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Summary 

Digital transformation significantly impacts various societal aspects, including the domain of 

the built environment (Thomas, 2020). Smart technologies promote the “application of data 

to drive autonomous controls […] to deliver improved health, wellness, human performance, 

comfort, efficiency, safety and security” (Nelson et al., 2022, p. 326). Smart technologies 

which involve the acquisition, analysis and application of data (Zhang et al., 2022) are also 

being integrated into workplaces, transforming them into smart offices. This research focuses 

on those that assess the health and comfort of office workers which is a scarcely researched 

subdivision of smart offices (Papagiannidis & Maeikyan, 2020). Thus, this thesis is predomi-

nantly an exploratory research trying to contribute to this research gap.  

Improving working conditions and office workers’ satisfaction is a growing priority 

for many employers (Attaran, 2017; Brugmans et al., 2017). Related to that is the health and 

comfort in the office which are important concerns among office workers and their employers 

promoting this for them (Borsos et al., 2021). Consequently, it seems especially relevant to 

investigate assessment tools, which in this study can be defined as instruments and methodol-

ogies used to acquire, analyse and apply data to promote the two objectives of health and 

comfort in the office. Since these assessment tools are mostly implemented for the benefit of 

the office workers, understanding their preferences towards these tools is critical for a suc-

cessful office design (De Been & Beijer, 2014; Kim & de Dear, 2012). That said, little re-

search is done regarding the opinions of office workers themselves about these assessment 

tools. 

This research focuses on two main constructs: First, based on the literature review, the 

types of assessment tools and which characteristic attributes of these tools office workers pre-

fer are analysed. In particular, four assessment tools that are especially representative of tools 

existing in real offices and are distinguishable by their level of smartness are identified: sur-

veys, smartphone app-based surveys, room-mounted sensors, and wearables. Which specific 

health and comfort aspects these tools should address from the viewpoint of the office work-

ers are derived from the literature review. The sedentary behaviours, stress levels, as well as 

lighting, temperature, and noise conditions are concluded to be the five most prominent as-

pects of office workers’ health and comfort in the office environment. Second, the literature 

reveals that the perception of the assessment tools is influenced by various personal charac-

teristics of office workers, such as their perceptions of health and comfort regarding their cur-

rent office environments, their demographic backgrounds (age, gender, origin, education 
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level) and their previous experiences (with assessment tools and with digital devices, as well 

as their attitudes towards data privacy). Thus, the main research question is formulated as fol-

lows: 

How do attributes of assessment tools and personal characteristics relate to office 

workers’ preferences for assessment tools assessing their health and comfort in the 

office? 

An online questionnaire is developed for this exploratory research that is distributed within 

personal and professional networks. 46 responses from office workers predominantly from 

the Netherlands and Germany are included in the descriptive and bivariate analysis. 

The analysis reveals a generally positive attitude of office workers towards tools 

providing (very) personalised outputs, measuring environmental and bodily parameters, uti-

lising artificial intelligence, and collecting data via the smartphone. A high accuracy of tools 

and frequent data measurements are also viewed favourably among office workers. Con-

versely, a neutral opinion exists towards tools tracing movement patterns, the responsibility 

of data collection (internal vs. external party), and the method of data collection (self-re-

ported vs. automatic). Office workers express dislike if personal information is collected and 

if measurements take place directly on the body. 

Many of the tools’ specific attributes significantly impact their desirability among of-

fice workers – if the tool’s attributes are perceived positively, it is likely that this assessment 

tool as a whole is rated positively. Smarter tools, such as wearables, offer substantial benefits 

but are perceived as more intrusive. The trade-offs between these attributes relate to how 

tools are ranked and which ones workers prefer to have in their offices. Notably, office work-

ers prefer room-mounted sensors for assessing comfort aspects, while wearables are favoured 

for measuring health aspects despite the fact this tool collects personal information directly 

on the body. Thus, a general preference for smarter tools seems to exist. Wearables are an 

outlier, being preferred for health but not comfort. Surveys are also widely accepted despite 

their unfavourable ranking, suggesting that non-smart tools are less polarising compared to 

smart tools. That said, a majority of office workers favour having surveys, smartphone apps, 

and room sensors present in the office and would like to have all five major health and com-

fort aspects addressed by these tools. 

While attributes of assessment tools majorly relate to office workers’ preferences, per-

sonal characteristics like demographics also play a role. Interestingly, relatively older office 

workers (the mean age of the sample being 32.7 years) show greater favour towards advanced 

tools, and women tend to be more supportive of wearables and prefer their own organisation 
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to be in charge of data collection. If office workers are already pleased with the health and 

comfort in their office, they are less inclined to favour tools that address their health and 

comfort. While these insights contribute new findings to existing literature, other variables 

like the origin and education level of office workers, contrary to prior findings in the litera-

ture, do not seem to have a relationship with office workers’ perceptions within this sample. 

Similarly surprising is that previous experiences with tools as well as office workers’ technol-

ogy savviness and attitude towards data privacy do not consistently predict preferences, 

which challenges the initial expectations. 

The findings are intended to help workplace managers and assessment tool manufac-

turers in creating more favourably received assessment tools providing a higher utility to of-

fice workers. When introducing assessment tools in the office, a gradual implementation to 

get office workers acquainted with the tools while paying attention to their different personal 

needs and concerns can enhance the usage of the assessment tools. While there is no one-

size-fits-all solution, tool manufacturers should minimise intrusiveness while maximising the 

personal insights of tools. Making tools more customisable for the individual while prioritis-

ing data privacy is a possible design strategy. 

The study has several limitations. The sample is relatively small and biased towards 

highly educated, relatively young office workers from the Netherlands and Germany. The 

risk of confounding variables and underlying biases because of the chosen methodology 

moreover limits the validity of the insights, resulting in, amongst other aspects these key 

takeaways for future research efforts: a larger, more diverse sample, incorporating qualitative 

or mixed methods, and exploring additional variables.  
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1. Introduction 

Digitalization has a major influence on almost every aspect of society (Thomas, 2020). The 

built environment is no exception to that. An often-cited concept within this context is the 

term ‘smartness’. This attribute is often associated with the city or the building (Froufe et al., 

2020) but is also used on a smaller spatial scale level. A prominent example is the smart 

home which is subject to extensive research efforts (Mozer, 2005; Marikyan et al., 2019). De-

spite the steadily rising number of related scientific publications on this topic, comparatively 

little research can be found about smartness in relation to the workplace (Marikyan et al., 

2019). Where research exists, office buildings are typically researched the most (Remes et al., 

2022), but other workplaces, such as construction sites (Huo, 2020; Patel et al., 2022; Zhang 

et al., 2023) are also considered. 

Smart offices are becoming increasingly popular (Nanayakkara et al., 2020). As part of 

the smart building domain, they promote the “application of data to drive autonomous con-

trols […] to deliver improved health, wellness, human performance, comfort, efficiency, 

safety and security” (Nelson et al., 2022, p. 326). The application of data refers to a multi-

layered concept that includes the acquisition, analysis and finally the application of data 

(Zhang et al., 2022). Moreover, this definition includes different beneficiaries of smart office 

technologies which cannot just be the building owner or the environment but also the users of 

the spaces (Froufe et al., 2020). The group of users can be split into the employers and their 

employees as their interests are not necessarily the same. Of course, companies expect a re-

turn on their investment either through direct benefits such as a reduction of costs for the 

building operation (Brugmans et al., 2017) or by boosting office workers’ productivity (Papa-

giannidis & Marikyan, 2020; Remes et al., 2022; Van der Valk et al., 2015). However, many 

studies reveal that employers tend to introduce such technologies with the primary purpose of 

improving the working conditions and satisfaction of the office workers which in turn could 

of course boost their productivity (Attaran, 2017; Brugmans et al., 2017; Papagiannidis & 

Marikyan, 2020).  

It, therefore, seems especially relevant to further evaluate office workers as a subgroup 

of beneficiaries of smart technologies in the office. Recent developments such as the Covid-

19 pandemic reveal feasible alternatives to the office as a workplace for office workers such 

as teleworking, leaving many office spaces vacant to this day (Barnes & Ferris, 2023). As of-

fice workers often do not view working in the office as a necessity anymore (Gibson et al., 

2023), the resulting lack of attendance may cause concerns for companies. Vital elements of 
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working in the office such as collaboration, informal meetings and spontaneous social inter-

actions between office workers are limited if interactions only occur online (Smite et al., 

2023). Thus, it comes as no surprise that companies put an increasing effort into improving 

the experience office workers have in their office spaces as one component of persuading 

them to come back into the office more regularly (Appel-Meulenbroek et al., 2022). Offering 

a lot of potential benefits to office workers, smart technologies can become a part of this 

strategy. As user preferences, perceptions and adoption are central to the success of any of-

fice design (De Been & Beijer, 2014; Kim & de Dear, 2012; Tuzcuoğlu et al., 2023), examin-

ing office workers’ preferences about smart technologies is crucial. 

These technologies address a wide range of purposes such as enhancing social behav-

iour and collaboration (Kim et al., 2012; Mićić et al., 2022), increasing happiness (Yano et 

al., 2015), safety (Moshawrab et al., 2022), productivity (Papagiannidis & Marikyan, 2020; 

Remes et al., 2022; Van der Valk et al., 2015), improving space utilization (Clark et al., 2018; 

Valks et al., 2021), and health and comfort (He & Agu, 2014; Koldijk, 2012; Mateevitsi et 

al., 2014; Muaremi et al., 2013).   

The office environment is responsible for a whole range of health and comfort-related 

concerns for its occupants (Zhang et al., 2022). In line with the generally rising public aware-

ness of those issues (Borsos et al., 2021), experts believe that it is important to incorporate 

health as a major quality within the office environment in the future (Nanayakkara et al., 

2021). 

Consequently, this study specifically focuses on instruments and methodologies that ac-

quire, analyse and apply data (a three-layered architecture introduced by Zhang et al., 2022) 

to improve the health and comfort of office workers. While smart technologies can fulfil 

these objectives, other comparable methodologies such as surveys that may not satisfy the 

above introduced standards of smartness by Nelson et al. (2022) try to achieve those results 

too. The goal of this research is to find out about office workers’ preferences towards the in-

struments and methodologies that can be considered relatively smart but also those that 

would not necessarily be labelled smart. This allows for a comparison between the prefer-

ences towards these very different configurations. Whether being smart or not, these instru-

ments and methodologies are combined under the term assessment tools in this study. 

Health and comfort-related assessment tools focus on a quite diverse set of aspects 

(why these in particular are chosen is described in the literature review). Relevant aspects that 

they try to tackle, amongst other things, are stress levels, sedentary behaviours, temperature, 

lighting and noise conditions for workers in the office environment. As different assessment 
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tools often prioritize only a limited number of those health and comfort-related aspects, it is 

especially interesting to know which of them, not just which health and comfort aspects but 

also which assessment tools that address those, are actually most preferred. Moreover, it is 

intriguing to find out in how far these preferences for assessment tools differ depending on 

which health and comfort aspects are addressed. Amongst other things, such insights could 

help workplace managers put a higher priority on implementing certain tools (over others) 

that focus on specific health and comfort aspects. While other studies underline the im-

portance of health and comfort to office workers (e.g., Borsos et al., 2021), to my knowledge 

research is scarce that takes the next step to derive which of these 5 major health and com-

fort-related aspects of assessment tools are preferred over the others by the office workers. 

Schall et al. (2018) compare different health risk factors that health professionals would be 

most interested in having captured by wearable sensors at their workplaces. However, as this 

study is restricted to wearables, a lot of health and comfort-related outcomes are not covered 

and only a specific user group (health professionals) is addressed.  

Instead, this thesis compares a broader range of tools, preferences and experiences 

among office workers in general - a much bigger user group compared to studies such as 

Schall et al. (2018). As such, this research is not just about wearables, but also room-mounted 

sensors controlling (among other things) the climate in the rooms, personalized surveys inte-

grated into smartphone apps and more conventional, anonymized surveys are included. These 

are 4 types of assessment tools derived from the literature review that are (or are becoming) 

relatively common in offices in relation to measuring the health and comfort of office users.  

To gain a deeper understanding of if, and why, certain tools are preferred over others 

and to potentially improve the setup of particular assessment tools, it is important to investi-

gate the attitude towards the specific attributes of the tools as well. Donkers et al. (2023) for 

instance choose attributes like the level of automatization of the assessment tools to then in-

vestigate for which assessment tools which level of automatization is most preferred. To my 

knowledge, this has not yet been done for a wider range of tool attributes within a single 

study. Thus, this study compares office workers’ perceptions towards 9 different attributes 

typical for the chosen assessment tools. The specification of the attributes varies between the 

different assessment tools and should either be perceived positively by office workers (a high 

range of outputs (Mani & Chouk, 2017) and a high accuracy) or negatively (measurements in 

close proximity to the user (Raff & Wentzel, 2023) and a large quantity of collected personal 

information (Gorn & Shklovski, 2016; Harper et al., 2022; Lai et al., 2003; Teebken & Hess, 

2021; Zieglmaier et al., 2022). For some attributes, it is unclear how office workers perceive 
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them at all or whether they perceive them positively or negatively. This concerns whether 

data is measured or self-reported, the frequency of assessments, which organization is respon-

sible for the assessments, the level of technological intelligence but also the level of automa-

tization (Ahmadi-Karvigh et al., 2017; Day et al., 2019; Donkers et al., 2023; Kwon et al., 

2019; Lashina et al., 2019; Tuzcuoğlu et al., 2023). 

What becomes clear from existing literature on these different attributes of assessment 

tools is that a higher level of smartness does not necessarily mean better, from the viewpoint 

of the office workers. The ‘very smart’ tools such as smartphone apps or wearables, for in-

stance, can often provide more finely-grained, detailed, personalised and accurate insights 

(e.g., Martire et al., 2018; Movebite, 2023; Noon, n.d.; Pina et al., 2012; Salamone et al., 

2018) but there is a chance that this is being considered as more intrusive by the users. Intru-

sion here refers to what Raff & Wentzel (2023) frame as technology that breaches the bound-

ary to the private. This multidimensional concept not just refers to the office workers’ data 

privacy which is challenged when implementing such assessment tools causing concerns 

(Collins & Marassi, 2021). The physical presence of technology adds another dimension to 

the term intrusion (Raff & Wentzel, 2023). Users of smart home technology describe this 

feeling for instance as “hosting an invisible guest at home” (Raff & Wentzel, 2023, p. 5). Per-

ceiving technology as intrusive can therefore also be caused by specific placements of the 

technology and its proximity to the user. Interestingly, these more advanced smart office 

technologies are generally placed in closer proximity to the user by being installed on the 

desk (Mateevitsi et al., 2014), chair (Hu et al., 2020), computer (Muaremi et al., 2013) or 

even on the office worker’s body itself through wearables (Martire et al., 2018; Pina et al., 

2012; Salamone et al., 2018).  

