartwatch is enjoyable to me’ (54%).
The aggregated frequency distributions for all three statements showed that most responses
(43%) were Very Positive. The descriptive statistics in Table 6 confirmed this result, as the
aggregated mean across all three statements (X = 4.02) fell within the Positive CI range,
indicating that respondents had a positive perception of the PU of their smartwatches.

Table 9 presents the descriptive statistics for PU analysed by SQB group. The SQB
groups were calculated by analysing the Likert-scale responses for SQB and classifying
them into three groups: Lower SQB (<Q1), Middle SQB (Q1-Q3), and Higher SQB (>Q3).
The Lower SQB group showed responses lower than Q1 (x = 3.33); the Middle SQB group
was in the middle range between Q1 and Q3 (3.33 < X < 4.60); and the Higher SQB group
included responses higher than Q3 (x = 4.60).

Table 9. Descriptive statistics—Perceived Usefulness (PU) by SOB.

Group All Lower SOB (<Q1) Middle SQB (Q1-Q3)  Higher SOB (>Q3)
n 107 24 58 25

PU Mean (x) 4.02 3.33 4.05 4.60

SD 0.68 0.71 0.47 0.45

95% CI low 3.89 3.03 3.93 441

95% CI high 4.15 3.63 4.18 4.79

The Higher SQB group had the highest PU mean (x = 4.60), indicating that respondents
who had a higher SQB experienced the highest PU. Those in the Middle SQB group reported
a higher level of PU (x = 4.05) than the sample average (X = 4.02), whilst respondents in the
Lower SQB group experienced a PU (x = 3.33) below the sample average.

The PU score yielded a mean of 4.02 (SD = 0.68). The 95% CI for the aggregated mean
ranged from 3.89 to 4.15, suggesting that the population average likely falls within this
narrow range and indicating high precision in the estimate.

One-way ANOVA was conducted to examine differences in PU across SQB groups. The
results revealed a statistically significant association between SQB and PU (F(2, 104) = 35.42,
p < 0.0005). This indicated that mean PU scores differed significantly between SQB groups.
The p-value (p < 0.0005) was far below the conventional significance threshold of 0.05, lead-
ing to rejection of the null hypothesis that all group means are equal. This provides strong
evidence that PU differs significantly across SQB levels. Therefore, H2 was supported, and
post hoc tests were conducted to determine which SQB groups differed. The summarised
results of these tests are provided in Table 10, and show that there were statistically and
practically significant differences between the following groups:

e The Lower and Middle SQB groups;
e The Lower and Higher SQB groups;
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e The Middle and Higher SOB groups.
Table 10. Post hoc tests for ANOVA—PU by SQB.
SOB Group1 SQB Group 2 Diff. M;1-M, Scheffé p Cohen’s d
Lower (<Ql) (gi‘idQl; —0.72 <0.0005 131  Large
Lower (<Q1) Higher (>Q3) —-1.27 <0.0005 2.14 Large
(I‘élfdQl;) Higher (>Q3) 055 <0.0005 118  Large

The Middle SQB group experienced more PU due to moderate SQB levels compared
to the Lower SQB group (M;-My= —0.72; p < 0.0005; Cohen’s d = 1.31, Large). The Higher
SQB group also experienced higher PU levels than the Lower group (M;-M,= —1.27;
p < 0.0005; Cohen’s d = 2.14 Large) and the Middle SQB group (M;-M; = —0.55; p < 0.0005;
Cohen’s d = 1.18 Large). All three post hoc tests indicated a large effect size for PU between
the SQB groups, suggesting that the differences in PU across the SQB groups are both
statistically and practically meaningful.

5.6. H3: The Association Between Smartwatch SQB and Pleasure

The frequency distribution results showed that for the three pleasure statements, the
majority of the respondents Agreed with statements PL; ‘Using my smartwatch is fun to me’
(48%) and PL3 ‘Using my smartwatch is enjoyable to me’ (56%). However, for PL, ‘Using my
smartwatch keeps me happy’, the respondents were mostly Neutral (39%). These results align
with the descriptive statistics in Table 6, showing that the aggregated mean for all three
pleasure statements was Positive.

