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Abstract 
The boundaries between life and work become 

blurred, and new work patterns are very demanding 
for employees. Future work environments should 
consider employees’ health and pay more attention to 
digital interventions for preventive health behavior 
and well-being at work. Accordingly, this study 
focuses on identifying employees’ needs and triggers 
to engage in self-quantifying at work. To assess this 
objective, we develop employees’ types based on 
survey data and cluster analysis. Our empirical results 
emphasize that the open-minded improvers are willing 
to engage and that they are not susceptible at all, while 
the conscious pragmatists value the perceived 
usefulness and autonomy of self-quantifying at work. 
The vigilant hesitaters might be triggered by social 
comparison. Our research provides a new perspective 
on engagement in self-quantifying, and insights for 
preventive health behavior, healthy employees, and 
well-being in future work environments. These results 
offer starting points for meaningful work to stay 
employable and productive. 

 
Keywords: self-quantifying at work, preventive health 
behavior, types of employees, occupational health, 
technology use  

1. Introduction  

Transforming work patterns and changing 
employment arrangements pose challenges to 
organizations and their employees (Baptista et al., 
2020). The boundaries between life and work become 
blurred (Richter, 2020), with COVID-19 as a 
facilitator of digital work and virtual teams. 
Specifically, employees’ work-life balance is more 
demanding due to remote work (Charalampous et al., 
2019) and the lack of spatial separation (Herath & 
Herath, 2020). Remote working leads to employees 
suffering technostress, dissatisfaction, exhaustion due 
to virtual meetings, and triggers additional mental 

strain (Richter, 2020; Waizenegger et al., 2020). 
Although video conferences are held more frequently, 
employees feel lonely and isolated, leading to 
depressions (Alam, 2020). Likewise, longer working 
hours increase the risks of burn out (Kudyba, 2020). 
Organizations need to care for their employees to keep 
them employable and productive (Wessels et al., 2019) 
and to support their well-being at work to ensure 
healthy work environments. Employee well-being is 
multidimensional, linked to the  subjective perception 
and physical and mental constitution (Keeman et al., 
2017). Keeping this in mind, there is a substantial need 
to find solutions to establish work environments that 
prevent employees suffering from health-related 
issues at and due to their work. 

According to the World Health Organization 
(WHO), employees should have access to (digital) 
interventions providing health prevention and healthy 
workplaces (World Health Organization & Burton, 
2010). Occupational health is a discipline that 
promotes physical and mental health, as well as 
employees’ well-being (World Health Organization & 
Burton, 2010). Similarly, the objective to promote and 
improve health and working conditions is also known 
as workplace health promotion (Rongen et al., 2013). 
Organizations transform the health promotion in 
prevention toward employees’ empowerment and 
involvement. Accordingly, employees are invited to 
take over responsibility for self-care using voluntary, 
autonomous digital devices and platforms (Lupton, 
2016; Swan, 2013). A shift to self-motivated 
preventive health behavior can lead to a mindful work-
life balance (DeJoy & Wilson, 2003; Lupton, 2016). 
In fact, the underlying paradigm to adopt preventive 
health behavior at workplaces is that employees first 
become aware of their risks, acknowledge unhealthy 
behavior, and at the same time develop the motivation 
for a behavior change (Cheung et al., 2021). 

The documentation of physical and mental 
conditions, environmental factors, as well as biometric 
data improves self-knowledge and well-being (Ajana, 
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2017), and triggers users to improve their fitness and 
health (Swan, 2012). Self-quantifying therefore offers 
a great potential to achieve a better health condition 
and outcome and for health prevention (Swan, 2012). 
With this in mind, a behavior change is demanding 
(Becker, 1974).  Particularly, health behavior is mostly 
affected by attitudes, intentions, and social influences 
(Noar et al., 2008). Information and communication 
technologies (ICTs), including mobile and wearable 
technologies support self-tracking and self-
quantifying (used here as an umbrella term) (Lupton, 
2014; Swan, 2013). ICTs motivate toward behavior 
changes (Giddens et al., 2017) and create persuasive 
interaction (Oinas-Kukkonen & Harjumaa, 2009) by 
forming attitudes and, consequently, behavior. 
However, the decision-making process to use 
technologies for health-related reasons differs from 
other contexts (Sun et al., 2013). Since third parties 
can promote self-quantifying, for example, to enhance 
employees’ health and well-being, it appears 
challenging to understand the individual’s basic 
motivation and triggers for self-quantifying (Lupton, 
2014, 2016)—particularly in occupational settings. 