Office workers’ personal characteristics are supposedly influential too in how office 

workers perceive the assessment tools. These include office workers’ perception of health 

and comfort in their current office, their perception of the 5 health and comfort aspects, their 

demographics (gender (Jacobs et al., 2019); age (Röcker, 2010); education level (Röcker, 

2010); and origin (Cvrcek et al., 2006; Röcker, 2010)) and their previous experiences with 

the assessment tools. Lastly, office workers’ attitudes, towards data privacy and their technol-

ogy savviness (Mani & Chouk, 2017) could also relate to the perception of the assessment 

tools. As a result of these findings, my research addresses the research questions introduced 

in chapter 1.1. 
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1.1 Research questions  

Main question  

How do attributes of assessment tools and personal characteristics relate to office workers’ 

preferences for assessment tools assessing their health and comfort in the office? 

 

Subquestions 

1) What are relevant aspects of office workers’ health and comfort in the office to as-

sess with assessment tools?  

2) Which types of office-related health and comfort assessment tools can be distin-

guished?  

3) Which attributes of assessment tools might determine office workers’ preferences? 

4) Which personal characteristics might determine office workers’ preferences? 

5) Which types of assessment tools are preferred by office workers for measuring 

their health or comfort in the office? 

6) How do attributes of assessment tools relate to office workers’ preferences for 

health and comfort assessment tools? 

7) How do personal characteristics relate to office workers’ preferences for health 

and comfort assessment tools? 

 

1.2 Methodology 

As smart offices are a scarcely researched domain (Papagiannidis & Maeikyan, 2020), this 

research contains many exploratory elements to try to fill existing research gaps. A question-

naire is designed for this research that is analysed with descriptive and bivariate statistics to 

find out more about office workers’ perception of the health and comfort assessment tools 

and to gain information about their personal characteristics. This methodology is commonly 

used in workplace-related research to gain relatively large amounts of quantitative infor-

mation in an effective way and to collect the preferences and opinions of workplace occu-

pants (Appel-Meulenbroek et al., 2018). This approach aligns well with the research objec-

tives and allows to identify patterns, trends and correlations, which are crucial to answering 

the research questions comprehensively. The questionnaire is distributed to office workers 

within the personal and professional networks of the researcher.  
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1.3 Outline 

This thesis is structured into seven chapters. Following this introduction, chapter 2 starts with 

a short introduction to smart offices by exploring the concept of "smartness" within the built 

environment (chapter 2.1). In chapter 2.2, common assessment tools of different levels of 

smartness that address the five key health and comfort aspects in office environments are re-

viewed. Chapter 3 investigates factors influencing how office workers perceive the assess-

ment tools introduced in chapter 2. These perceptions are influenced by both the specific 

characteristics of the assessment tools (chapter 3.2) and the personal characteristics of the of-

fice workers (chapter 3.3). The chapter concludes with the conceptual model (chapter 3.4) 

that is the basis of the research design explained in chapter 4. This methodology chapter ex-

plains the rationale behind the chosen approach (chapter 4.1). The data collection process is 

described in chapter 4.2, including a detailed description of the variables and questions used 

in the questionnaire (chapter 4.3). Additionally, the chapter covers the assessment of reliabil-

ity and validity, as well as steps taken to ensure internal consistency (chapter 4.4), the data 

cleaning and preparation (chapter 4.5), and how the subsequent data analysis is done (chapter 

4.6). One part of the data analysis is the descriptive analysis (chapter 5). It includes two sub-

chapters. One addresses the personal characteristics of respondents (chapter 5.1) and the other 

focuses on their perceptions of health and comfort assessment tools (chapter 5.2). Chapter 6 

is about the bivariate analysis that identifies relationships between the various variables. It 

explores connections between assessment tool characteristics and office workers' perceptions 

of the tools (chapter 6.1), between office workers’ personal characteristics and their percep-

tion (chapter 6.2), and between personal characteristic variables (chapter 6.3). The final chap-

ter 7 provides a comprehensive conclusion and discussion of the thesis findings. It addresses 

the research questions (chapter 7.1), discusses the study's limitations, and offers recommen-

dations for future research (chapter 7.2) and practical applications (chapter 7.3). 
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2. The smart office 

2.1 Defining smartness in the context of the built environment  

The built environment is majorly impacted by digitalization (Thomas, 2020). Many different 

technologies are being developed for diverse purposes within this domain. Such technologies 

are often labelled ‘smart’. This term is commonly used in relation to various scales within the 

built environment with concepts such as the smart city, smart building and smart office be-

coming more common since at least 20 years ago (Bordel Sánchez et al., 2015; Froufe et al., 

2020). These concepts are closely interrelated and therefore often evolve similarly driven by 

technological advancements (Froufe et al., 2020).  

While there are seemingly no definitions that are dominating the discourse, this thesis is 

oriented towards the understanding of ‘smartness’ within the built environment introduced by 

Batov (2015), Froufe et al. (2020), Mozer (2005) and Nelson et al. (2022). According to 

them, smart should not be mistaken for the sole automation of technologies (Batov, 2015). 

Instead, what makes such technologies distinctively smart is that they are ‘intelligent’ (Batov, 

2015). "Instead of being programmed to perform certain actions, the house essentially pro-

grams itself by monitoring the environment and sensing actions performed by the inhabitants 

[…] and learning to predict future states of the house” (Mozer, 2005, p. 3). A smart system 

therefore typically requires hardware that senses the state of the environment (sensors) and 

software that processes specific parts of the collected information to make decisions or pre-

dict a future state (Batov, 2015). Moreover, a network connects all of the different hardware 

devices and software systems to create an intelligent building (Batov, 2015).  

As the ultimate goal of every smart technology is to create a benefit for certain benefi-

ciaries, Froufe et al. (2020) specifically focus on those so-called drivers to analyse what de-

fines a smart building. Drivers are aspects like building performance, sustainability, user se-

curity and health and eventually determine which technological systems are implemented (ra-

ther than the other way around)(Froufe et al., 2020). 

The ‘Smart Building Collectives’ definition combines the mentioned key aspects of 

smartness. They define smartness within buildings as the “application of data to drive autono-

mous controls or building automation (that brings the intelligence) to deliver improved 

health, wellness, human performance, comfort, efficiency, safety and security” (Nelson et al., 

2022, p. 326). Application of data in this definition should be understood as a multi-layered 

concept as it includes the acquisition, analysis and subsequent application of data (Zhang et 
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al., 2022). For delivering a certain output, the two layers beforehand therefore also need to be 

included in a smart system. 

When taking a closer look at those drivers and benefits, certain main beneficiaries of 

smart technologies within the built environment can be derived: the environment, owners and 

users (Froufe et al., 2020). This research concentrates on the users and office workers in par-

ticular to contribute to the growing number of scientific articles researching user needs in 

smart environments. 

 

2.2 Assessment tools 

Technology plays a key part in shaping the future office experience (Nanayakkara et al., 

2021). Within companies, this for instance shows itself in transformation strategies to create a 

digital workplace design typically supporting other goals such as collaborative and flexible 

work or a new work culture (Mićić et al., 2022). This trend is supported by the introduction 

of “smart workplace solutions” (Remes et al., 2022, p. 59). To clarify, this concept does not 

include the technologies (such as computer programs) that office workers are using to fulfil 

their main tasks at work. Our introduced definition of smartness within the built environment 

(see chapter 2.1) put into the context of the office rather relates to assessment tools that col-

lect and process information about the building, the floor spaces, rooms, and workstations as 

well as the occupants themselves to create outputs and benefits for the environment, the 

building owner or the users respectively. As mentioned in the introduction (see chapter 1), 

this study however not only includes such relatively smart assessment tools but also compara-

ble non-smarts counterparts that try to achieve the same objective which is why the more 

general term of assessment tools is utilized.  

While a lot of research focuses on the assessment tools designed to benefit the building 

operations (Remes et al., 2022), which favours the environment and building owners, it be-

comes apparent that less focus is put on the tools with the user as the beneficiary (Remes et 

al., 2022). Different terms are introduced for that such as “user-centred” (Remes et al., 2022, 

p. 42) or “occupant-centric” (Djenouri et al., 2019, p. 7) but they refer to the same type of 

tool. The group of users can be split into the companies that occupy these spaces on the one 

hand and the individual office workers on the other hand. As mentioned in the introduction, 

office workers are the main beneficiaries of smart office technology due to the importance of 

improving their office experience (De Been & Beijer, 2014; Kim & de Dear, 2012; 



19 
 

Tuzcuoğlu et al., 2023). Thus, this thesis dives deeper into this subgroup. Within the wide va-

riety of assessment tools, those that improve office workers’ health and comfort can be de-

rived as some of, if not the most relevant tools. When being asked about the main trends for 

future offices, some workplace strategists of big corporations answer that they would be 

”technology-driven, community-oriented, sustainability, health and wellbeing focused” (Na-

nayakkara et al., 2021, p. 1). Assessment tools that promote office workers’ health and com-

fort seem to be an obvious outcome of these trends. This goes hand in hand with the increas-

ing awareness of employers and office workers for health- and comfort related matters in 

their workplace (Borsos et al., 2021) which is why observing this aspect of smart offices ap-

pears to be especially relevant. 

 

2.2.1 Overview of tools assessing aspects of office workers’ health & comfort 

In the previous chapters, the research focus is narrowed down to employee-centric smart of-

fice assessment tools with positive health and comfort-related outcomes for office workers. 

Smart office assessment tools can, in general, provide those benefits by discovering relation-

ships between the individuals’ health and various office-related features (Zhang et al., 2022). 

Delivering “adaptive and targeted health promotion measures for each office worker and sup-

porting the design and optimization of organizational health-oriented measures” (Zhang et al., 

2022, p. 1 ) is another use-case of smart tools. Because this study investigates office workers’ 

perception towards different kinds of assessment tools with different levels of smartness, it is 

also interesting to include related assessment tools that are not smart following the definition 

of chapter 2.1 to see whether smartness itself, is a preference. Thus, the tools are referred to 

as health and comfort assessment tools as a more general term for the remainder of this the-

sis. 

The architecture of such assessment tools can be broken down into the three layers of 

collecting, processing and using information (Batov, 2015). A similar three-layered architec-

ture is formulated by Zhang et al. (2022) specifically for (smart) assessment tools promoting 

office workers’ health and comfort. The acquisition layer includes the collection of all kinds 

of heterogeneous data from various sources such as sensors. Next, the analysis layer de-

scribes how these data inputs are evaluated by a model that can filter out the important infor-

mation. Based on that the model decides if actions are necessary. Finally, the application 

layer is the output of this evaluation. This can for instance be in the form of advice given to 

initiate behavioural changes or an automatic adjustment of the work environment parameters. 

Assessment tools cover all three layers of data acquisition, analysis and application. 
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An especially important characteristic of the assessment tools that should be influential 

for how office workers perceive those tools is their degree of intrusiveness (see chapter 

4.3.2). This characteristic consequently differs between the different tools and requires to be 

briefly defined here as it is used in the descriptions of the various tools in the following sub-

chapters. Intrusion refers to what Raff & Wentzel (2023) frame as technology that breaches 

the boundary to the private. This, on the one hand, expresses itself in employees feeling inse-

cure about their data privacy. Assessment tools can on the one side objectively cross the 

boundaries of employees’ privacy. It can be questioned if many assessment tools are even le-

gally allowed in the EU under the General Data Privacy Regulations (GDPR) due to the inev-

itable, substantial collection of private data (Collins & Marassi, 2021). However, even if 

every legal requirement should be fulfilled, employees could still have more subjective fears 

like that their organizations could essentially spy on them or unintended data leaks appear 

(Harper et al., 2022; Neff & Nafus, 2016; Teebken & Hess, 2021). Moreover, having tools 

physically present in the office in sometimes close proximity to the users is another dimen-

sion of intrusiveness (Raff & Wentzel, 2023). In the context of smart home technologies, this 

creates a feeling described as “hosting an invisible guest at home” (Raff & Wentzel, 2023, p. 

5). Users can therefore also perceive tools as intrusive due to the specific placements of the 

tools and how much they are physically bothered by the tools. More advanced and smarter 

tools could tend to be perceived as more intrusive.  

In the context of smart environments, Kubicki et al. (2022) differentiate between com-

fort and health. Comfort is the result of “indoor environment conditions that facilitate a state 

of satisfaction of bodily wants in occupants, based on their individual preferences and their 

given activity (…)” (Kubicki et al., 2022, p. 2). Indoor environment conditions can also be 

healthy by promoting “physical resilience and restitution of occupants, and limit physical 

stressors causing infirmity, disease and years of potential life lost” (Kubicki et al., 2022, p. 

2). However, it is also noted that the distinctions between the two concepts can be blurry as 

different experts define them differently (Kubicki et al., 2022). The literature reveals im-

portant aspects of the indoor environment that determine office workers' health and comfort. 

Stress (Ganster & Rosen, 2013) and sedentary behaviour (Genin et al., 2018) are seen as be-

ing majorly important regarding office workers’ health. Next to that, Rasheed et al. (2021) 

and Sakellaris et al. (2016) identify lighting, temperature noise conditions and air quality as 

predictors of the comfort level. Given that the concepts of health and comfort are somewhat 

blurry (Kubicki et al. 2022), it needs to be noted that these 6 introduced aspects can both im-

pact office workers’ health and comfort. This classification is done on the basis that stress 
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and sedentary behaviours are directly concerned with the body of the individual and lighting, 

noise, temperature and air quality conditions are more related to the indoor environmental 

conditions. A closer look is taken at the existing assessment tools aiming to provide benefits 

for these health and comfort aspects. Conclusions can be drawn on which common features 

characterize the assessment tools.  