The descriptive statistics for pleasure by SQB are presented in Table 11. The Higher
SQB group had the highest mean (x = 4.13) for pleasure, indicating that respondents who
had a higher SQB level experienced the greatest pleasure. The Middle SQB group had
the second-highest mean (x = 4.06) among the groups. Both the Higher SQB group and
the Middle group reported a higher level of pleasure than the aggregated mean (x = 3.87).
The respondents in the Lower SQB group reported a Neutral level of pleasure (x = 3.15),
which was lower than the sample average. The 95% CI range for the mean was [3.72, 4.02].
This narrow interval suggests high precision in the estimate of the population mean,
indicating that the true average level of pleasure in the broader population likely falls
within this range.

Table 11. Descriptive statistics—pleasure by SQB.

n 107 24 58 25
Pleasure Mean (x) 3.87 3.15 4.06 413
SD 0.77 0.86 0.55 0.73
95% CI low 3.72 2.79 3.91 3.83
95% CI high 4.02 3.52 4.20 4.44

One-way ANOVA was conducted to examine differences in pleasure across SQB
groups. The results showed a statistically significant association (F(2, 104) = 17.69,
p < 0.0005). Since the p-value (p < 0.0005) was well below the conventional alpha level
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of 0.05, it indicates that mean pleasure scores varied significantly between SQB groups.
Therefore, the hypothesis H3, that SQB affects pleasure, was supported, and post hoc
tests (Table 12) were conducted. These test results revealed that there were statistically
significant differences between the following groups:

e The Lower and Middle SQB groups;
o  The Lower and Higher SQB groups.

Table 12. Post hoc tests for ANOVA—pleasure by SOB.

SOB Group1l SQB Group 2 Diff. M;-M, Scheffé p Cohen’s d

Lower (<Q1) (gic_ldQl;) ~0.90 <0.0005 138 Large

Lower (<Q1) Higher (>Q3) —0.98 <0.0005 1.23 Large
(gi‘_igl; Higher (>Q3) —0.08 0.897 012 Notsig

The Middle SQB group experienced more pleasure than the Lower SQB group due
to higher SQB levels (M1-M; = —0.90; p < 0.0005; Cohen’s d = 1.38, Large). The same
trend was observed between the Lower and Higher SQB group, where the Higher SQB
group experienced more pleasure than the Lower SQB group due to higher SQB levels
(M1-Mjy= —0.98; p < 0.0005; Cohen’s d = 1.23, Large). Both results indicated a large effect
size between the groups on pleasure, suggesting that the differences in pleasure across the
SQB groups are both statistically and practically meaningful.

5.7. H4: The Association Between Smartwatch SQB and GPM

The frequency distributions for the three statements of GPM showed that the respon-
dents Agreed with statements GPM; ‘Using my smartwatch motivates me to work towards
a healthier lifestyle” (41%), and GPM, ‘Using my smartwatch keeps me motivated to exercise
regularly’ (35%). They Strongly Agreed with the statement GPMj3 ‘Using my smartwatch
pushes me to increase the effort I put towards exercising’ (34%). These results align with those
in Table 6, where the aggregated mean of 3.78 for GPM indicates that respondents had a
Positive perception of the smartwatch as a motivator for pursuing their goals.

Table 13 presents the descriptive statistics for GPM by SQB. The Higher SQB group
had the highest mean (X = 4.44), indicating that respondents with higher SQB levels had
the highest GPM. For the Middle SQB group, the respondents had a Positive perception
of GPM (x = 3.80), which was higher than the study average (X = 3.78). Respondents
in the Lower SQB group had Neutral GPM (x = 3.03). The 95% CI range for the mean
was [3.58, 3.98]. Although the SD suggests a moderate degree of variance in participant
responses, the narrow Cl indicated that the sample mean remains a precise estimate of the
population average.