In our study, we concentrate on demystifying 
these triggers by categorizing employees’ types. Do 
employees really strive for improved self-knowledge 
through the evaluation of personalized data (Ajana, 
2017; Lupton, 2014; Oinas-Kukkonen & Harjumaa, 
2009) to prevent themselves from unhealthy working 
patterns? By focusing on extending the discourses on 
occupational health, health promotion and prevention 
at work using digital means, and by also observing 
how new work environments impact employees’ 
health and well-being, we pursue the following 
research questions: 
What employees’ types engage in self-quantifying? 
What determinants influence employees toward 
preventive health behavior at work? 

By using survey data and by applying a cluster 
analysis, our objective is threefold: First, we find value 
in understanding employees’ willingness and 
engagement in self-quantifying at work. Second, we 
develop employees’ types to offer new perspectives 
for self-quantifying and its acceptance. Third, we 
strive to explore the determinants influencing 
occupational self-quantifying and preventive health 
behavior. 

2. Theoretical background 

2.1. Self-quantifying in occupational settings 

Occupational health protects employees against, 
for example, hazards, risk, and issues associated with 
unhealthy workplace conditions (Schulte et al., 2012); 

engenders awareness in occupational settings; and can 
empower employees’ preventive health behavior. 
Accordingly, digital means assist to measure and 
intervene in employees’ behavior by offering 
automatic feedback (Roossien et al., 2021), 
monitoring productivity, identifying health risks, and 
providing instructions. Furthermore, this 
empowerment through recording health data (Lupton, 
2016; Swan, 2012) offers possibilities to identify 
health-related issues and to promote awareness and 
autonomy (Ajana, 2017). In fact, the collection of 
personal information support self-reflection, visualize 
performance (Lupton, 2014), and foster self-
knowledge (Choe et al., 2014). Employees are 
sensitized to unhealthy patterns and to circumstances 
that they are unaware of while, for example, observing 
body functions on a regular basis (Lupton, 2016). 
Besides this, the analytical functions have the power 
to maintain a targeted behavior (Lupton, 2014; Swan, 
2012). Digital technologies reveal hidden patterns, 
lead to the comparison of results and behavior in 
groups, and modify them (Lupton, 2014). Particularly, 
wearables have shown the potential to draw attention 
to health-related issues (Gonzalez & Mitra, 2019), to 
encourage self-quantifying, and to exhibit alternative 
behavior (Mercer et al., 2016). The user’s self-
quantifying motivation is often twofold: (1) improving 
the individual’s health by monitoring real-time data 
and (2) reaching a peer group’s competitive goal 
(Gonzalez & Mitra, 2019). Alternatively, engaging in 
self-tracking triggers positive emotions and feelings 
(Naci & Ioannidis, 2015) and creates well-being. For 
an organization, promoting health and well-being 
improves commitment (Rongen et al., 2013), leading 
to positive outcomes (Diener & Seligman, 2004), and 
a better performance (Bevan & Cooper, 2022). 