 

Stress levels 

Stress is a widespread and growing problem among knowledge workers working in offices 

(Koldijk et al., 2016). This can express itself in the perception of stressors in case the given 

amount of work exceeds the own capacity or in the experience of stress which manifests itself 

in actual reactions of the body such as neck pains or headaches (Koldijk et al., 2016). Follow-

ing Ganster & Rosen (2013) stress can be most associated to the health of office workers. In a 

conventional way, detecting and reducing stress often relies on conducting surveys (Koldijk 

et al., 2016). However, this method alone is often not able to deliver the wanted success (Kol-

dijk et al., 2016). Other, smarter tools can potentially improve this by detecting stress and 

stressors more reliably with sensor data. Moreover, self-reporting stress in surveys only al-

lows to detect psychological stress, while the detection of physiological stress requires meas-

urements with sensors (Wettstein et al., 2020) 

Still, most of the analysed tools are additionally using questionnaire-style data collec-

tion methods which directly engage the users of the tool (Bakker et al., 2012; Muaremi et al., 

2013; Schavemaker et al., 2014). The surveys reveal the user’s perception of stress which can 

vary between individuals (Muaremi et al., 2013). This data can then be used in combination 

with other indicators for the stress level measured by sensors (Muaremi et al., 2013). Surveys 

are for instance done through interfaces that pop-up on the user’s devices asking them about 

their perceived energy (Schavemaker et al., 2014) or stress level (Muaremi et al., 2013). Tai-

lor-made smartphone apps for this purpose integrate chatbots that are based on artificial intel-

ligence algorithms (Noon, n.d.). This could improve personalised insights that can be gained 

from the surveys while reducing the number of times users need to answer questions (Noon, 

n.d.). Another tool requires users to tag their events in their electronic calendar and report in 

how far they feel stressed out about them (e.g., a meeting felt tense) (Bakker et al., 2012). In 

all cases, surveys can give insights into the user’s individual perceived stress level either in 

continuous periods or specifically linked to events. However, the validity of the outputs de-

pends of course on the accuracy of the user’s subjective inputs.  
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Another commonly used technology for stress-related assessment tools is capturing the 

usage patterns of the own computer or smartphone (Koldijk, 2012; Muaremi et al., 2013; 

Schavemaker et al., 2014). All sorts of data such as the time spent working with each com-

puter program or app as well as the mouse clicks and keyboard inputs can be collected. More-

over, phone calls, GPS positions and movements can especially be tracked through the 

smartphone (Muaremi et al., 2013). This information is collected to derive the further context 

the user is embedded in that could cause stress or relaxation (Koldijk, 2012). In one case, this 

data is used to measure the working speed of the user a possible indicator for how stressed 

the user is (Schavemaker et al., 2014). 

Wearables such as wristbands or belts are also in use to collect data about heart rate 

(Koldijk, 2012; Muaremi et al., 2013), blood volume (Koldijk, 2012) and skin responses 

(Bakker et al., 2012, Koldijk, 2012). These can detect stress for example during the night 

when the user cannot answer surveys (Muaremi et al., 2013) and are important as the surveys 

alone have been regarded as being somewhat inaccurate and incomplete when it comes to 

identifying the different dimensions of stress (Koldijk et al., 2016).  

Of course, it can be expected that the more data from different ranges of sources is col-

lected, the more precise the identification and prediction of the stress level can be. Koldijk 

(2012) points out that context data (collected via the computer and smartphone) especially 

helps with predicting and potentially preventing future stressful events. It can be possible to 

give the users warnings about upcoming possibly stressful situations and then for instance ad-

just the time scheduling to allow for more time for this particular task or hide less important 

emails within this timeframe. Bakker et al. (2012) are able to create a similar outcome with 

their tool after the users have been tagging their events in their digital calendar by the degree 

of perceived stressfulness. A different approach is taken by Schavemaker et al. (2014). Their 

output consists of an openly accessible monitor in the office that essentially pictures the stress 

level of all employees to encourage open interaction and to critically assess the issues related 

to stress at their workplace (Schavemaker et al., 2014).  

Through those different configurations, several levels of stress-related assessment tools 

can be derived. Many tools collect individuals’ perceptions of stress through surveys and can 

additionally analyse related body parameters through sensors. While surveys rely on the sub-

jective input of users, wearables can also objectively measure the physiological stress level 

(Wettstein et al., 2020). By doing so, it can be accurately detected whether a user feels 

stressed out and if a change of behaviour is needed. Stress-related patterns can be detected by 
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machine learning algorithms that enable a reduced frequency of collecting data through sur-

veys which require manual user inputs. The outputs of those tools can also be personalized 

and the context regarding the user’s activities can be analysed. Thus, data about the user’s 

context such as usage patterns of the computer and the individual calendar can be added to 

the pool of information. As the stress level can then be attributed to the individual’s habits 

and schedules, more case-specific recommendations can be made.  

 

Sedentary behaviours 

On average, “81.8% of the working process is sedentary” (Zhang et al., 2022, p. 7) in offices. 

Thus, several physical problems can arise due to prolonged sitting and static body positioning 

(Zhang et al., 2022; Roossien et al., 2017). This increases the chances of “fatigue, poor mood, 

as well as cardiovascular diseases and other chronic diseases” (Lindberg et al., 2018, p. 689). 

Sedentary behaviour can be predominantly categorized as a health concern for office workers 

(Genin et al., 2018). 

To counter those issues, different assessment tools are existing that nudge the users to 

stand up and walk around more often (He & Agu, 2014; Mateevitsi et al., 2014; Movebite, 

2023 Pina et al., 2012). The smartphone application of Movebite (2023) uses artificial intelli-

gence-based chatbots. This works essentially like a survey to gain insights into the behaviour 

of the user to create personalized recommendations for a healthier lifestyle (Movebite, 2023). 

Another method to collect the necessary data about whether and how long a user is currently 

sitting at the desk is by desk-mounted motion sensors (Mateevitsi et al., 2014), the accel-

erometers inside smartphones (He & Agu, 2014) or through wearable wristbands (Pina et al., 

2012). Arguably the most accurate method to detect different behaviours linked to exact loca-

tions in the office is the relatively hardware-intensive data collection method of Pollard et al. 

(2021). For that, accelerometers are installed in badges that can be attached to the user’s of-

fice access pass (Pollard et al., 2021). Such sensors that measure activity patterns can also be 

worn as a wristband (Parkka et al., 2007).  

The collected information can be used in different ways. Mateevitsi et al. (2014) install 

a digital bar next to the computer that slowly changes colour the longer the user is remaining 

seated. Smartphones (He & Agu, 2014) and desktop apps (Pina et al., 2012) are developed 

that give more detailed advice such as adding detours to the daily walking route or suggesting 

specific small breaks to the users. Moreover, the users can also insert their own goals which 

then influence the frequency and duration of the suggested activities by the app (He & Agu, 

2014). The time spent sitting down cannot just be reduced by effectively stopping the work 
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and leaving the workstation. By introducing furniture such as height-adjustable workstations 

(Biddle et al., 2020) work can be continued as usual while the negative effects of sedentary 

behaviour are also reduced. 

Another negative impact of sedentary behaviour is the sitting posture itself which can 

oftentimes be incorrect and, amongst other things, can cause problems for the users’ back (Hu 

et al., 2020). Common tools to mitigate those associated health risks rely on pressure sensors 

integrated into office chairs (Hu et al., 2020; Roossien et al., 2017) or within portable cush-

ions which are also usable on wheelchairs or in the car (Ma et al., 2017). Paliyawan et al. 

(2014) use desk-mounted Microsoft Kinect camera sensors. All of these sensors can detect 

the sitting postures and the duration of users remaining in a specific position (Hu et al., 2020; 

Ma et al., 2017; Paliyawan et al., 2014; Roossien et al., 2017). The positioning of the neck is 

also an important aspect of the sitting posture which can be tracked with a headset-mounted 

sensor (Markopoulos et al., 2020). 

To some degree, all of the tools analysing the sitting posture rely on algorithms that can 

extract precise information about the sitting posture, duration and how often alternations be-

tween postures are made to determine the healthiness of the posture (Markopoulos et al., 

2020; Paliyawan et al., 2014; Roossien et al., 2017). Alternatively, such machine learning al-

gorithms can also be used to reduce the number of needed sensors and to increase the robust-

ness of the results (Hu et al., 2020).  

Feedback about whether a change of sitting posture is needed, in one instance is pro-

vided to the users via vibrations in the chair (Roossien et al., 2017). Because this method 

does not sufficiently initiate the wanted behaviour changes, other tools rely on a monitor user 

interface which shows the current posture, its ‘healthiness’ and what can be improved (Pali-

yawan et al., 2014; Roossien et al., 2017). Both purposely built screens and apps for the 

smartphone are established for giving this feedback (Paliyawan et al., 2014; Roossien et al., 

2017). The tool of Markopoulos et al. (2020) gives audio advice about neck exercises directly 

via the user’s headset.  

Multiple levels regarding assessment tools dealing with sedentary behaviour can be de-

rived from this. Some tools only detect and give advice about sitting behaviour. This either 

requires deriving the user’s activity patterns subjectively through self-reporting or more ob-

jectively through motion sensors like cameras, wearables or smartphones. The output to users 

consists of general or personal feedback for instance about whether a break should be taken at 

the current moment. More advanced tools can moreover also analyse the sitting posture of the 

users either by pressure sensors or cameras. This can be used to give feedback through audio 
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messages, monitor-based user interfaces or vibrations that can also suggest what aspects of 

the posture should be improved. On top of that, some assessment tools then also include 

height-adjustable desks that promote healthier behaviour and are moreover somewhat tailored 

towards the user’s specific preferences. As such these tools are capable of giving personal-

ized advice depending on the users' individual daily routines (e.g., adjusted walking routes to 

the home) and in response to the given health and fitness goals of each user.  

 

Lighting conditions 

Comfortable lighting conditions are influenced by the amount of daylight, exposure to glare, 

the colour temperature of the interior, electric lighting and the level of brightness within the 

office space (Papagiannidis & Marikyancan, 2020). A similar aspect is concerned with the 

prolonged staring at digital devices (Martire et al., 2018). Inadequate lighting conditions can 

contribute to headaches and nausea (Papagiannidis & Marikyancan, 2020), insufficient sleep 

(Boubekri et al., 2020) or even obesity and psychiatric disorders (Vetter et al., 2011). Inap-

propriate usage of devices can be harmful to the eyes (Martire et al., 2018). Lighting condi-

tions can be defined as an aspect most related to the comfort of office workers (Sakellaris et 

al., 2016). On the other hand, being comfortable with the lighting positively influences em-

ployees’ productivity (Papagiannidis & Marikyancan, 2020). Creating optimal lighting condi-

tions is challenging as ‘optimal’ depends on the specific work tasks, the time of the day and 

the season (Papagiannidis & Marikyancan, 2020). Moreover, the individual’s preferences and 

sleep cycle also influence whether the lighting is perceived as comfortable or not (Vetter et 

al., 2011). Assessment tools for lighting are developed to address multiple aspects such as 

controlling the exterior light entering the office, the artificial lighting within the building and 

monitoring the lighting emitted from computer screens.  

Day et al. (2019) deal with the first aspect by reviewing different systems of regulating 

exterior light. The intensity of the light and how far it penetrates into the building can be esti-

mated based on the building’s location and which geographic direction the façade is facing 

(Day et al., 2019). A more accurate method actually measuring these two factors is a façade-

mounted photometer (Day et al., 2019). Predefined thresholds for the light intensity and pene-

tration are set which define whether the windows should let more or less light into the build-

ing (Day et al., 2019). This is either controlled by window blinds, windows that can be tinted 

through electrochromic glazing or fabric-shade screens (Day et al., 2019). What makes those 

distinctions relevant is the level of control the users have over each technology. Although all 
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of them operate to some degree automatically, the level of control changes. The tinted win-

dows do not allow for any individual control, while the other two systems can be overridden 

by the user for a set amount of time (Day et al., 2019). Moreover, the window blinds are di-

vided into two sections and one of them is completely controlled manually (Day et al., 2019). 

While the possibility of control is the highest here, this also requires the users to alter the po-

sition of the blinds based on their own impulses. This may lead to inappropriate lighting con-

ditions if the adjustment is done too late or not at all and if a lot of users are involved in the 

process. 

Other assessment tools are concerned with controlling the artificial interior lighting. By 

establishing more small-scaled measurements that distinguish between the light levels of dif-

ferent workspaces, a first step towards considering the individual’s different preferences to-

wards the lighting is done. Van Duijnhoven et al. (2018) develop an estimation model that re-

lies on the placement of only a few lighting sensors at fixed spots within the office space. 

These reference locations and their measurements can be used to derive the lighting exposure 

of other places in the office. If this information is then combined with the data from a loca-

tion detection sensor (like the smartphone), the light exposure cannot only be estimated for 

each workplace but also for each user. It is then possible to adapt the lighting accordingly for 

each user.  

As sleep cycles differ (e.g., some persons are more active in the morning etc.) this 

should ideally also be suited to the individual body rhythm (Papatsimpa et al, 2020). For that, 

a model is introduced which can suggest an individual lighting profile consisting of different 

colours and levels of brightness to match the individual character and lifestyle (Papatsimpa et 

al, 2020). This would of course require that these parameters are measured or are known prior 

for each user. By combining multiple previously mentioned features, the tool by Nagy et al. 

(2015) is perhaps the most comprehensive when it comes to dealing with interior lighting. In 

this case, the lighting sensors are attached to each user’s desk while the occupancy of the 

desk is monitored with room-mounted motion sensors (Nagy et al., 2015). Through dynamic, 

statistical analysis the system learns the behaviour and lighting preferences of each occupant 

(e.g., different activity patterns throughout a typical workday) and at which level of bright-

ness the lights are switched on manually (Nagy et al., 2015). The system then adapts to the 

user’s preferred level of brightness throughout the day and adjusts the threshold of when to 

switch on or off the light automatically (Nagy et al., 2015).  

Lastly, Martire et al. (2018) are specifically targeting the adverse effects of screen time 

and the emitted artificial light of those devices. Wearables (head-mounted sensors) are used 
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to detect the colour of the light and the digital screen time for each user (Martire et al., 2018). 

The data is analysed with a machine learning algorithm making the results more robust to dif-

ferent individual behaviours such as different head positions and movements in relation to the 

screen which previously has made the sensor data inaccurate.  

While there are essentially three different niches targeted by the different assessment 

tools, several levels of smartness for the different tools assessing lighting can be derived. 