Table 13. Descriptive statistics—GPM by SQB.

n 107 24 58 25
GPM Mean () 3.78 3.03 3.80 444
SD 1.03 1.08 0.92 0.74
95% CI low 3.58 2.57 3.56 4.14
95% CI high 3.98 3.48 4.05 474
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One-way ANOVA was conducted to examine differences in GPM across the SQB
groups. The results revealed a statistically significant association (F(2, 104) = 14.47,
p < 0.0005), indicating that the mean GPM scores differed significantly between the SQB
groups. The p-value (p < 0.0005) was well below the conventional significance threshold of
0.05, providing support for hypothesis H4. These findings suggest that SQB is significantly
associated with GPM, with respondents in different SQB categories reporting meaningfully
different perceptions. However, compared to earlier results (e.g., PU), the relatively larger
within-group variance indicated somewhat greater dispersion in responses, suggesting that
while the association was significant, perceptions of GPM were more varied within groups.
Due to the significant ANOVA results, post hoc tests (Table 14) were conducted, and it was
determined that there were statistically significant differences between the groups for the
following three cases:

e The Lower and Middle SQB groups;
e The Lower and Higher SQB groups;
e The Middle and Higher SQOB groups.

Table 14. Post hoc tests for ANOVA—GPM by SQB.

SOB Group1 SQB Group 2 Diff. M;1-M, Scheffé p Cohen’s d

Lower (<Q1) (gﬁdQl;) ~0.78 0.003 080  Large

Lower (<Q1) Higher (>Q3) —-141 <0.0005 1.53 Large
(gﬁdQl;) Higher (>Q3) —0.64 0.018 073  Medium

The Middle SQB group experienced more GPM due to moderate SQB levels compared
to the Lower SQB group (M1-M; = —0.78; p = 0.003; Cohen’s d = 0.80, Large).

In the last two cases, the Higher SQB group experienced higher levels of GPM than
the Lower SQB group (M;-M; = —1.41; p < 0.0005; Cohen’s d = 1.53 Large) and the Middle
group (M;-M; = —0.64; p = 0.018; Cohen’s d = 0.73 Medium). The Lower and Middle
SQB groups (Cohen’s d = 0.80) and the Lower and Higher SQB groups (Cohen’s d = 1.53)
had large effect sizes, indicating that the differences in GPM across SQB groups are both
statistically and practically meaningful.

5.8. H5: The Association Between Smartwatch SQB and Social Value

The respondents Disagreed with statements SV ‘I like using my smartwatch for sharing
my activity progress with others’ (29%) and SV, ‘Sharing my progress with others helps to keep me
motivated’ (31%). However, they Agreed with the statement SV3 “Using this smartwatch supports
my lifestyle’ (52%). The mean for social value (x = 3.00) in Table 6 aligns with these results,
indicating that respondents had a Neutral perception of the social value of their smartwatches.

Table 15 presents the descriptive statistics of social value by SQB. The responses with
the highest mean (x = 3.61) were from the Higher SQB group, indicating that respondents
with higher SOB levels experienced the highest social value. For the Middle SQB group,
the respondents had Neutral perceptions (x = 3.03) towards social value. Respondents in
the Lower SQB group reported low social value (x = 2.28). The 95% CI for the mean ranged
from 2.81 to 3.19. Notably, the interval includes the scale’s neutral midpoint, indicating
that the sample does not lean significantly toward either a positive or negative perception
of social value.
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Table 15. Descriptive statistics—social value by SQB.
Lower SQB Middle SQB Higher SOB
G All
roup (<Q1) (Q1-Q3) (>Q3)
n 107 24 58 25

Social Value Mean (x) 3.00 2.28 3.03 3.61
SD 0.99 0.89 0.81 1.04
95% CI low 2.81 1.90 2.82 3.18
95% CI high 3.19 2.65 3.25 4.04

One-way ANOVA was conducted to examine differences in social value across the
SQB groups. The results showed a statistically significant association between SQB and
social value (F(2, 104) = 14.11, p < 0.0005), since the p-value was well below the conventional
threshold of 0.05, leading to rejection of the null hypothesis. This confirms that the mean
social value differs significantly across SQB groups and H5 can be accepted. Therefore, post
hoc tests (Table 16) were conducted to determine which groups differed significantly. There
were statistically significant differences between the groups for the following three cases:

e The Lower and Middle SQB groups;
o  The Lower and Higher SQB groups;
o  The Middle and Higher SQB groups.