2.2. Understanding determinants for self-
quantifying and preventive health behavior at 
work 

The objective of our study is to explore 
employees’ types and motivation to engage in self-
quantifying for preventive health behavior at work by 
using technologies. Preventive health behavior builds 
on health-promoting activities to avoid health 
conditions (Harrison et al., 1992) since individuals are 
sometimes unaware of their actual behavior and 
behavior changes are challenging. Behavior develops 
over time and the motivation to engage should last for 
a considerable period of time for any benefit to be 
perceived (Bettiga et al., 2020). For this reason, 
regularly reinforcing employees’ motivation (Bettiga 
et al., 2020), for example, through self-monitoring 
techniques, is crucial to disrupt habits. Intention 

Page 3195



embraces the motivation to exhibit a specific behavior 
and appears to be the key indicator for achieving a 
certain outcome (Sheeran, 2002). Likewise, 
motivation is needed for valuing an intention and to 
change behavior in a particular manner (Sheeran, 
2002). Persuasive technological interventions support 
and motivate individuals to adopt healthy behavior and 
avoid harmful ones (Orji & Moffatt, 2016). Moreover, 
integrating the social dimension into an information 
system takes into account individuals’ willingness to 
evaluate their ability and their competitive behavior 
(Oinas-Kukkonen & Harjumaa, 2009). This can be 
done by setting goals and by competing with others 
(Oinas-Kukkonen & Harjumaa, 2009), thus changing 
behavior via motivation (Abraham & Michie, 2008). 
A competitive situation is also a major force to exhibit 
a particular behavior. Individuals strive for attention, 
coalition and peer formation, as well as stimulation 
from outside and the connection with others  (Lu et al., 
2004). Demonstrating well-being, a health-promoting 
behavior at work, and the belonging to a peer-group 
can influence the willingness to disclose and share 
personal information (Buchwald et al., 2017; Lu et al., 
2004). Consequently, we focus on social comparison, 
referring to the extent to which individuals are willing 
to evaluate, compete with regard to, and share their 
health performance and data with others (Zhang & 
Lowry, 2016). 

Similarly, to maintain employees’ ability to work 
(Wessels et al., 2019), they should be empowered to 
conserve their health and well-being and to adopt 
healthier working behavior. Accordingly, perceived 
autonomy emerges as referring to the extent to which 
individuals are enabled in personalized manners, using 
technologies freely and willingly (Zhang & Lowry, 
2016). If technologies foster employees’ sense of 
autonomy as a basic need and they feel enabled to 
regulate and interact autonomously, the employees are 
willing to use digital health devices at work (Roossien 
et al., 2021). Moreover, willingness to stay well and 
commitment to engage in being healthy at work 
(Roossien et al., 2021) is triggered by personalized 
digital health settings (Zhang & Lowry, 2016) that 
support employees’ perceived autonomy. Above all, 
employees aim to decide not only which personal 
information to voluntarily disclose or share but also 
how to reach their desired preventive health behavior 
(Roossien et al., 2021). 

Likewise, to increase awareness for an intended 
behavior change (Burke et al., 2009), self-monitoring 
as used in clinical contexts (Cohen et al., 2013) lends 
support to learn about the conditions, health behavior, 
and well-being, and helps understand and change 
habits (Abraham & Michie, 2008). Individuals can 
perceive their body and its signals more consciously. 

Particularly, to initiate behavior changes result from 
an individual’s digital documentation, the visualized 
performance, and the analytical functions through 
metrics (Burke et al., 2009; Lupton, 2014; Zhang & 
Lowry, 2016). Self-monitoring is the perceived degree 
of being able to observe and keep records of a certain 
health behavior. Furthermore, self-monitoring helps 
achieve stability in performing a routine, discloses the 
personal progress (Burke et al., 2009), and therefore 
has the disruptive power to change an unpopular 
behavior. Moreover, self-monitoring fosters 
awareness about the physical and mental condition, 
followed by the goal to keep up with a certain behavior 
(Barratt, 2017). 

At the same time, we integrate technology 
acceptance variables into our research. Technology 
acceptance evolves from attitude and positive 
willingness influenced by external factors (Davis, 
1989; Venkatesh et al., 2003). The technology 
acceptance model (TAM) analyzes these effects by 
using the two variables perceived usefulness and 
perceived ease of use (Davis, 1989; Venkatesh et al., 
2003). While perceived usefulness describes the 
degree to which a person believes in the benefits of 
and in using a technology, the perceived ease of use is 
the degree to which a technology can be used with 
little effort and expense (Davis, 1989; Venkatesh et al., 
2003). These variables relate to individuals’ attitude 
toward use and affect their behavior intention (Davis, 
1989). System attributes and characteristics cannot, 
however, solely reveal attitudes toward and intention 
to use (Davis, 1989; Fishbein & Ajzen, 1975). 