Simpler systems cannot detect lighting levels for individual spaces or users and can therefore 

only adjust the lighting for a larger space or for a larger number of users. More advanced sys-

tems are able to sensor the environment on a more finely-grained spatial scale level but often 

require intrusive sensors like wearables or other sensors that are somewhat monitoring the be-

haviour of users. Moreover, the building’s systems may only have limited possibilities in how 

far the lighting can be adjusted to the individual user’s needs. Lastly, models have been de-

veloped that can either make it possible to accurately estimate the lighting level despite only 

limited usage of sensor technology or are able to improve the accuracy of the raw sensor data. 

Very sophisticated tools are also able to learn the preferences of each user and can adjust the 

lighting system accordingly. 

 

Temperature conditions 

“Thermal Comfort is defined as the psychophysical satisfaction of an individual immersed in 

a thermal environment (...). Thermal comfort is influenced by (…) air temperature, relative 

humidity, air velocity, and mean radiant temperature (…), metabolic activity and clothing” 

(Salamone et al., 2018, p. 1). It is another aspect that is mostly related to the comfort of office 

workers (Sakellaris et al., 2016). Next to assessing those variables to derive the individual’s 

level of comfort, it is also necessary for assessment tools to consider the personal characteris-

tics of each user (van der Valk et al., 2015) as the preferences towards the ‘ideal’ indoor envi-

ronment vary (Papagiannidis & Marikyan, 2020). This is partly due to differing physical 

characteristics but also because of the individual’s clothing situation (Kim et al., 2018). Feel-

ing comfortable positively influences productivity (Papagiannidis & Marikyan, 2020). If ther-

mal comfort is not given “physical stress (thermal stress), illnesses and poor performance of 

occupants” (van der Valk et al., 2015, p. 2) can occur. Not least because of that Kubicki et al. 

(2022) identify thermal comfort as one of the overall most dominant topics related to smart 

buildings. 

There are assessment tools in which thermal conditions are measured through a system 

of room-mounted temperature and humidity sensors (Valinejadshoubi et al., 2021). This data 
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is then linked to a Building Information Model of the building to automatically detect and 

display in which spaces threshold levels for the temperature and humidity are exceeded (Va-

linejadshoubi et al., 2021). The results can be used by (facility) managers to adjust the indoor 

environment accordingly (Valinejadshoubi et al., 2021).  

The assessment tool of Zang et al. (2019) also uses temperature and humidity sensors to 

track the conditions of the indoor environment but additionally implements an air velocity de-

tector and, more significantly, cameras. The cameras are there to derive the different percep-

tions of thermal comfort for each user. Through a machine learning algorithm, it can be ana-

lysed which kind of clothing (e.g., the thickness and fabric) each user is wearing. Gao and 

Keshav (2013) use a Microsoft Kinect sensor for this purpose which can also detect the 

movements and subsequently the activity level of the users. In combination with the environ-

mental parameters, those factors greatly influence the individually perceived thermal comfort 

level (Zang et al., 2019). Then, the parameters of the indoor environment can be adjusted ac-

cordingly in a fully automatic way to maximize the average comfort level among all users 

(Zang et al., 2019). 

Another way to track the different perceptions of thermal comfort per user is through 

self-reporting (Lee et al., 2019). This is either done by giving feedback voluntarily whenever 

they feel thermally uncomfortable or in scheduled intervals (Lee et al., 2019). Models are im-

plemented that can learn patterns from the individual’s reports of how comfortable they feel 

(Lee et al., 2019). It is then possible for the model to predict when the user is likely to feel 

uncomfortable in the future without asking the user for as much feedback anymore (Lee et 

al., 2019). The thermal control can then be adjusted accordingly to prevent the user from feel-

ing uncomfortable (Lee et al., 2019). 

Salamone et al. (2018) combine room-mounted sensors that measure the relevant envi-

ronmental parameters with a survey and even wearables attached to the users. While the sur-

vey also asks the users about their perceived comfort level similar to Lee et al. (2019), the 

wearable wristband can additionally measure the heart rate, the skin temperature and the 

movement of the user (Salamone et al., 2018). This comprehensive dataset is fed into a ma-

chine learning algorithm which essentially helps to fill in gaps created by each data acquisi-

tion method (e.g., too little user feedback through the surveys) and to find correlations be-

tween measured comfort levels and reported comfort levels (Salamone et al., 2018). Conse-

quently, the accuracy of detecting and predicting the individual’s thermal comfort level is fur-

ther improved (Salamone et al., 2018). Such finely-grained information is ideally used for de-

vices that can individually regulate the thermal environment of a single workstation. Kim et 
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al. (2018) define these as personal comfort systems which can, for instance, be desk-mounted 

fans or heaters and heated and/or cooled chairs. 

Assessment tools dealing with thermal comfort can subsequently also be divided into 

different levels of smartness. In the most basic configuration, sensors can only detect the en-

vironmental parameters of the spaces, but nothing is known about the experience of the re-

spective users. Consequently, adjustments to improve the thermal comfort can only be made 

on a bigger scale across the office and these are not tailored towards the users. However, 

these are unintrusive tools for the users and no personal data is needed. Next, the individual’s 

level of comfort is added to the tools through self-reporting. This could, however, be consid-

ered as intrusive and can cause concerns about the use of personal data, while the accuracy of 

the data is somewhat still limited. Adjustments to the environment are still made on a the big-

ger-scale (e.g., for each room) so that the average comfort level of all individuals is maxim-

ized. At last, the accuracy of predicting the personal level of comfort is increased by adding 

wearables measuring physical body parameters as well as the indoor environment near the 

body or with cameras that can detect the clothing and activity of users. While these are cer-

tainly tools that require the most personal data to be collected, the adjustments to the environ-

ment can be made on a very individual level by personalizing the thermal parameters for each 

workstation (e.g., through heated and cooled chairs). 

 

Noise conditions 

A considerable amount of office workers feel exposed to noise and a study found that over 

half of respondents named noise as the most disturbing aspect of their office environment 

(Kjellberg & Landström, 1994). This has a negative impact on both overall job satisfaction 

(Kjellberg & Landström, 1994) and motivation level (Evans & Johnson, 2000; Jahnke et al., 

2011). Exposure to noise from the environment can cause all kinds of health and comfort-re-

lated issues such as an “increased risk of ischaemic heart disease, sleep disturbance, […] an-

noyance, stress-related mental health risks” (Aletta et al., 2018, p. 2). Nevertheless, noise is 

mostly a comfort-related aspect for office workers (Sakellaris et al., 2016).  

Noise disturbance can be countered by establishing so-called positive soundscapes 

(Aletta et al., 2018). This refers to pleasant, calm or vibrant acoustics which can reduce the 

health-related issues induced by noisy environments and make the noise less disturbing 

(Aletta et al., 2018). However, what is perceived as pleasant acoustics depends on the type of 

activity and is also subjective (Medvedev et al., 2015). Sound masking can be an effective 

strategy to create such positive soundscapes (Softdb, n.d.). Disturbing and unpleasant sounds 
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can be automatically neutralized by a system that generates a masking sound which is a sub-

tle background ambient sound through loudspeakers muffling out the noise disturbances 

(Softdb, n.d.). Sensors in the ceiling detect the disturbing sounds and the sound masking can 

be individually adjusted for the specific needs of different office sections (Softdb, n.d.). 

Sound cannot just be masked but can also be actively reduced. This can either be done with 

wearables such as noise-cancelling headphones and earplugs (Kari et al., 2017; Shen et al., 

2018). However, no significant positive effects on the health and comfort of the users could 

be detected in a research about these devices (Kari et al., 2017). Another technology relies on 

sound bubbles which are able to cancel out the sound directly around the users without the 

need for a wearable (Silentium, n.d.). To my knowledge, it is not discovered though if such a 

tool is also implemented in offices or if it has any positive effect on comfort and health. 

Another coping strategy, instead of changing the acoustics of the environment, is to as-

sign employees to those workstations that suit their preferences regarding the environmental 

conditions (such as noise level) most in a flexible office space (Berelson et al., 2018). While 

the specific conditions for each workstation are also measured with sensors distributed in the 

space, office workers’ preferences have to be prerecorded (Berelson et al., 2018). Finally, an 

algorithm decides which employee to assign to which workstation to maximize the overall 

utility level (Berelson et al., 2018). Alternatively, noise levels can also be measured with 

wearables such as a smartwatch (Abboushi et al., 2022). 

 

Air quality 

Office workers’ awareness of the importance of indoor air quality has increased since the 

COVID-19 pandemic which also leads to an increased supply of more affordable technolo-

gies that can measure the relevant air quality parameters (Kubicki et al., 2022). Apart from 

the risk of infectious diseases being spread, particulate matter (PM2.5) and carbon dioxide 

(CO2) emissions are the most relevant components of indoor air that are responsible for caus-

ing health problems (Motlagh et al., 2019). Air quality is mostly related to the comfort in of-

fice environments (Sakellaris et al., 2016). High CO2  levels alone can lead to “problems such 

as fatigue, lethargy, headache, and cardiac arrhythmia as well as difficulty in retaining cogni-

tive performance” (Zhong et al., 2020). It also reduces employees’ productivity and can result 

in Sick Building Syndrome (Aryal et al., 2019). The World Health Organization states that 

“acute respiratory infections, chronic obstructive pulmonary disease and cataracts” are the 

main health concerns of high PM2.5 concentrations (Patel et. al., 2017, p. 59).  
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There are assessment tools that try to derive the air quality without actually installing 

the respective sensors which can measure it. Motlagh et al. (2019) finds that from the data of 

sensors detecting occupancy and movement in a room, the PM2.5  concentration can quite ac-

curately be predicted. However, for estimating the CO2  in the air, this method does not prove 

to be successful (Motlagh et al., 2019). According to Wong et al. (2006) and Aryal et al. 

(2019), CO2  levels are, however, a better predictor for overall indoor air quality than PM2.5. 

Consequently, sensing devices are introduced that can measure several parameters of 

the indoor air (Yang et al., 2017; Zhong et al., 2020). Zhong et al. (2020) develop a box that 

cannot just measure the concentration of CO2 and particulate matter but also airflow, humid-

ity, air pressure and noise level. An algorithm can analyse patterns between those parameters 

to accurately predict the CO2 level within the upcoming 20 minutes (Zhong et al., 2020). The 

indoor air quality can of course vary significantly between different rooms as the users’ respi-

ration is mainly responsible for the CO2  concentration indoors (Aryal et al., 2019) which is 

why multiple locations of measurements are necessary throughout a building.  

The collected data from such sensors measuring air quality can be essentially used in 

two ways. Notifications about the expected CO2 levels can be transmitted to the users, for in-

stance via the Apple watch, “to motivate the users to develop habits on indoor air quality 

management” (Zhong et al., 2020, p. 3) (e.g., opening up a window before the concentration 

becomes too high). Moreover, the sensor data can be linked to devices regulating the indoor 

air such as air purifiers (Panicker, 2020; Yang et al., 2017). As soon as threshold levels for air 

pollution are exceeded, these are turned on automatically to regain the desired air quality 

(Panicker, 2020; Yang et al., 2017). While such devices typically improve the air quality on a 

room or building level, it is also important to consider the air in the immediate proximity of 

the users (Aryal et al., 2019). While sitting still, CO2  tends to build up in this air bubble 

around a user and therefore a desk fan can greatly help to dissipate the accumulating CO2 

(Aryal et al., 2019). 

Compared to assessment tools that deal with other comfort-related issues, no technol-

ogy concerned with air quality is discovered that includes surveys. This comes as no surprise 

as humans cannot really sense the state of the air quality as the consequences experienced for 

their own comfort cannot necessarily be traced back to inadequate air quality. There is also 

no mention of individual differences in the perception of air quality. 

As a result, the different levels of assessment tools dealing with air quality essentially 

differ in how accurate the measurement and prediction are, for which purpose this infor-

mation is used and for which spatial scale levels the respective tool is used. In the most basic 
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configuration parameters determining the air quality are only estimated based on other (mo-

tion) sensor data. This only yields relatively inadequate results. Other assessment tools are 

more sophisticated as they are actually able to sense all kinds of relevant parameters which 

can result in accurate data. Predictions are possible about how the air quality is going to 

evolve and automatic changes are made to the air regulation within specific rooms. Lastly, 

tools can use this information to additionally notify and educate the users about the current 

situation on their personal devices. Moreover, users can choose to use a desk fan to improve 

the conditions of their personal workspace. 

 

2.2.2 Conclusion - four common assessment tools assessing aspects of office work-

ers’ health & comfort 

This study focuses on 4 abstracted versions of commonly existing tools based on the broad 

range of tools introduced in the previous sub-chapter 2.2.1 in particular that assess the 6 

health and comfort aspects (sedentary behaviours, stress levels, as well as lighting, tempera-

ture, noise conditions and air quality). Narrowing down the number of tools to 4 is necessary 

given the selected research method (see chapter 4) so that respondents of the questionnaire 

are not fatigued while answering a range of questions about each of the tools. The selection 

and definition of the 4 tools are however not exclusively based on actual tools that are already 

existing as this would not adequately represent the vast amount of features the tools can offer. 

Instead, the 4 tools should be understood as a highly abstracted version of commonly existing 

tools. Nevertheless, the choice and definition of these 4 particular tools is an attempt to cover 

the broad range of tools existing in real life (introduced in the previous subchapter) as com-

prehensively as possible in the questionnaire. 

The 4 tools: surveys, smartphone app-based surveys, room-mounted sensors and weara-

bles are further described in chapter 4.3.2. Note that room-mounted sensors are only address-

ing comfort-related aspects (lighting conditions, temperature conditions, noise conditions). 

Also, it becomes apparent that surveys should not really be considered as a smart assessment 

tool as such, In contrast to the other tools, they lack advanced data collection or processing 

methods. However, they are often either used in conjunction with other, smarter assessment 

tools or are used as a non-smart substitute to the other types of assessment tools. It is there-

fore intriguing to find out how surveys are perceived in comparison to the other, smarter 

tools. Thus, including surveys in this research as a “baseline tool” allows to evaluate whether 

the attribute of smartness in tools is really preferred or not. 
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3. Perception of health and comfort assessment tools 

3.1 Role of office workers’ perception 

As already stated, the experiences office workers have in their office environment majorly 

impact their work and health (De Been & Beijer, 2014; Zhang et al., 2022). These experi-

ences, on the other hand, are determined a lot by office workers’ perceptions of and expecta-

tions for their office environment (Kim and De Dear, 2012). Finding out more about how 

they perceive different characteristics of a smart office is thus an essential part of this re-

search.  