Table 16. Post hoc tests for ANOVA—social value by SQB.

SOB Group1l SQOB Group 2 Diff. M;-M, Scheffé p Cohen’s d

Lower (<Q1) (gﬁdQl;) —0.76 0.003 091  Large

Lower (<Q1) Higher (>Q3) —1.34 <0.0005 1.38 Large
(I\C/Qlic—ig;) Higher (>Q3) —0.58 0.027 0.66 Medium

The Middle SQB group showed greater social value than the Lower SQB group, a
difference associated with higher SQB levels (M1-M2 = —0.76). In the last two cases, the
Higher SQB group reported higher levels of social value than both the Lower SQB group
(M1-M2 = —1.34) and the Middle SQB group (M1-M2 = —0.58). The Lower and Middle
SQB groups (Cohen’s d = 0.91) and the Lower and Higher SQB groups (Cohen’s d = 1.38)
had large effect sizes, indicating that the differences in social value across SQB groups are
both statistically and practically meaningful.

6. Discussion
6.1. RQ1: What Are Users’ Perceptions of Smartwatch SQB?

The personal informatics systems model of Li et al. [34] was extended to the SQB
process for smartwatches presented in this paper (Figure 1), since a smartwatch can be
classified as a personal informatics system that enables self-tracking, also known as self-
quantification, or SQB. The five stages of SOB, from data preparation and collection to
user reflections, were classified into two main phases: autonomy and user-smartwatch
interaction. The activities and features offered by various smartwatch brands in these
phases can vary. Based on the literature, a model of the associations between smartwatch
brand, SOB and value was developed (Figure 2), and a survey was conducted to test and
validate the model. The respondents were 107 office workers in South Africa whose jobs
were mostly desk-bound, which usually increases sedentary behaviour during office hours,
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negatively affecting physical movement and good health and fitness. They were mostly
male and young (age group 35—44). The most popular smartwatch brand among these
respondents was Garmin, followed by Apple, both of which, according to Laricchia [61],
are the most popular brands among South Africans.

The findings indicated that the respondents’ overall perceptions of SQB were positive.
They reported regularly collecting/analysing their PA data on their smartwatches, finding
it important to collect it, and being able to make a mental connection between their PA
behaviour and the collected data. When SQB was analysed by smartwatch brand, the
findings indicate that SQB was relatively consistent across brands, with no evidence that
any brand produced SQB that was significantly higher or lower than the others. In practical
terms, the smartwatch brand is not associated with SOB in this sample. Therefore, the
hypothesis H1 is not supported. This result is unexpected, as Kim [70] and Bekker and
Scholtz [71] showed that SQB features can differ across users of different smartwatch brands,
since each brand and model can offer variations in sensors and functions. Additionally, the
report by Dhar and Wertenbroch [20] found that purchasing decisions across products are
influenced by the hedonic and utilitarian value of goods.

6.2. RQ2: How Does SQB Affect the Perceived Value of Smartwatches?

More than half of the respondents agreed that their smartwatch was useful, and they
could navigate to find relevant information quickly and easily, whilst to a lesser extent, just
over a third found that it increased their physical productivity. Overall, most responses
were very positive towards PU. PU was also the most highly rated of the four value
constructs. This finding highlights that utility is a key driver of smartwatch usage.