3. Research design and method 

We developed a questionnaire based on our 
literature review following Straub’s guidelines 
(Straub, 1989) to derive relevant factors for our 
categorization. Since high consistency and reliability 
are desirable, we adapted proven constructs, 
indicators, and their items from previously validated 
studies. During the development process set out in our 
study, we created item pools for each construct. We 
adjusted and redefined the item pools according to the 
following procedures: First, we asked experts to check 
the questionnaire, providing clarity about the target 
constructs’ relevance (MacKenzie et al., 2011). 
Second, we undertook a card-sorting and item-ranking 
exercise to ensure the measurement model’s quality. 
The constructs’ convergence and divergence were 
therefore to be assessed (Moore & Benbasat, 1991). 
Next, to perform our cluster analysis with R, we 
conducted a confirmatory factor analysis using SPSS 
AMOS 28. The model parameters were determined 
using the maximum likelihood method. The computed 
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factor scores were applied for our cluster analysis to 
reveal heterogeneous employees’ groups (Ketchen & 
Shook, 1996) and to derive meaningful and 
interpretable clusters. Except for a few, for example, 
demographic data, all our items were evaluated using 
five-point Likert-type scales. Our constructs included 
attitudes and opinions operationalized by means of 
reflective measures. 

The survey instrument was field tested under real 
conditions via an online-based survey in early March 
2022 in Germany. In spring 2022, the data collection 
took place for five weeks and resulted in a 
convenience sample of n=316 respondents, with fully 
completed online surveys. We assessed a completion 
rate of 78%. Sixty-two percent of the respondents are 
female, 37% are male, 1% are diverse. We noted an 
average age of 44 years. The sample used for this study 
affirmed a high educational level, with 61% having 
attained a university degree. We could not find 
significant differences between early and late 
respondents when it came to the respondents’ answers 
to the questionnaire, suggesting that the nonresponse 
bias’s threat could be excluded. Since not all the 
questions were mandatory, we ran a data imputation 
using 5,000 iterations (McKnight, 2007) to handle the 
missing data. However, we had to exclude two data 
sets during the data cleaning, as the response time was 
less than five minutes. After the data cleaning, n=314 
records remained. With this data set, we conducted our 
factor and cluster analysis. To estimate the number of 
clusters, we used the R package NbClust (Charrad et 
al., 2014). The results indicated four clusters including 
six constructs which were then used in k-means to 
evaluate our data (Kuncheva et al., 2006).  

4. Data analysis and results 

4.1. Factor analysis 

By examining the factor loadings, the results 
demonstrated that all loadings exceed the threshold of 
0.6 (Bagozzi & Yi, 1988). Furthermore, we analyzed 
the constructs’ reliability, convergent validity, as well 
as discriminant validity, and undertook several 
measures to assure a valid measurement model (Hair 
et al., 2017). All our constructs exceed the 
recommended threshold for the composite reliability 
of 0.7 (Nunnally, 1979) and for the maximal reliability 
(MaxR(H)). We assessed the minimum for the average 
variance extracted (AVE) of 0.5. Finally, the 
discriminant validity, measured by the maximum 
shared variance (MSV) (Hair, 2010), was successfully 
approved by AVE values of each latent construct 
higher than the corresponding MSV. Considering 
these results, it is evident that all our indicators exceed 

the required thresholds. Table 1 demonstrates these 
results. 

Table 1. Results factor analysis. 

 
Finally, all of our constructs exceed the recommended 
threshold for the Cronbach’s alpha of 0.70 (Nunnally 
& Bernstein, 2008), indicating high internal 
consistency of the constructs. 