First, the aim of this research is not just to find out which types of health and comfort 

assessment tools are most preferred by office workers but also how attributes of these tools 

are perceived. Any research design is, however, limited in terms of scope. Therefore, how 

many attributes can be selected and how extensively these attributes can be described in the 

empirical research is also limited. It is consequently necessary to first break down which at-

tributes of the assessment tools are already proven to have (based on existing research) or are 

likely to have an influence on how office workers perceive health and comfort assessment 

tools. As such, the goal of subchapter 3.2 is to derive the most striking positive and negative 

aspects that are related to the tools from the viewpoint of the office workers.  

Second, the personal characteristics of office workers can have an influence on their 

perception of the tools too next to the attributes of the assessment tools themselves. Sub-

chapter 3.3 therefore reviews the research about which of those characteristics is expected to 

relate to the perception of health and comfort assessment tools. 

The cited research elaborates on these facets. It has to be noted that due to the limita-

tions of each of the research papers mentioned, the derived insights have to be viewed with 

care. Not only can the research settings and methods be different to this thesis but some of the 

cited literature is also not exclusively about the perception of very similar assessment tools 

but instead also about tools and technologies used in other domains such as smart homes. In 

other instances, the office workers’ perception has been studied in regard to related concepts 

such as IoT rather than ‘smart’ tools. 

 

3.2 Attributes of assessment tools related to office workers’ perception 

User experience and level of automatization 

Users want to make sense and be able to experience a smart concept (Tuzcuoğlu et al., 2023). 

However, user engagement in advanced health and comfort assessment tools is often times 
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lacking (Aral et al., 2019). Such tools should therefore be easy to use and add convenience to 

the workplace (Boivie, 2005; Remes et al., 2022; Tuzcuoğlu et al., 2023). Suitable interfaces 

are for instance needed to make the control of data inputs easier (Donkers et al., 2023; 

Tuzcuoğlu et al., 2023). 

That said, it is not clear-cut how much user control and how much automatization dur-

ing the collection of the data is most desirable. Some scholars mention that a middle ground 

with some level of user control is ideal (Tuzcuoğlu et al., 2023) which at the same time also 

means that some level of automatization should be included according to employees (Ah-

madi-Karvigh et al., 2017). Donkers et al. (2023) examine that users like to receive sugges-

tions rather than having a fully automated control. Other research reveals that this depends on 

which purpose the data is used for. Röcker (2009) finds that personal input is not desirable if 

personal data needs to be entered manually as many are reluctant to give away private infor-

mation in such a way. That said, employees prefer to be asked for their consent (Teebken & 

Hess, 2021). Having an element of manual control is the preferred way when assessment 

tools influence thermal comfort (Kwon et al., 2019). It is said that this is because thermal 

comfort is perceived very individually and thus users are more satisfied if they have control 

over it (Kwon et al., 2019). A similar observation has been made for lighting-related technol-

ogies for which users wish to have some personal control over them (Ahmadi-Karvigh et al., 

2017; Day et al., 2019; Lashina et al., 2019). Interestingly, it shows that employees do not use 

this functionality very regularly though which leads to the conclusion that the feeling alone of 

having the possibility to take over the controls is important to the employees rather than actu-

ally taking over the controls (Lashina et al., 2019).  

Another study finds that the preferred level of automatization furthermore differs de-

pending on education (less educated persons prefer more automatization) and income level 

(Ahmadi-Karvigh et al., 2017). Moreover, if users are in favour of the technology getting im-

plemented or are open to new experiences they are more likely to opt for a high level of au-

tomatization (Ahmadi-Karvigh et al., 2017). 

Overall, no clearly favoured level of automatization or level of personal control can be 

derived. Office workers generally seem to prefer a mixture of some automatization and some 

personal control at the same time for assessment tools. While the level of automatization can 

refer to the acquisition and also the application layer of the assessment tool, it is especially 

interesting to find out more about the perception of the level of automatization in the data ac-

quisition process as it still relatively unclear how office workers perceive the various possible 

levels of automatization while acquiring data. 
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Personal data privacy & security 

How private data is handled is not just a concern for employees but is also regulated through-

out the EU by the General Data Protection Regulation (GDPR)(Collins & Marassi, 2021). 

Every employer in the EU must demonstrate compliance with the GDPR and breaching it is 

unlawful (Collins & Marassi, 2021). Regarding assessment tools that deal with employees’ 

health several principles of the GDPR become especially relevant. It is only allowed to col-

lect private data for predefined and explicit purposes which prohibits the use of this data for 

any other purposes (Collins & Marassi, 2021). Furthermore, as little as possible (especially 

privacy-invasive) data is to be collected to achieve this sole purpose (Collins & Marassi, 

2021). Therefore, the results should be obtained in the least invasive way for the employees 

(Collins & Marassi, 2021). Lastly, inaccurate data is not supposed to be stored or collected 

(Collins & Marassi, 2021). While these requirements apply to the collection of personal data, 

the regulations concerning health data are even more restrictive (Collins & Marassi, 2021). 

The latter concerns all personal data that reveals the employee’s health status. Thus, it could 

be argued that as soon as it is possible to derive any further conclusions (whether accurate or 

inaccurate) from the health-related data (e.g., a prolonged period of sedentary behaviour 

could indicate depression) the assessment tool processes health data (Collins & Marassi, 

2021). Consequently, a reasonable amount of features of health and comfort assessment tools 

that have been covered so far (see chapter 2.2.1) could to some degree breach the GDPR. 

However, the regulations overall have a lot of unclarified “blind spots” (Harper et al., 2022, 

p. 488) in this respect and the regulations also allow for exceptions (Collins & Marassi, 

2021). Specific assessment tools can thus only be properly evaluated on a case-by-case basis 

(Collins & Marassi, 2021). 

On the one hand, those legal requirements could put clear limits on how privacy-inva-

sive the assessment tools can be for office workers. On the other hand, office workers have 

also expressed their own views on the matter which is described in this chapter. This should 

not be underestimated given the possible company-internal resistance if concerns are not ad-

dressed appropriately. Moreover, there is the possibility that office workers have perhaps sub-

jective fears about data not being handled correctly and for instance express their concerns 

about unintended data leaks (Harper et al., 2022; Teebken & Hess, 2021). This perception can 

of course potentially still persist even if the employer has implemented all conceivable pre-

cautions into the system. These fears may also be caused or amplified by office workers of-

tentimes not knowing about data being collected, not having any access to the data or not 

knowing about the functionality of specific assessment tools (Harper et al., 2022; Neff & 
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Nafus, 2016). As the variety of collected information from assessment tools could be used to 

derive all sorts of conclusions connected to the behaviour, preferences and identity of the 

user, office workers may be afraid of this “user profiling” (Harper et al., 2022, p. 469). 

That said, these concerns differ between the types of data collected (Gorn & Shklovski, 

2016). Some office workers express their dislike of sharing data if it impacts their private 

lives (Gorn & Shklovski, 2016) or if data is used for secondary uses such as performance as-

sessments (Teebken & Hess, 2021). Data anonymity is a particularly important feature that 

needs to be in place (Harper et al., 2022; Teebken & Hess, 2021). Moreover, employees do 

not like to share their current location (Lai et al., 2003) and feel uncomfortable when being 

watched when interacting with those tools (Röcker, 2009). Office workers are more willing to 

use many of the functionalities of assessment tools in a private setting rather than in a public 

situation with multiple other users present (Röcker, 2009). 

The level of privacy sensitivity also depends on the kind of sensor technology used. 

Collecting data through “webcam, sound sensor, computer content, and digital communica-

tion” (Koldijk et al., 2016, p. 10) or more generally with video and audio recordings (Harper 

et al., 2022) is considered to be more privacy sensitive. On the other hand, “motion sensors, 

heart rate, and skin conductance” (Koldijk et al., 2016, p. 10) are seen as less privacy-sensi-

tive data collection methods. Collins & Marassi (2021) argue that especially wearable tech-

nology invades employees’ privacy in several aspects. The collected information is poten-

tially more diverse and finely grained than with other technologies allowing to draw profound 

conclusions about the health status (Collins & Marassi, 2021). As the wearables work best if 

they are worn 24/7 and therefore also outside of working hours, this technology potentially 

crosses the boundary between work life and private life and clashes with the autonomy and 

bodily integrity of office workers (Collins & Marassi, 2021). Jacobs et al. (2019) find out that 

office workers therefore prefer to only use the wearables during the time spent at work.  

The willingness to use wearables and other assessment tools also depends on their in-

tended purpose (Donkers et al., 2023; Gorn & Shklovski, 2016; Koldijk et al., 2016; Schall et 

al., 2018; Teebken & Hess, 2021). Interestingly, while the GDPR includes even more restric-

tive requirements for health-related data (Collins & Marassi, 2021), employees actually seem 

to be more inclined to share private data if the tool can promote their own health (Gorn & 

Shklovski, 2016). For health professionals capturing their “awkward postures and forceful 

exertions” (Schall et al., 2018, p. 5) is considered to be the most valuable insight of wearables 

among all health-related outcomes. Less important aspects are repetition and physical fatigue 

followed by mental fatigue and vibrations (Schall et al., 2018). Donkers et al. (2023) make a 
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more generalized observation that in case the technology helps employees with their daily 

lives and tasks they are more willing to share data.  

Many scholars mention that making the whole process of data handling as transparent 

as possible is positive for the acceptance (Khakurel et al., 2018, Koldijk et al., 2016; Harper 

et al., 2022; Teebken & Hess, 2021). Koldijk et al. (2016) even suggest introducing a very 

personalized system. Users should then be able to choose which type of sensor information is 

collected and how it is extracted and stored (Koldijk et al., 2016). However, Zieglmaier et al. 

(2022) find that this increased awareness actually leads to more conservative data handling as 

users get to know that a lot of their private data is being processed (Zieglmaier et al., 2022). 

To improve the willingness to share data, other appeal strategies should be used instead 

(Zieglmaier et al., 2022). The positives of the assessment tools should be underlined by com-

municating the added values for the user and concrete incentives should be given for using 

the tools (Zieglmaier et al., 2022).  

In other instances, companies try to legitimate the collection of private data by asking 

the employees for their consent (Collins & Marassi, 2021). In several cases, this method is 

not deemed as a legitimate legal basis to justify private data collection as the power imbal-

ance between the organizations and their employees means that consent cannot be freely 

given (Collins & Marassi, 2021). A way to counter that problem could be to involve and con-

sult the employees early on in the implementation process (Jacobs et al., 2019) for example 

through their representatives such as trade unions or other collectives (Collins & Marassi, 

2021). The possibility for individuals to opt out of being assessed by the assessment tools 

could also be a conceivable solution to increase the trust of office workers. 

 

Level of technological advancement - proximity to the user, technological intelli-

gence, level of accuracy, range of outputs 

What majorly relates to the general usefulness of assessment tools for office workers is of 

course how advanced they are from a technological perspective – in chapter 2.2.1 it is discov-

ered that this mainly translates into more complex systems for the data acquisition (e.g., 

through more sensors), data analysis (e.g., machine learning algorithms and artificial intelli-

gence), or data application (e.g., forecasts and advice to act upon tailored towards the individ-

ual). Djenouri et al. (2020) suitably sum this up with the term granularity. For instance, trans-

lated to tools measuring the occupancy of a room, this could mean that the least granular sys-
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tem can only detect if the room is occupied or not (Djenouri et al., 2020). More advanced sys-

tems could then also analyse how many people are in the room or even derive the gender of 

each of those persons (Djenouri et al., 2020).  

A multitude of attributes can be linked to the level of technological advancement. Re-

garding the data acquisition, how close to the users the measurements are done is a variable 

that often changes depending on how granular the output is expected to be. However, no 

study seems to explicitly study the office workers’ opinions about this attribute which is sur-

prising given how different the daily usage of the respective devices should feel (e.g., a de-

vice worn on the body vs. a sensor attached to the ceiling). Following Raff & Wentzel’s 

(2023) concept of intrusiveness, it can be expected that a close proximity of the device to the 

user can be seen as intrusive by users. 

Moving on to the data analysis, a high level of technological intelligence is necessary to 

allow for an advanced data analysis. However, to my knowledge, no previous study investi-

gates office workers’ opinions of highly intelligent technology (such as artificial intelligence) 

being introduced to assessment tools. Given the recent rise of popularity and controversy con-

nected to these technologies (Nitiéma, 2023), it is worth examining this aspect though. 

At the stage of the data application, more advanced assessment tools can also enable a 

higher level of accuracy of the results which of course increases the usefulness for the users. 

While it is obviously sensible to suggest that a higher usefulness is always appreciated by the 

users, the users also need to recognise the value of the more advanced tools. Some users mis-

trust the core premise that increasing the usage of data can really help to solve any individual 

or social issues at work (Harper et al., 2022) or indeed make their daily work more efficient 

(Röcker, 2009). For office workers to be able to ‘make sense’ of their experience with the re-

spective assessment tool (Tuzcuoğlu et al., 2023) it should be communicated that there is suf-

ficient evidence about the assessment tool actually being able to fulfil its objectives (Jacobs et 

al., 2019). All in all, this improves the user experience and creates trust which cannot solely 

be achieved by providing monetary compensation to office workers using the tools (Jacobs et 

al., 2019). Therefore, it would be interesting to know in how far office workers actually ap-

preciate a higher level of accuracy. 

A broader range of outputs of assessment tools should generally be positively perceived 

by office workers (Mani & Chouk, 2017). As described in the example above about occu-

pancy sensors, the output can range from vague information about the whole office or room 

to very personalized information about the individual users. The most advanced tools can 
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thus give very individualized insights for the respective users but also on a very fine spatial 

scale level.  

 

Other technological attributes - frequency of measurement, responsibility of data col-

lection, data type collected 

More technological attributes that could potentially have an influence on office workers’ 

opinions about smart office assessment tools relatively stand out during the analysis of the 

existing assessment tools (see chapter 2.2.1). Because no research is found that have analysed 

the perception of these attributes, it is interesting to include these particular attributes in this 

research. Different types of tools differ majorly on how often data is measured (ranging from 

infrequent to continuous measurements) which may influence how intrusive a tool is per-

ceived. It is likewise unknown whether it is important if the own organization or an external 

provider is responsible for the data collection. Lastly, different tools derive their outputs by 

measuring their data types on different spatial scale levels. Some only measure the environ-

mental conditions for the whole office, others do this for each desk and some measure the 

bodily parameters of occupants. It is not yet clear how each of these data types are perceived.  