The findings also indicated that higher levels of SQB in the sample were associated with
stronger perceptions of smartwatch usefulness (PU). Respondents with higher SQB levels
reported significantly higher PU than those with lower SQB, highlighting the importance
of behavioural interactions in shaping utility perceptions. The largest practically significant
difference was observed between the lower and higher SQB groups, suggesting that the
association between SQB and PU becomes more pronounced in the higher SQB group than in
the lower SQB group, consistent with the threshold effect highlighted by Lewis-Beck et al. [72].
This result is consistent with the observation that, in this sample, perceptions of usefulness
were higher among users who reported a greater level of interaction with a smartwatch.
The support for hypothesis H2, therefore, confirms that SQB is significantly associated with
PU, consistent with the findings of Siepmann and Kowalczuk [18]. These findings suggest
that sustained and meaningful engagement with smartwatch features is necessary for users
to fully recognise their functional value.

Regarding hedonic value, the findings suggest that respondents generally perceived
smartwatch use as a pleasurable experience. Pleasure ranked second among the value
constructs for the respondents, and overall, they were positive about the pleasure they
experienced from using their smartwatches. However, whilst most respondents reported
that their smartwatch was perceived as fun and enjoyable, a notable proportion remained
neutral about its contribution to their feelings of happiness, suggesting some variability in
affective outcomes. Beyond these descriptive insights, the analysis indicates that SQB had
a statistically significant association with perceived pleasure, with significant differences
in affective responses across the SQB groups. More specifically, respondents with lower
levels of SOB reported significantly less pleasure than those with moderate or high SOB.
The largest practically significant difference was observed between the lower and middle
SQB groups, indicating that, in this sample, pleasure was associated with SQB such that
the middle group reported notably higher pleasure than the lower group. In contrast, the
absence of a practically significant difference between the two highest SQB groups suggests
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that, beyond moderate SQB, the association between SQB and pleasure becomes negligible.
The support for H3, therefore, indicates that those with higher SQB reported greater
perceived pleasure, albeit with a plateau effect at higher levels. This finding is consistent
with prior research by Jung and Kang [73] and Beh et al. [74], which found that users
derive enjoyment from interacting with smartwatches, particularly when these devices
enable continuous monitoring of physiological data such as PA. Overall, these results
underscore the role of behavioural engagement in shaping positive affective experiences
with smartwatch use.

With reference to the second construct of hedonic value, namely GPM, the descriptive
results indicate that the respondents generally held positive perceptions of GPM regarding
their use of smartwatches. Just over a third of respondents perceived a connection between
their smartwatch and greater exercise effort, as reflected in their strong agreement with
statements attributing motivational influence on the device. Respondents mostly agreed
with the other two GPM-related statements, stating that their smartwatches helped them
remain consistently motivated to exercise and adopt a healthy lifestyle, suggesting an
overall favourable motivational effect. Beyond these descriptive patterns, the analysis
demonstrates that SQB was significantly associated with GPM, providing support for
H4 and aligning with prior findings by Siepmann and Kowalczuk [18]. Respondents in
different SQB groups reported meaningfully different perceptions. Respondents with
moderate and high levels of SQB reported greater motivation to pursue PA goals than
those with low levels of SQB. The largest practically significant difference was observed
between the lower and higher SQB groups, suggesting that the most pronounced difference
in motivation is associated with these extremes. Notably, even moderate levels of SQB
were associated with significantly higher GPM, suggesting that relatively higher SQB
corresponds to meaningful differences in motivation. Although motivation is higher
among those with high SQB compared to those with moderate SOB, the smaller effect size
between these groups indicates a diminishing incremental difference in motivation relative
to the differences observed between lower and moderate levels, and between lower and
higher levels. Furthermore, the relatively greater within-group variance suggests greater
dispersion in GPM responses, indicating that while SOB was significantly associated with
motivation, individual perceptions of GPM were more heterogeneous than those for other
constructs, such as PU.