4.2. Cluster analysis 

With the cluster analysis, we intended to obtain 
insights on the applicability of our variables to derive 
meaningful and interpretable clusters. The 
determination of the data basis, the data cleaning, as 
well as the measurement model's validation improved 
the results’ value and quality (Fayyad et al., 1996). 
Furthermore, we passed several rounds for the 
algorithm’s selection, the data mining, and the 
interpretation of our results (Fayyad et al., 1996) to 
discover the most relevant categorization. In total, we 
used six clustering methods (HAC Ward, DIANA, k-
means, PAM, mclust, fuzzy c-means) and compared 
them when it came to our research endeavor’s added 
value. We decided to continue with k-means and 
determined an overall average silhouette coefficient of 
0.29. As a result of this process, we were able to derive 
four different employees’ clusters shown in Table 2.  

Cluster 1 includes 86 employees with a slightly 
averse tendency to engage in self-quantifying in 
occupational settings. This group neither develops a 
behavior intention nor perceives any usefulness and 
autonomy of or while self-quantifying at work.  
However, in general, these employees do not entirely 
question self-monitoring. Although it appears that they 
are undecided, they are not so strongly opposed to 
social comparison. Consequently, we name these 
employees vigilant hesitaters. 

Factors CR AVE MaxR(H)
Social comparison .940 .888 .944
Perceived autonomy .908 .711 .910
Self-monitoring .848 .651 .856
Perceived usefulness .903 .703 .930
Perceived ease of use .756 .509 .760
Behavior intention .942 .802 .956

Note: CR = composite reliability, AVE = average variance 
extracted, MaxR(H) = maximal reliability
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Table 2. Results cluster analysis. 

 
Cluster 2 includes 105 employees, and all factor 

scores are above the average zero mean. These 
employees have a distinct motivation to engage in self-
quantifying, and they also perceive its usefulness. 
Similarly, they develop a positive behavior intention. 
This group also has an affinity toward observing and 
monitoring their health behavior and aim to engage 
with little effort and expense. Above all, these 
employees appreciate social comparison. We name 
them open-minded improvers, as they are interested in 
improving their preventive health behavior and well-
being at work.  

Cluster 3 includes only 22 employees who have 
the opposite preferences and share no similarities with 
Cluster 2. This group, i.e. Cluster 3, has the lowest 
factor scores. Consequently, these employees do not 
perceive any usefulness of occupational self-
quantifying. This is also reflected in the negative 
results of behavior intention. Moreover, their interest 
in monitoring their health behavior is vague. They do 
not intend to compare their results and compete within 
their team at work. Consequently, we call them skeptic 
independents.  

Cluster 4 includes 101 employees. This group, the 
conscious pragmatists, represents a rather neutral 
stand. It appears that these employees perceive self-
quantifying as useful. They will very likely engage, 
and perceive self-quantifying easy to use. Perceived 
autonomy plays an essential role to them. This group 
indicates that the digital documentation and 
monitoring of health behavior is conceivable for them. 
Interestingly, these employees are not willing to 
compare their health performance with others. Our 
employees’ types including a short description is 
shown in Table 3. 

 
 
 

Table 3. Employees’ types. 
Types Definition 
Vigilant 
hesitater  
(n=86) 

Susceptible to usefulness and 
engagement,  
not so strongly averse to social 
comparison  

Open-minded 
improver  
(n=105) 

Not susceptible at all, 
strive for social comparison 

Skeptic 
independent  
(n=22) 

Susceptible to everything,  
cannot associate any benefits  

Conscious 
pragmatist 
(n=101) 

Susceptible to social comparison,  
need autonomy, value usefulness, 
intend to engage 

 
The different characteristics including the measures’ 
results are shown in Figure 1.  
 