 

Conclusion 

Oftentimes, there are difficulties when it comes to implementing smart offices (Nappi & de 

Campos Ribeiro, 2020) and the respective health and comfort assessment tools are therefore 

still not widely spread (Oudot, 2019). From the findings of other studies that are described in 

this chapter, it seems that concerns about data privacy and security are a very important factor 

in this. Moreover, assessment tools may not adequately fulfil the needs of office workers who 

do not solely seek tools that are very advanced and useful to them. The experience they have 

with those tools is also vital and can be steered through user interfaces and manual inputs but 

also ‘selling’ the respective tools to office workers seems important. These concerns and 

needs are often relatively context-dependent. The exact configuration and purpose of the as-

sessment tools seem to have an influence on how likely office workers are to approve of a 

tool. In other words, the ‘ideal’ set-up of each assessment tool would need to be considered 

individually and cannot be generalized. It becomes apparent that certain attributes are likely 

perceived negatively, and others are likely perceived positively by office workers. Often-

times, these trade-offs need to be considered when implementing or designing an assessment 

tool since cherry-picking only positively perceived attributes is not possible. Essentially, a 

balance is needed between a high intrusiveness (perceived negatively with current literature) 
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and a high benefit (perceived positively with current literature). Melenhorst et al. (2004) de-

tect this relationship as well emphasizing that users of such tools expect a greater benefit in 

return for a higher intrusiveness. Another apparent aspect of the attributes is that they are 

connected to each other regarding how office workers perceive them. Rupp et al. (2018) show 

that the perception of specific attributes of a rather smart tool (i.e., wearables) are highly cor-

related and can even be grouped into combined variables. Overall, several attributes can be 

described that are deemed to be influential for office workers’ opinions about assessment 

tools by previous literature: the proximity of measurement to the user, the amount of col-

lected personal information and the level of automatization of the assessment tool. 

However, it also becomes clear that there are many potentially important attributes of 

health and comfort assessment tools that are not explicitly examined yet in regard to how 

they influence office workers’ opinions about the 4 chosen assessment tools. This being an 

exploratory study, the attributes of whether data is measured or self-reported, the frequency 

of assessments, the range of outputs, the level of accuracy, the level of technological intelli-

gence and which organization is responsible for the assessments are therefore also incorpo-

rated in the research design later on.  

 

3.3 Personal characteristics related to office workers’ perception 

Technology savviness & data privacy 

Self-efficacy about technology describes” an individual’s perception of his or her ability to 

use a technological innovative product” (Mani & Chouk, 2017). The user is generally more 

open to adopting new technology if there is high confidence about being personally able to 

understand and use it (Mani & Chouk, 2017) or if a positive prior experience with the tech-

nology exists (Jacobs et al., 2019). Röcker (2010) also finds out that computer knowledge 

strongly (more than any other personal characteristic) impacts the willingness to use ad-

vanced assessment tools. In this, computer knowledge is derived from the individuals’ daily 

time of usage and the self-assessed level of computer knowledge (Röcker, 2010). The de-

pendence on and the amount of usage of digital devices also positively impact privacy con-

cerns (Mani & Chouk, 2017). It is said that high usage “increases the risks associated with at-

tempts to keep data private, which in turn increases concerns about privacy” (Mani & Chouk, 

2017, p. 11). Since data privacy is such a big concern among employees in regard to technol-

ogies in the office in general as well (see chapter 3.2), it is therefore interesting to find out 

whether a difference in the attitude towards data privacy directly relates to variables of office 
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workers’ perception. A previous study concludes that workers being less concerned about 

their private data relates to them having a stronger intention to adopt wearables in their work-

place (Choi et al., 2017).  

 

Age 

Belonging to certain age groups and generations can have an impact on the perception of ad-

vanced assessment tools (Röcker, 2010). Existing literature suggests that older generations 

are less inclined to use a newly introduced technology (Röcker, 2010) and have a preference 

towards manually controlling the tools via user interfaces (Donkers et al., 2023). The causes 

of this should also interrelate with the previously stated self-efficacy (Röcker, 2010). As 

younger generations spend a lot of time with digital devices their computer knowledge is 

more advanced making it easier for them to adapt to new tools (Mani & Chouk, 2017; 

Röcker, 2010). This could be further amplified by cognitive skills declining with age making 

the adaption to changes more challenging and therefore the willingness to do so declines 

(Röcker, 2010). On the other hand, it is also detected that younger employees are less willing 

to share private data (Donkers et al., 2023). 

 

Gender 

It is discovered that gender has a significant impact on the attitude towards the perceived ease 

of use and usefulness of technology (Röcker, 2010). When considering whether to use a tool 

the ease of use is very important to women, while the usefulness is of greater importance to 

men (Röcker, 2010). On the other hand, Jacobs et al. (2019) conclude that men are overall 

more willing than women to use wearables, a relatively advanced assessment tool, in their 

workplace. That said, women are also slightly underrepresented in the sample of Jacobs et al. 

(2019) indicating possible research biases. 

 

Nationality and country of work 

At least one study finds a significant difference between the willingness to use smart office 

tools of American versus German office workers with the former being more inclined to use 

it (Röcker, 2009). This is likely caused by generally different attitudes towards data protec-

tion between those cultures which is also connected to greatly different data protection laws 

(Röcker, 2010). Cvrcek et al. (2006) find out that these differences even exist between differ-

ent European countries.  
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Educational level 

Employees with higher education levels are using the smart assessment tools more often than 

the less educated (Röcker, 2010). This is likely because of reduced anxiety due to better 

judgements and a greater chance to detect the benefits of and adapt to the technology 

(Röcker, 2010).  

Other characteristics according to previous studies 

Zhang et al. (2022) detect that the willingness to share data for smart health assessment tools 

depends on the medical history of the user: Persons with previous health issues are more 

likely to share their data in that case. The trust towards the own company, the corporate cul-

ture and the relationship with colleagues can influence the willingness to use smart assess-

ment tools (Röcker, 2010). However, both of those aspects are difficult to properly determine 

when implementing specific questions in a user study (Röcker, 2010). 

 

Characteristics not covered by previous studies 

This being an exploratory study, other characteristics that are not covered by previous studies 

but may have an influence on office workers’ perception of the assessment tools are also in-

vestigated in this research. First, it is interesting to find out whether office workers having 

previous experiences with the respective assessment tools have a different opinion about 

them compared to office workers without that experience. It is reasonable to assume that hav-

ing used a tool possibly alters common preconceptions about these tools, as it for example re-

duces prior existing anxiety about the tool. However, the gained experiences do not neces-

sarily need to lead to a more positive perception but could result in the opposite and a more 

negative perception as well.  

In which way the characteristics of the office workers’ offices influence office workers’ 

perceptions is also unclear. How the respective offices are perceived by office workers re-

garding their level of healthiness and comfortability could well have an influence on their 

perception of health and comfort assessment tools. Those tools may become less or more im-

portant to office workers depending on the state of their office. Similarly, which of the 5 ma-

jor health and comfort aspects office workers value most could potentially impact their per-

ception of the assessment tools as these tools may target some of the health and comfort in 

particular while disregarding others.  
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3.4 Conclusion literature review 

In this chapter relevant findings of the literature review (chapter 2 and chapter 3) are trans-

formed into a preliminary conceptual model (see Figure 1). The conceptual model gives a 

first overview which constructs, variables and relationships are important to answer the re-

search questions (see chapter 1.1). These expectations are partly based on the empirical find-

ings of prior studies but also on common sense or the own thought process while reviewing 

the literature. Furthermore, this model is the basis for the method design (see chapter 4.3) 

which explains in more detail how all of these aspects are empirically measured.  

For the conceptual model, two main constructs and several subconstructs (titled dimen-

sions for the rest of the thesis) can be derived based on the findings of the literature review. 

On the one hand, personal characteristics include all dimensions and variables that are spe-

cific to each office worker (see chapter 3.3). Smart workplace health & comfort entails as-

pects about the health and comfort in the office workers’ office and how health and comfort 

aspects are perceived. The office workers’ demographics and office workers’ previous expe-

riences (with different assessment tools and digital devices as well as their attitude towards 

data privacy) are the two other dimensions of the construct of personal characteristics. These 

may relate to office workers’ perception of health and comfort assessment tools, the second 

main construct. Chapter 3.2 reveals that the attributes of assessment tools are an important 

predictor of office workers’ perception and are therefore one dimension of this construct. It 

should be noted that other dimensions, that cannot be found in the literature review, are added 

to this construct later on in the method design to be able to draw a more refined picture of the 

office workers’ perception of assessment tools.  
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Figure 1: Preliminary conceptual model based on literature review  
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4. Methodology 

4.1 Introduction 

Since the literature review of chapter 2 and 3 reveals many research gaps in relation to office 

workers’ perception of health and comfort assessment tools, the chosen research methodol-

ogy entails many exploratory elements not used in previous studies. Surveys in the form of 

questionnaires are widely used in research related to the office environment (Appel-Meulen-

broek et al., 2018). For studies about employees’ experiences, opinions and perceptions (for 

instance in relation to the indoor environment quality) this methodology is the most used 

(Appel-Meulenbroek et al., 2018). One of the reasons is that it is a relatively easy methodol-

ogy to gain large quantities of usually quantitative data (Hua, 2023). But a questionnaire also 

relies on self-reporting which is a common way to measure people’s attitudes and preferences 

(Gal & Rucker, 2011). 

How the sample is assembled, so how the participants are recruited, and which platform 

is used to host the questionnaire, is described in chapter 4.2. Based on the research design 

(chapter 3.4), which explains constructs, dimensions and the expected relationships between 

them, the method design (chapter 4.3) focuses on how constructs and dimensions are further 

specified into variables and how these are translated into the specific questions of the ques-

tionnaire. The quality of the collected data primarily depends on the time and effort needed 

by participants to complete the questionnaire and how well the participants even understand 

the questions at hand (Hua, 2023) which is why the design of the questions is so important. 

Next, in chapter 4.4 it is checked whether items measuring the same subject within a question 

set are related to each other as intended. Furthermore, this chapter analyses whether the an-

swer patterns of the independent variables are normally distributed. Chapter 4.5 explains how 

data is processed to remove incomplete data to prepare for analysis. Chapter 4.6 introduces 

the data analysis methods and statistical tests that are used to analyse the data in chapters 5 

and 6. Questionnaires need to fulfil scientific standards to be able to gain valid insights (Hua, 

2023) which is accounted for by checking the internal and external consistency in chapter 4.7. 

 

4.2 Data collection 

When setting up a questionnaire, a choice needs to be made about who exactly and how many 

need to participate in it to achieve a satisfactory result (Hua, 2023). The goal of this research 

is to find out about the preferences and perceptions of office workers in the context of their 

own office environment. As previous research about this specific research topic is relatively 
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scarce, it is most insightful if inferences over a larger population of office workers can be 

made. So, because there is no emphasis on any specific subgroups, the population of the re-

search is everyone who regularly works in an office. To filter out anyone who does not com-

ply with this requirement, potential participants are asked upfront to indicate the number of 

days per week that he or she works in an office of their company or a shared office or 

coworking space. This filters out employees who solely work from home for instance. If the 

participant answers “almost never”, the results of the questionnaire are not considered for the 

analysis. These employees that do not regularly work in an office are excluded as they may 

not have any experience with the working environment in an office or their last experience is 

somewhat long ago making it harder for them to correctly remember the details of their latest 

office.    

To achieve the research goals, a representative sample of this population needs to be 

collected. The tests associated with the chosen data analysis methods (see chapter 4.6), re-

quire a sample size of at least about n = 20 to n = 25 (Mundry & Fischer, 1998). Therefore, at 

least 25 participants who fulfil the above-mentioned selection requirement and completely fill 

out the questionnaire are required. For that, the questionnaire is set up online on LimeSurvey 

(LimeSurvey, n.d.) which then can easily be distributed and filled out on a computer, laptop 

or even a smartphone.  

To solicit participants, the online questionnaire is distributed among the colleagues 

working in two offices (Rotterdam in the Netherlands and Düsseldorf in Germany) of the 

company the student researcher is working for. Furthermore, multiple publicly accessible re-

quests to participate are posted on LinkedIn by the supervisors involved in this thesis. By dis-

tributing the questionnaire via a social media platform respondents from various demographic 

backgrounds and countries can be reached. Lastly, some participants are recruited via the 

own network of researchers or friends and family members working in an office. Given the 

predominance of contacts with a high interest in real estate and workplace-related topics, it 

can be anticipated that these will make up a sizeable proportion of the sample. All respond-

ents filled out the questionnaire in February and March 2024. 

 

4.3 Method Design & Operationalization 

Based on the description of constructs, dimensions and the possible relationship between 

them in subsection 3.4, it is necessary to explain in more detail how these constructs are de-

fined and measured as variables. It is then also depicted how the variables are integrated into 
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the questionnaire through questions and explanations connected to them (see Appendix A for 

the complete questionnaire). While a few of the included question sets are already used in 

other studies before (see chapter 4.4.1), others are specifically tailored towards this research.  

In any case, the choice, order and phrasing of questions is an especially important con-

sideration in the method design (Hua, 2023). This is so that the questions are relatively easy 

and straightforward to answer for all participants regardless of their amount of prior 

knowledge regarding this topic.  