Regarding social value, the descriptive findings suggest a mixed but generally positive
perception of it associated with smartwatch use. While just over half of the respondents
agreed that their smartwatch supported their lifestyle, a notable proportion expressed
negative views regarding socially oriented features. Specifically, just under a third disagreed
that they enjoyed sharing the progress of their activities, and a similar proportion indicated that
such sharing did not enhance their motivation. According to Epstein [44], smartwatch users
use data-sharing features to present a favourable image of themselves to others. However,
the proportion of negative responses could signal that many respondents may choose not to
engage with data-sharing features due to the possibility of scrutiny from others and possibly
lower PA levels. Despite these reservations, overall perceptions of social value remained
largely positive. These results are consistent with those of Asimakopoulos et al. [6] and
Pennington and Dam [54], who found that social interaction and data sharing among
smartwatch users positively impact users’ PA engagement, device interaction, and CU]I,
which relate to perceived value.

The inferential results indicated that SQB was significantly associated with perceived
social value, providing support for H5. Although social value is inherently more context-
dependent and socially constructed than constructs such as PU or pleasure, the findings
demonstrate that it varies systematically across SQB groups. This result suggests that
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differences in behavioural (or SQB) levels are associated with meaningful shifts in users’
perceptions of social benefit and social image. More specifically, respondents with lower
SQB levels reported lower social value than those with moderate or high SQB. The largest
practically significant difference was observed between the lower and higher SOB groups,
suggesting that the most pronounced difference in perceived social value is associated
with these extremes. Furthermore, even moderate levels of SQB were associated with
significantly higher social value. While social value is higher among those with high
SQB compared to those with moderate SQB, the smaller effect size between these groups
suggests a diminishing incremental difference in social value at higher SQB levels. Overall,
these findings suggest that SQOB is significantly associated with perceived social value,
albeit with greater variability reflecting the socially contingent nature of the construct.

6.3. Updated Research Model

Figure 3 illustrates the updated model. Since H1 was not supported, the smartwatch
brand is no longer included in the model. The other four hypotheses were supported,
indicating that as the level of SQB rises, the more the respondents found smartwatches
useful, enjoyed using them, and were motivated to pursue their fitness goals. SOB also
affected the social value they experienced, albeit to a lesser extent.

Value

Utilitarian Value

Perceived
Usefulness

Hedonic Value

Self-Quantification
Behaviour (SQB)

Pleasure

Goal Pursuit
Motivation
Social Value

Figure 3. Updated research model: smartwatch SQB associations with value.

The study met the requirements for validity and reliability. Content and face validity
of the questionnaire were ensured through a multiple-step approach that included an
expert review and a pilot test. The survey administration procedures followed ethical
guidelines and aimed at reducing measurement error and response bias.

6.4. Limitations and Future Work

A limitation of the study was the slightly skewed sample, which was mostly young
male smartwatch users. The respondents in this study were also recruited through self-
selection and had to own or use a smartwatch, which could indicate a pre-existing interest
in health and thereby introduce potential bias into the study. The research was also limited
by the number of smartwatch brands used by the participants, to reduce the effort of
integrating data from hundreds of smartwatch brands. Another limitation of this paper is
that only computing professionals in South Africa were included in the target population.
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While the study’s design limitations limit broad generalisability, it offers meaningful,
contextually grounded insights. The use of a convenience sample, largely comprising
younger male computing professionals within a single national context, enables a focused
examination of smartwatch use within a relevant and increasingly influential user group. As
the respondents were active smartwatch users, the findings provide direct insight into the
behaviours and perceptions among engaged adopters, which is valuable for understanding
real-world usage patterns. Although the cross-sectional design limits causal inference, the
results identify important associations and areas of variability (e.g., in social value) that
can inform theory development and guide future hypothesis testing.

Future research could extend the study through replication in more diverse popula-
tions, as well as through longitudinal and experimental approaches to further interrogate
causal mechanisms, behavioural change over time, and the effectiveness of specific device
features and intervention strategies in promoting sustained SQB and related health out-
comes. In addition, other studies could investigate larger sample sizes in other contexts
and countries. For example, research could replicate the study among other sedentary
professions to identify new and similar trends. It is also recommended that the association
between smart device functions and SQB should be investigated. Further research could
examine additional constructs to identify and test their impact on the four suggested value
constructs for maintaining and improving PA.