 
 

 

k-means Cluster 
1

Cluster 
2

Cluster 
3

Cluster 
4

F value 
(ANOVA)

Social 
comparison -0.047 1.039 -0.790 -0.868 124.465

Perceived 
autonomy -0.731 0.581 -1.894 0.434 230.918

Self-
monitoring -0.310 0.489 -1.815 0.152 134.440

Perceived 
usefulness -0.741 0.554 -2.043 0.501 171.389

Perceived 
ease of use -0.365 0.255 -1.079 0.281 59.232

Behavior 
intention -1.083 0.718 -2.157 0.645 282.810
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Figure 1. Radar charts of clustering results.  

 
We iteratively process and highlight the 

differences in our clusters. The difference between the 
open-minded improvers and the conscious pragmatists 
is that the latter is susceptible to compete and to 
compare self-quantified results in a team. The vigilant 
hesitaters, on the other hand, are less averse to 
competition and comparing and could be persuaded to 
disclose their personal information and progresses in a 
team. We found that the vigilant hesitaters (with 65% 
in full-time jobs) have an explicit tendency to balance 
working from home and working in the office; most of 
them assess their state of physical and mental health as 
very good to quite good. At the same time, the skeptic 
independents relate to the generation consisting of 
persons who are 50–65 years old. While most of the 
open-minded improvers are younger than 45, the 
conscious pragmatists are predominantly older than 
40. The skeptic independents assess their physical and 
mental health as very good to quite good. 
Interestingly, an above-average number of employees 
in this cluster works regularly, switching between 
working from home and working at the office. Fifty-
five percent of these employees work full time. The 

group of open-minded improvers includes 
predominantly women. On average, manifested by 
contract, they work fewer hours per week (47% work 
30–39 hours per week; 28% work over 40 hours per 
week) than the other groups. These employees assess 
their physical and mental health as quite good to very 
good. Sixty-nine percent of the conscious pragmatists 
work full time, with predominantly men within this 
cluster. This group assesses their state of health as 
follows: physically very good to quite good, mentally 
quite good to very good, and 14%, surprisingly, as 
excellent. 

6. Findings and conclusion 

In our study, we proposed to explore employees’ 
types and motivation to engage in occupational self-
quantifying for preventive health behavior. Keeping in 
mind how new work environments impacted 
employees, our analysis offer a solid, promising 
starting point, as not much is known about digital 
occupational health including self-quantifying in 
occupational settings (Hall et al., 2022; Yassaee & 
Mettler, 2019). Our findings present a unique 
perspective on employees’ needs, determinants, and 
behavior intentions. The results, based on survey data 
and cluster analysis, demonstrate that the open-minded 
improvers and the conscious pragmatists are interested 
in self-care and preventive health behavior at 
workplaces. Nonetheless, they value the ease of use 
and usefulness of technologies that reveal hidden 
(unhealthy) patterns (Lupton, 2014) and improve their 
well-being. We found that, on the one hand, social 
comparison and the achievement of a competitive 
health goal play a vital role. Moreover, by triggering 
social comparison through, for example, setting goals, 
the willingness to engage in self-quantifying could be 
achieved for vigilant hesitaters. Interestingly, on the 
other hand, we discover that social comparison can 
influence employees and their behavior intention 
negatively (conscious pragmatists). The skeptic 
independents appear out of reach or unconvinced of 
self-quantifying in occupational settings. 
Consequently, they are not motivated to engage in 
preventive health behavior and well-being at work. 
These employees are not willing to disclose or share 
health data in a group to reach a outcome (Roossien et 
al., 2021). The conscious pragmatists perceive 
autonomy as important while evaluating personal 
progress, achieving routine, and disrupting unhealthy 
behavior at work (Burke et al., 2009). After all, these 
employees do not pursue for a stimulation from 
outside. 

Surprisingly, we observe that the balance between 
working from home and the office could positively 
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affect employees’ assessment of their physical and 
mental health (for the vigilant hesitaters and the 
skeptic independents). Furthermore, employees who 
do not always work full time, like the open-minded 
improvers, embrace self-quantifying at work. 