A structure with multiple sections and sub-sections (called “steps”) is used in the ques-

tionnaire. As a result, participants are guided through the questionnaire one step at a time 

while continuously gaining more knowledge about the topic. First, without having received 

any prior information, the participants state the perception towards the health and comfort in 

their own office. Then, 4 steps are used to give more detailed information about the topic and 

to ask more specific questions. Each of the 4 steps builds upon the information given in the 

previous steps. A full overview of the survey is available in Appendix A. An overview of the 

constructs, dimensions and relationships between are given in Figure 2. All variables used are 

described in Table 1.  
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Figure 2: Conceptual model of method design 

 

Table 1: Detailed definition of constructs, dimensions and variables based on the conceptual model 

Construct Dimension Group of 

variables 

Variables Description Measure-

ment scale 

Refer-

ences  

Personal 

character-

istics 

Smart 

workplace 

health and 

comfort 

Perception 

of own of-

fice environ-

ment 

Prior: Perceived 

health/comfort 

Perception of the 

own, current of-

fice regarding the 

health, comfort 

level and then in-

dividually for the 

respective aspects  

5 point 

Likert 

scale 

 

- 

After: Perception of 

respective 

health/comfort as-

pects 

- 

Preferences 

for health 

and comfort 

Ranking of respec-

tive health/comfort 

aspects 

Ranking the 5 

health and com-

fort aspects in re-

lation to each 

other 

Ranking 1-

5 

- 
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- Time spent in the 

office 

Days in a typical 

week spent work-

ing in the office 

6 catego-

ries  

- 

De-

mographic

s 

- Gender Indicating the 

gender 

4 catego-

ries  

Jacobs et 

al., 2019 

- Education Indicating the 

highest finished 

education level 

5 catego-

ries + open 

field 

Röcker, 

2010 

- Age Indicating the age Number 

field 

Mani & 

Chouk, 

2017; 

Röcker, 

2010 

Origin Country of work Indicating the cur-

rent main office 

location 

Selection 

list  

Cvrcek et 

al., 2006; 

Röcker, 

2009; Röc-

ker, 2010 

Nationality Indicating the citi-

zenship 

Previous 

experi-

ences 

Data privacy Personal attitude to-

wards data privacy 

Indicating the atti-

tude 

5 point 

Likert 

scale 

Choi et al., 

2017 

Knowledge about 

data privacy regula-

tions 

Indicating the 

knowledge 

Mani & 

Chouk, 

2017 

Technology 

savviness 

Knowledge about 

and willingness to 

adapt to digital de-

vices 

Indicating the 

knowledge 

Mani & 

Chouk, 

2017; 

Röcker, 

2010 

Time of usage of 

digital devices 

Hours in a typical 

week spent using 

digital devices 

outside of work 

4 catego-

ries 

Mani & 

Chouk, 

2017 

- Respective tool al-

ready present in 

own office 

Existing experi-

ence of each tool 

and in relation to 

the 5 health and 

comfort aspects 

Yes/No - 
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Office 

workers’ 

perception 

of health 

and com-

fort assess-

ment tools 

Attitude 

towards as-

sessment 

tools' at-

tributes 

- Amount of col-

lected personal data 

Attitude towards 

different typical 

attributes associ-

ated with each 

tool 

3 point 

Likert 

scale 

Collins & 

Marassi, 

2021; Gorn 

& Shklov-

ski, 2016; 

Harper et 

al., 2022; 

Lai et al., 

2003; Neff 

& Nafus, 

2016; 

Teebken & 

Hess, 

2021; 

Zieglmaier 

et al., 2022 

- Level of automati-

zation 

Ahmadi-

Karvigh et 

al., 2017; 

Day et al., 

2019; Don-

kers et al., 

2023; 

Kwon et 

al., 2019; 

Lashina et 

al., 2019; 

Tuzcuoğlu 

et al., 2023 

- Level of accuracy - 

- Technological intel-

ligence 

- 

- Data type collected - 

- Range of outputs Mani & 

Chouk, 

2017 

- Frequency of meas-

urement 

- 

- Proximity to user - 
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- Responsibility for 

data collection 

- 

Ranking of 

assessment 

tools 

- Ranking when 

health aspects are 

addressed 

 Ranking 1-

3 

- 

- Ranking when com-

fort aspects are ad-

dressed 

 Ranking 1-

4 

- 

Desire for 

assessment 

tools 

 

- Respective tool 

should be present in 

the office 

 Yes/No - 

 

 

4.3.1 Variables & questions about personal characteristics 

The construct of personal characteristics is distinguished into three dimensions: smart work-

place health & comfort, demographics and previous experiences. These are all independent 

variables that may relate to the dependent variables that constitute the construct of office 

workers’ perception of health and comfort assessment tools (see Figure 2). 

 

Smart workplace health & comfort 

One dimension of the construct of personal characteristics is described as smart workplace 

health & comfort and includes several explanatory variables. In the literature review (see 

chapter 2.2.1) it is initially discovered that 6 aspects of office workers’ health and comfort in 

the office environment appear to be especially important to workers and simultaneously can 

be addressed by existing health and comfort assessment tools. Given the length limitations of 

the questionnaire, it is decided to limit the included health and comfort aspects to 5 in the 

questionnaire. Out of all the introduced health and comfort aspects, the air quality is deemed 

to be the least important one and is therefore not further regarded in the research design. 

This study therefore focuses on sedentary behaviour and stress as mostly health re-

lated aspects as well as the lighting, temperature and noise conditions as mostly comfort re-

lated aspects. The research subquestions aim to find out about office workers’ preferences for 

assessment tools specifically in relation to each of these health and comfort aspects. There-

fore, how office workers rank these aspects amongst each other and how they already rate the 

state of them in their current office environments should be impactful for various variables of 
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the office workers’ perception of assessment tools. Lastly, it is also reasonable to investigate 

if the time spent working in the office has any relationship with the dependent variables. 

Even though it is not specifically mentioned in the literature, it can be anticipated that the ac-

tual time spent in the office alters the exposure to tools and the sensitivity to or appreciation 

of office environment-related matters could change. 

The first question of the questionnaire is about the respondents’ time spent in the office. 

This is the opening question so that respondents indicating that they “almost never” work in 

their company’s office or a coworking or shared office space can be filtered out and do not 

need to answer the rest of the questionnaire. Then, the perception of health and comfort in the 

own office is derived from two similar sets of questions. The prior question asks about the 

perceived level of health and comfort in the office without giving any additional information. 

Step 1 subsequently introduces the 5 relevant health and comfort-related aspects by mention-

ing some of the most influential issues typically associated with each of the 5 aspects while 

working in an office setting. As sedentary behaviour is a term that possibly is not known to 

participants, it is formulated as sitting and moving behaviour in the questionnaire. Moreover, 

a definition is given of what is meant by health and comfort in the office. Then, participants 

are asked again to state from their own viewpoint how their office environment scores, but 

then specifically regarding each of the 5 aspects of health and comfort separately. The ques-

tion is asked in the same style and on the same scale level as the prior question. This makes it 

easy to compare how participants perceive their office simply based on their initial gut feel-

ings and how far this matches with the answers given after receiving further information 

about this specific topic. In step 2, participants are asked to rank the 5 health and comfort as-

pects in relation to each other. This clarifies which aspect is most (and least) important to the 

participant. Moreover, later on, it becomes possible to derive how far these experiences and 

attitudes towards health and comfort in the office relate to how different kinds of assessment 

tools are perceived. 

 

Demographics 

It is revealed that several demographic aspects relate to office workers’ perceptions (see 

chapter 3.4). The nationality of the office worker and the location of their office seems to re-

late to the attitude towards data privacy and perhaps indirectly also on the perception of as-

sessment tools. Moreover, gender (being male) could relate to the likeliness to rate the more 

advanced assessment tools positively. A higher education level could indicate a higher will-
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ingness to use such smart tools. Meanwhile, higher age could be connected to a smaller likeli-

hood to adapt to new technologies and therefore lower technology savviness That said, 

younger age groups could also have a more careful attitude towards data privacy. This char-

acteristic perhaps also has indirect relationships with the office workers’ perception of assess-

ment tools through the differing technology savviness depending on age.  

Demographic questions are presented to respondents as a separate question block at the 

end of the questionnaire. It is anticipated that these are relatively easy to answer which is why 

they are best asked at this stage to not unnecessarily fatigue the participants before they move 

on to the more demanding questions. Questions are asked about the country of origin (re-

vealed by filling in the statement: “I am a citizen of”) and the country where the participant 

works  (“I am currently mostly working in”). The gender (“What is your gender?”), age 

(“What is your age?”) and the education level (“What is your highest finished education?”) 

are all straightforward to answer.  

 

Previous experiences 

Since data privacy likely is major concern when introducing assessment tools, it is interesting 

to investigate whether the individuals’ attitudes towards data privacy relate to the perception 

of the tools. Office workers who are less concerned about their private data may prefer the 

more advanced assessment tools. This aspect can be broken down into the personal attitude 

towards the collection of private data as well as the knowledge of data privacy regulations. 

Moreover, office workers’ technology savviness is said to also relate to office workers’ per-

ception of the assessment tools. A high technology savviness could positively relate to the 

perception of advanced assessment tools. Technology savviness not only includes the individ-

uals’ ease of using and adapting to new technologies but also how often such technologies are 

used as variables. Having previous experience with a tool could potentially relate to the eval-

uation of the respective tool.  

Following step 2 in the questionnaire which is concerned with the ranking of the health 

and comfort aspects, step 3 introduces each of the 4 assessment tools. After an introductory 

text emphasizing the different levels of technological advancement of the assessment tools, 

respondents are asked whether each of the tools is present in their office and which of the 5 

health and comfort aspects are addressed by the tool. Deriving participants’ technology savvi-

ness is on the one hand done with the help of a previously developed set of items (Areepatta-

mannil & Santos, 2019) that measures the respondents’ knowledge about and willingness to 

adapt to new digital devices. Technology savviness is additionally measured by asking how 
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many hours respondents spend with their digital devices outside of work every day. Lastly, 

questions about data privacy are asked. Not only does that include a question about respond-

ents’ existing knowledge of data privacy regulations. Moreover, an existing set of items is 

used to measure respondents’ attitude towards giving away private data (Harper et al., 2022). 

 

4.3.2 Variables & questions about office workers’ perception of health and com-

fort assessment tools 

Various dimensions and variables can be defined of how this construct expresses itself. The 

perception of assessment tools can be broken down into office workers’ attitudes towards as-

sessment tools’ attributes – so the attitudes towards the respective tools’ characteristic tech-

nical features and configurations. These attributes are already introduced in chapter 3.3. To 

get more comprehensive insights into office workers perception this construct also entails two 

more dimensions introduced in this subchapter (also see Figure 2). One of them is how office 

workers rank the different types of tools against each other. It can then be compared how this 

overall ranking potentially also differs depending on which type of health and comfort aspect 

is addressed. However, simply comparing if office workers prefer one tool over the other is 

not sufficient. Whether office workers would like to have each tool present in the office at all 

is similarly important to investigate.  

 

Defining the health and comfort assessment tools and levels of smartness 

First, a detailed overview is given about which health and comfort assessment tools are in-

cluded and how they are defined in this research (see Table 2). As it is anticipated that the 

participants of the questionnaire are required to process a considerable amount of infor-

mation, the information given to participants concerning the assessment tools needs to be as 

short and precise as possible. This is also because some office workers might not have 

knowledge about the respective assessment tools requiring them to go through a relatively 

long thought process before being able to answer questions. Consequently, the amount of as-

sessment tools that can be included in the questionnaire is limited – and so is the information 

that can be provided to the participants about the tools. Why these specific four assessment 

tools (surveys, smartphone app-based surveys, room-mounted sensors and wearables) are se-

lected for this research is depicted in chapter 2.2.2.  

Furthermore, a main part of this research is also about deriving which kind of tool is 

most preferred among office workers. The different existing tools consequently need to be 

summarized into distinct categories. Based on the review of the various assessment tools (see 
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chapter 2.2.1) a suitable scheme is to categorize them into three different levels depending on 

how smart the respective tools are. How this categorization is set up and how the smartness 

can be broken down is pictured in Table 2. Obviously, the tools that are already existing in 

real office environments usually have some unique features to them and thus rarely fit into 

narrowly predefined levels. The levels can be understood as a generalization and abbreviated 

version of tools resembling existing health and comfort assessment tools. To be able to com-

pare the three different levels in the analysis, they are defined based on different specifica-

tions of the same 9 common attributes which are relevant characterizing features of the tools 

from the office workers’ viewpoint. First, the amount of personal information collected (I) 

can differ majorly depending on how advanced and finely-grained the range of outputs (II) of 

the respective tool is (e.g., whether insights are gained about the individual workers or the of-

fice/staff as a whole). Similarly, the data type collected (III) refers to the spatial scale level 

data is measured on (e.g., ranging from very finely-grained measurements on the own body, 

or the own work desk to more general measurements within the whole room or office). Who 

is responsible for the data collection (IV) can alter between the own organization office work-

ers are working for or an external provider of the tool. Data processing happens in between 

the data collection and the output given and differs depending on the technological intelli-

gence of the tool used (V) (e.g., artificial intelligence vs. “conventional” approaches). Differ-

ent assessment tools collect data in different proximities to the workers (VI). Data can be col-

lected directly from the own body or for instance from the ceilings of rooms. The level of au-

tomatization (VII) can range from completely manual, user-operated inputs to fully automatic 

data collection methods. Highly dependent on other attributes is the level of accuracy of tools 

(VIII). Last but not least, whether it happens infrequently or constantly, there are vast differ-

ences in the frequency of the data measurements of tools (IX). How these attributes are ex-

pected to be perceived by office workers is described later in this subchapter. 

In the questionnaire, respondents receive explicit information about the health and com-

fort assessment tools described in the rows “description of tools in the questionnaire” and the 

rows “statements included in the questionnaire” (for each of the 9 assessment tools’ attrib-

utes). Unfortunately, it is not possible to include statements for all attributes for all assess-

ment tools as it becomes necessary to limit the amount of details given to respondents. Giving 

too much complicated information would risk fatigue among respondents which consequently 

leads to less qualitative responses or respondents quitting the questionnaire. Therefore, the 

selected statements have been chosen as they provide crucial contextualising background in-

formation of the respective assessment tools to the respondents and are expected to generate 
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the most insights for the purposes of this research. However, it can be assumed that respond-

ents are not just basing their opinions and answers on this explicit information that is in-

cluded in a written form, but it can be expected that certain attributes of the assessment tools 

are also implicitly inferred by respondents. Therefore, it is for instance not deemed necessary 

to explicitly mention that wearables are provided and controlled by an external party rather 

than the own organisation as respondents would likely already infer that anyway. This also 

reduces the amount of statements that need to be included in the questionnaire.  