6.5. Research Contributions

The paper contributes to the field of personal informatics and self-quantification, in
which self-quantified users collect PA data about themselves to support self-reflection.
It addresses the gap identified in Cho et al. [10] regarding the lack of research on users’
perceptions of smartwatch value. Understanding the value of smartwatches could guide
manufacturers in designing these devices to motivate and encourage users to increase
movement, thereby reducing sedentary behaviour and the risks of illnesses and non-
communicable diseases associated with it. In companies, reducing sedentary behaviour by
encouraging PA can improve employee health and productivity and reduce absenteeism
due to ill health.

7. Conclusions

This study extended the personal informatics systems model to examine smartwatch
SQB and its effects on perceived value among office-based smartwatch users in South
Africa. Using survey data from 107 respondents, we found that overall SQB was positive
and broadly consistent across smartwatch brands; therefore, brand was not significantly
associated with SQB in this sample. Higher levels of SOB were associated with higher PU,
pleasure, GPM, and perceived social value, with the most significant relationship observed
for PU and GPM. Notably, several relationships exhibited threshold or diminishing-return
patterns: usefulness was markedly higher among those who had reached a sufficient level
of SQB compared to those below it, pleasure differed most between the low and moderate
SQB groups, and social and motivational gains showed smaller incremental differences at
higher SQB levels. Overall, the results suggest that the respondents perceived smartwatches
as useful, enjoyable, and moderately valuable in terms of GPM, while their social value
remained ambiguous. The relatively narrow confidence intervals for PU and pleasure
indicate stable estimates, whereas the wider dispersion observed for GPM and social value
suggests more diverse user experiences.

This paper provides three main contributions: (1) the SQB process for smartwatches
(Figure 1), (2) a model of the factors influencing the perceived value of smartwatches
(Figure 3), and (3) the application of these models to smartwatch users in South Africa. It
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fills the gap in the limited publicly accessible, peer-reviewed data on smartwatch brand
usage specifically in South Africa. Whilst there is some detailed market data from paid
industry reports (e.g., International Data Corporation and Canalys), these are not freely
accessible. Reports or articles that are available often mix smartphones and smartwatches
or focus on niche segments such as cyclists or runners or lack methodological transparency.

The findings of this paper have three primary implications. Theoretically, they rein-
force the central role of behavioural engagement in shaping multiple dimensions of product
value within personal informatics frameworks. Practically, they suggest that designers and
manufacturers should prioritise features and onboarding strategies that foster sustained,
meaningful SQB, given its strong association with higher perceptions of usefulness and
motivation, while recognising that incremental hedonic or social gains may plateau. For
organisations, facilitating employees’ use of smartwatch self-tracking may support PA
goals and associated well-being benefits.