Our research emphasizes that self-quantifying is 
an opportunity to improve preventive health behavior 
at work in a particular manner (Sheeran, 2002), even 
if one can speak here of a mix of pushed self-tracking 
using persuasive computing for a behavior change 
(Purpura et al., 2011). Awareness of employees’ 
preventive health behavior should not be lacking in 
organizations’ new work environments. We recognize 
that there is an existing need to increase our attention 
on digital interventions for the care of employees, 
particularly through prevention that applies self-
quantifying in modern organizations. Moreover, as our 
study concentrates on employees’ health, in further 
research, this field should be widened towards 
managers or self-employed individuals. Our 
theoretical contribution lies in the development of an 
employees’ typology as an instrument with which to 
face the different determinants for preventive health 
behavior in future healthy work settings. Our practical 
contributions lie in helping organizations that deal 
with impacts of digital work on their employees and 
transforming work patterns. These organizations are 
enabled to understand the triggers of employees’ 
engagement and overcome obstacles so as to promote 
preventive health behavior and well-being, which, in 
turn, can develop into a supportive addition to the 
meaningfulness and quality of work (Rongen et al., 
2013). Besides this, employees’ voluntary self-
quantifying at work is a chance to create awareness of 
prevention (Kim et al., 2016), reveal health-related 
issues, and in the long term encourage employees to 
exhibit alternative health behavior (Oinas-Kukkonen 
& Harjumaa, 2009). Furthermore, we complement the 
domains of occupational health and workplace health 
promotion, ICT (including mobile and wearable 
technologies), as well as the health behavior domain, 
by demonstrating a new and empirically-based 
categorization, using clustering technique. 
Conversely, from a critical perspective, employees’ 
dataveillance and tracking are, however, ethically and 
culturally questionable (Roossien et al., 2021). 

7. Limitations and further research 

We propose that self-quantifying in occupational 
settings is a key factor for preventive health behavior 
in new work environments. Therefore, we intend to 
clarify the employees’ motivation and determinants 
for this voluntary endeavor. We face several 
limitations and identify departure points for further 

research: We are aware that our research could not 
explain how behavior evolves. Furthermore, we are 
also acknowledge that our research could not 
demonstrate if self-quantifying at work exhibits a 
specific preventive health behavior and results in 
behavior changes. We could not rule out that 
unconscious cultural bias influence the responses and 
our findings. At the same time, for the k-means 
clustering, we had to specify the number of clusters in 
the beginning and only handle numerical data. We are 
aware of the sensitivity to clusters’ outliers due to the 
use of mean values (Grabusts, 2011). Since we only 
collected data online, our results’ generalization and 
application in other settings and contexts may be 
questioned (Lee & Baskerville, 2003). Our study’s 
scope is limited due to the design, the data collection, 
and variables referring to a single point in time. 
Moreover, despite our accurate items’ testing by card 
sorting, it appears possible that by applying items in a 
different cultural area, the same associations are not 
always made. Nevertheless, our study’s design allows 
research endeavors to replicate, for example, in the 
occupational health domain.  

Making use of our findings, we suggest 
employing personality traits, guiding perception and 
behavior (McCrae & John, 1992) for future research 
approaches. Employing personality traits could be 
relevant, as they can be vital components not only to 
design self-quantifying at workplaces but also to 
influence the technology’s use (Barnett et al., 2015). 
Furthermore, we encourage to assess the effects of 
gamified information systems, following the gamified 
tasks triggering motivation and employees’ 
engagement (Barratt, 2017) for self-quantifying. 
Summing up, we expect that there should be more 
conceptual models and insights on employees’ 
preventive health behavior and well-being at work to 
handle the demands and the nature of future work 
environments.  Consequently, within our next research 
project, we analyze and integrate health beliefs, based 
on the assumption that individuals strive to stay well 
and attempt to avoid perceived health threats (Becker, 
1974; Rosenstock, 1974). From this project, we expect 
to predict the likelihood of adopting preventive health 
behavior at work (Rosenstock, 1974). Furthermore, 
scoping a longitudinal study, we claim that any 
behavior change might occur over a period of time to 
create a foundation for healthier working in 
demanding work environments for all those in 
professional settings. 
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