The study fills a gap in understanding how data collected from users and managed by
smartwatches can transform human behaviour in ways that positively affect their health.
Understanding the impact that SQB can have on the value that smartwatch users experience
can benefit users themselves, smartwatch manufacturers, and researchers. Smartwatch
users gain more insights into their PA and can adjust their SQB accordingly to maximise
the value they get from their devices. Smartwatch manufacturers can use the results of this
paper to conduct focus groups and possibly identify techniques to promote SQB and PA
through smartwatch and companion mobile app functions. Researchers can benefit from
this paper’s findings by gaining a deeper understanding of smartwatch value, which could
serve as a basis for further research and analysis. In summary, this study demonstrates that
engagement in smartwatch self-quantification meaningfully shapes users’ perceptions of
device value—particularly usefulness and motivation—and highlights the importance of
fostering adequate levels of behavioural interaction to realise the functional and motiva-
tional benefits of wearable personal informatics.
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Abbreviations
The following abbreviations are used in this manuscript:
PA Physical Activity
SQB Self-Quantification Behaviour
PU Perceived Usefulness
GPM Goal Pursuit Motivation
LED Light-Emitting Diode
RAM Random Access Memory
Csv Comma-Separated Values
JSON JavaScript Object Notation
XML eXtensible Markup Language
CUI Continuous Usage Intention
WHO World Health Organization
SD Standard Deviation
CI Confidence Interval
ANOVA  Analysis of Variance
Q1 Quartile 1
Q3 Quartile 3
Appendix A. Frequency Distributions
Frequency distributions—PU (n = 107)
Strongly . Strongly
Statement Disagree Disagree Neutral Agree Agree
n % n % n % n % n %
PUj;: Using my smartwatch is useful to me. 1 1% 1 1% 7 7% 53  50% 45 42%
PUj,: Using the smartwatch increases my physical productivity. 4 4% 7 7% 25 23% 39 36% 32 30%
.PU3: Usi.ng my.smartwatch éllows me to navigate relevant 1 19% 5 59 19 18% 58  54% 24 229,
information quickly and easily.
Frequency distributions—pleasure (n = 107)
St 1 St 1
.rong y Disagree Neutral Agree TOREY
Statement Disagree Agree
n % n % n % n % n %
PL;: Using my smartwatch is fun to me. 2 2% 2 2% 18 17% 51 48% 34 32%
PL,: Using my smartwatch keeps me happy. 2 2% 4 4% 42 39% 40 37% 19 18%
PL3: Using my smartwatch is enjoyable to me. 2 2% 1 1% 23 21% 60 56% 21 20%
Frequency distributions—GPM (n = 107)
St 1 St 1
.rong ¥ Disagree Neutral Agree TOREYy
Statement Disagree Agree
n Y% n % n % n Y% n %
GPM;: Usi twatch tivat t
1- st My smariwa’eh motvates me o 3 3% 7 7% 21 20% 44 41% 32 30%
work towards a healthier lifestyle.
GPM;: Usi twatch k tivated
2 —SIg my smarhwatch keeps Me motvate 4 4% 13 12% 25 23% 37 3% 28 26%
to exercise regularly.
GPM3: Usi twatch push t
3 —SIg My Smartwalich prshes me 1o 6 6% 9 8% 24 2% 32 30% 36  34%

increase the effort I put toward exercising.
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Frequency distributions—social value (1 = 107)

St 1 St 1
.rong y Disagree Neutral Agree TONEY

Statement Disagree Agree
n % n % n Y% n % n %

V1: 11k i twatch for shari
5V3: Tlike using my smartwatch for sharing my 23 21% 31 29% 26 24% 18 17% 9 8%
activity progress with others.

. Shari ith others hel
SVy: Sharing my progress with othershelpstokeep ) 00 53 5100 55 9300 17 1% 11 10%
me motivated.

SV3: Using this smartwatch supports my lifestyle. 6 6% 5 5% 21 20% 56  52% 19 18%

Appendix B. ANOVA Results

ANOVA—SQB by smartwatch brand

Source of Variation SS df MS F P Significant
Between Groups 3.67 4 0.92 0.88 0.477 No
Within Groups 106.03 102 1.04

Total 109.70 106

ANOVA—PU by SQB

Source of Variation SS df MS F 2 Significant
Between Groups 19.80 2 9.90 3542  <0.0005 Yes
Within Groups 29.06 104 0.28

Total 48.86 106

ANOVA—Pleasure by SQB

Source of Variation SS df MS F P Significant
Between Groups 16.11 2 8.05 17.69  <0.0005 Yes
Within Groups 47.36 104 0.46

Total 63.47 106

ANOVA—GPM by SQB

Source of Variation SS df MS F P Significant
Between Groups 24.53 2 12.26 14.47  <0.0005 Yes
Within Groups 88.15 104 0.85

Total 112.68 106

ANOVA—Social value by SQB

Source of Variation SS df MS F P Significant
Between Groups 22.01 2 11.01 1411  <0.0005 Yes
Within Groups 81.14 104 0.78

Total 103.15 106
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