 

Table 2: Definition of the health and comfort assessment tools in the questionnaire 

Level of 

smartness 
1 (non-smart) 2 (medium) 3 (high) 

Name of tool 

in question-

naire 

Survey Mobile phone apps 
Room mounted sen-

sors 
Wearables 

Description 

of tool in 

questionnaire 

Yearly, anonymized 

survey, initiated by 

your organization 

Frequent and per-

sonalized app-based 

surveys on your 

mobile phone 

Room-mounted 

sensors (with exem-

plary picture) 

Wearable sensors (e.g. 

a Fitbit) 

Addressed 

health/ com-

fort aspects 

All 5 All 5 

Only lighting, tem-

perature and noise 

conditions 

All 5 

Amount of 

collected per-

sonal data 

No personal infor-

mation 

Personal, self-re-

ported information 

about behaviour, 

environmental con-

ditions 

No personal infor-

mation (only move-

ment patterns trace-

able through meas-

urement of environ-

mental conditions) 

Bodily parameters and 

behaviour patterns 

Statement in-

cluded in 

questionnaire 

“I like that the sur-

vey is anonymous 

and no personal in-

formation is col-

lected” 

"I like that more 

personal data is col-

lected" 

- 
"I like that very per-

sonal data is collected” 

Level of au-

tomatization 

Data collection 

fully manual by us-

ers 

Data collection 

fully manual by us-

ers 

Data collection 

fully automatized, 

no manual inputs 

Data collection fully 

automatized, no man-

ual inputs 
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Statement in-

cluded in 

questionnaire 

"I like that the data 

is self-reported in a 

subjective manner 

and not measured in 

a more extensive 

way” 

"I like that the data 

is self-reported in a 

subjective manner 

and not measured in 

a more extensive 

way” 

"I like that I do not 

have to give any 

manual inputs" 

"I like that I do not 

have to give any man-

ual inputs" 

Level of accu-

racy 

Low due to low fre-

quency and subjec-

tive inputs 

Medium due to tai-

lor-made, artificial 

intelligence-driven 

questions and out-

puts, still based on 

subjective inputs 

Medium due to 

high measurement 

quality but high dis-

tance to users 

High due to very de-

tailed input and output 

information and close 

proximity to user 

Statement in-

cluded in 

questionnaire 

- - - 

"I like that the gained 

insights are very accu-

rate and detailed" 

Technological 

intelligence 
Conventional 

Data processing 

with the help of ar-

tificial intelligence 
 

Data processing 

with the help of ar-

tificial intelligence 

Respondents may infer 

a high technological in-

telligence  

Statement in-

cluded in 

questionnaire 

- 

"I like that the data 

is processed with 

the help of artificial 

intelligence" 

"I like that the data 

is processed with 

the help of artificial 

intelligence" 

- 

Data type col-

lected 

Subjective self-re-

ported data, not 

measured 

Subjective self-re-

ported data, not 

measured 

Objective, meas-

ured data (about en-

vironment) 
 

Objective, measured 

data (about environ-

ment & body) 

Statement in-

cluded in 

questionnaire 

- - 

"I like that the ac-

tual environmental 

conditions are 

measured" 

"I like that my own 

bodily parameters are 

measured" 

"I like that the actual 

environmental condi-

tions at my desk are 

measured" 

Range of out-

puts 

Only general, anon-

ymous advice for 

whole office 

Personalized, indi-

vidual behaviour 

changes 

Advice and adjust-

ments for individual 

rooms/work areas; 

movement patterns 

traceable  

Very distinct, personal-

ized advice. Environ-

mental conditions at 

work desk level can be 

traced 



58 
 

Statement in-

cluded in 

questionnaire 

“I like that insights 

are gained for the 

office as a whole 

and not for me spe-

cifically" 

"I like that person-

alized, individual 

behaviour changes 

can be suggested / 

gained insights are 

very personalized" 

"I like that such 

sensor technologies 

could also enable 

the tracing of my 

movement patterns 

in my room(s)" & 

"I like that specific 

adjustments for my 

individual rooms 

are possible" 

"I like that the actual 

environmental condi-

tions at my desk are 

measured" & "I like 

that personalized, indi-

vidual behaviour 

changes can be sug-

gested / gained insights 

are very personalized" 

 

Frequency of 

measurement 
Only once a year Frequent Constantly Constantly 

Statement in-

cluded in 

questionnaire 

- - - 

"I like that the meas-

urements are taking 

place constantly" 

Proximity to 

user 

Work laptop, com-

puter 

(Personal) 

smartphone for data 

collection 

Room-mounted 

(thus still recog-

nizable but not re-

ally intrusive) 

Immediate vicinity 

through body contact 

Statement in-

cluded in 

questionnaire 

- 

"I like that the sur-

veys can be filled 

out on my own 

smartphone" 

- 

"I like that I have to 

wear the sensors di-

rectly on my body" 

Responsibil-

ity for data 

collection 

Own organisation 
External app pro-

vider 

Respondents could 

both infer that the 

own organisation or 

an external provider 

is responsible 

Respondent likely infer 

that the manufacturer 

of wearable is responsi-

ble 

Statement in-

cluded in 

questionnaire 

“I like that my own 

organisation is re-

sponsible for col-

lecting the data” 

"I like that an exter-

nal app provider is 

responsible for the 

data collection and 

not my organisa-

tion" 

- - 

 

The chosen 4 assessment tools therefore majorly distinguish themselves by their level 

of smartness. To allow for a comparison of office workers’ perceptions of assessment tools 

that are advanced and smart with the perception of tools that are not smart at all, a representa-

tive, non-smart assessment tool needs to be defined for level 1. This level is consequently not 
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just set up like this to create clear distinctions to the other levels but also to be able to analyse 

if participants in the questionnaire rather prefer ‘non-smart’ or ‘smart’ tools for addressing 

the various health and comfort-related aspects. Although the goal of the literature review (see 

chapter 2.2.1) is not explicitly to find out more about such tools, less advanced instruments 

are sometimes added to smarter tools to be able to compare subjective data input methods 

with the often-times more objective smart methods.  

Conventional surveys fulfil such a role due to the self-reporting they are based and are 

an especially often cited assessment tool suitable for this study’s definition of level 1. As 

such, surveys in this context aim to fulfil similar purposes as smart tools but on a less ad-

vanced level. This being the least advanced level of assessment tools, it is assumed that in 

contrast to level 2, these surveys occur infrequently and in an anonymized way. Organiza-

tions can initiate these kinds of surveys by themselves (e.g., through in-house departments) to 

gain insights about the general state of the health and comfort level of their staff and their in-

door environments. Additionally, a lack of any advanced data processing ability further infers 

that limited insights and only abstract and generalized feedback can be given to the whole 

staff rather than the individuals. The possible advantage of this assessment tool for office 

workers is that not much or any personal data should be required to derive this level of in-

sights and no actual measurement with potentially intrusive technologies is required.  

Level 2 refers to assessment tools of medium technological advancement so in-between 

the non-smart tools and the very high-end technologies. Two different types of tools are in-

cluded in level 2 that seem to commonly occur in the previous literature (see chapter 2.2.1) - 

room-mounted sensors and smartphone-based surveys designed to provide personal insights. 

Starting with the aspects mostly related to the indoor environment so the lighting, tempera-

ture and noise conditions, assessment tools using room-mounted sensor technologies can be 

considered to be technologically more advanced and smarter than the level 1 surveys (alt-

hough not as advanced as the level 3 tool. It can be assumed that the data is measured con-

stantly and leads to more objectively viable outputs compared to the self-reporting taking 

place in surveys. More accurate adjustments can therefore be made to the indoor environment 

on a room level without using much or any personal information or collecting data in very 

close proximity to the user. 

A more recent development are smartphone-based surveys that are being introduced 

with a comparable level of advancement and also somewhat similar level of smartness. These 

surveys are however also able to address stress levels and sedentary behaviours in the office. 

As the naming suggests and contrary to the surveys of level 1, these surveys can be filled out 
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on smartphone apps provided by external companies. They are also personalized and chatbots 

driven by artificial intelligence algorithms that improve the possible insights to be gained. It 

can also assumed that these inputs per user are happening more frequently than in level 1. As 

more private data is being processed, more personalized insights and a higher, albeit still lim-

ited, usefulness of the output of this level of assessment tool are expected. Since data is still 

being self-reported, this level of assessment tool is therefore subject to the same, previously 

mentioned subjectivity limitations of surveys.  

Level 3 describes current, state-of-the-art and advanced assessment tools. Sensors in-

cluded in wearables are a very common technology measuring all kinds of bodily parameters, 

user, or environmental conditions for all included health and comfort aspects in an office set-

ting. Wristbands or smart watches are used noticeably often as hardware. These devices gen-

erally come along with a high level of intrusiveness as they are collecting relatively personal 

data in immediate proximity to office users. On the other hand, it can be expected that this 

level of assessment tool can deliver the most accurate, detailed and personalized outputs 

about the individual’s behaviour and the environmental conditions at their workstation. 

 

Attitudes towards assessment tools’ attributes 

After introducing the 4 assessment tools and the levels of smartness included in this study’s 

questionnaire, this section specifically focuses on the 9 common attributes (the tools’ charac-

teristic features and specifications) that are used to define the assessment tools. From the 

questionnaire, it is also possible to derive the attitudes towards these attributes to find out 

why each of the assessment tools and levels of smartness are liked or disliked by office work-

ers. The literature review reveals many common attributes and specifications of health and 

comfort assessment tools (see chapter 2.2.1) but also which of those attributes likely relate to 

office workers’ perception of the assessment tools (see chapter 3.2). Other attributes listed 

here are, however, exploratory and the type of relationship they have with office workers’ 

perceptions can only be assumed for now.  

To sum it up, the amount of collected personal data is among the attributes that should 

overall have a negative impact on office workers’ perceptions of such assessment tools. 

Moreover, some assessment tools such as wearable sensors collect data in very close proxim-

ity to the user. It can be expected that closer proximity of a tool to the user is perceived as in-

trusive possibly resulting in a negative perception.  
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On the other hand, it can be argued that a higher usefulness and scope of the assess-

ment tools’ output (named “range of outputs” in the model) is an attribute that should posi-

tively relate to the perception. A higher level of accuracy and therefore more granular outputs 

is something that the more advanced assessment tools can especially provide which should 

positively relate to office workers’ perception. The output of the assessment tools is poten-

tially more useful in this case. 

There is also a range of attributes becoming apparent in existing assessment tools for 

which it cannot be anticipated or it is unclear whether they have a positive or negative rela-

tionship (or no relationship at all) with the office workers’ perception: For the level of autom-

atization, so how much manual control users have over the tool, it is unclear whether the im-

pact on the office workers’ perceptions are positive or negative. Whether the data is measured 

in an objective way or provided by the users via self-reports in a subjective manner is another 

one of those attributes. Moreover, the frequency of the data collection and whether an internal 

or external party is responsible for that could play a role. Lastly, the level of technological in-

telligence, with a high level referring to the use of machine learning algorithms, or artificial 

intelligence respectively, may have an impact on the office workers’ perception of assess-

ment tools.  

It is not just interesting to investigate how all of these attributes are perceived for each 

of the assessment tools but also whether these choices are possibly related to the rankings of 

assessment tools and the desire to have the respective tools present in the office. In Table 2, 

the rows “statement in the questionnaire” depict the exact statements that need to be evalu-

ated by respondents of the questionnaire. Due to constraints about the length of the survey, 

opinions cannot be tested towards statements of all attributes and all tools. Statements are in-

cluded for those tools’ attributes that seem to provide the most insights for this research. 

 

Ranking and desire for assessment tools 

Next to the evaluation of statements about the assessment tools’ attributes, the questionnaire 

also includes a ranking of the 4 assessment tools. The tools consequently need to be ranked 

amongst each other indicating the most to the least favoured tool. This ranking is completed 5 

times for each health and comfort aspects to derive possibly differing answer patterns if dif-

ferent health and comfort aspects are addressed by the tools. From the rankings, it can be con-

cluded which tools are most preferred by office workers, but it is not clear whether they actu-

ally also want to have the respective tools present in their office. Thus, a question is included 
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about whether the respective tool should be present and if so which of the 5 health and com-

fort aspects should then be addressed by it. Overall, this should yield a relatively precise pic-

ture of which kind of assessment tools are most preferred for a specific health and comfort 

aspect addressed in the office. 

 

4.4 Reliability & Validity 

4.4.1 Inter item correlation & Internal consistency 

Checking for internal consistency in the dataset is necessary before starting with the data 

analysis. It is checked whether multiple items that measure the same variable as a scale are 

sufficiently correlated with each other. If this concerns only two items, an inter-item correla-

tion is run. If the correlation between the two results has a value that is higher than 0.3 (which 

is considered a medium effect size (Cohen, 2009) and lower than 0.8 (a higher correlation co-

efficient than this indicates redundancy and can lead to multicollinearity (Midi et al., 2010), 

the correlation is sufficient to combine the items. If three or more items are compared, the 

Cronbach’s Alpha test is used. Here a value of 0.7 to 0.95 is acceptable to assume that the 

items are sufficiently correlated (Tavakol & Dennick, 2011). If items are sufficiently corre-

lated, the answers to those items can be combined resulting in an average answer for the re-

spective variable in the data analysis. Consequently, only this combined, average answer is 

used in the further data analysis in chapters 5 and 6 which allows for a leaner data analysis.  

A previous study (Harper et al., 2022) develop a 4 item-question to measure the attitude 

towards data privacy. The reliability test reveals that the answers for all items are indeed 

closely correlated with a Cronbach’s Alpha of 0.733 (see Appendix B – Figure B1). Simi-

larly, technology savviness is measured by two items (Areepattamannil & Santos, 2019) that 

are also closely correlated with an inter-item correlation of 0.397 (p<0.01) (see Appendix B – 

Figure B2). Consequently, for both variables, the average answers are used in the data analy-

sis.  

 

4.4.2 Variables with high similarities in their answers 

Before the data analysis begins, it is tested whether variables that measure similar aspects in 

the questionnaire are correlated to each other. In contrast to the relationships explained in 

chapter 4.4.1, the relationships described in this chapter are unintended relationships between 

variables that are not explicitly discovered by previous studies. Such similar types of ques-
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tions are included in the questionnaire to gain a more comprehensive understanding of re-

spondents’ preferences and to check whether respondents provide consistent answers. Just 

like in chapter 4.4.2, if variables are sufficiently correlated (if the correlation coefficient is 

>0.3 and <0.8 or if Cronbach’s Alpha is >0.7), a new variable is created for the data analysis 

containing the average answers of all input variables. These new variables are not based on 

already established, purposely developed multi-item scales but are solely created for this re-

search. It is sensible to check for such redundancies to reduce the number of correlations that 

need to be tested in the bivariate analysis. All variables that fulfil these conditions and there-

fore have been computed into a new, combined variable are provided in Chapter 5.1.2. Given 

that these new variables take an average of multiple existing variables, the answers always 

need to be recoded to a continuous scale for the descriptive and bivariate data analysis.   

 

4.4.3 Normality 

Checking whether the answers to variables are normally distributed is necessary so that it can 

be decided which statistical tests need to be used in the analysis later on. The assumption of 

normality is checked for all continuous dependent variables that are tested as part of the biva-

riate analysis. First, the Shapiro Wilk test is utilized. This test is suited for small sample sizes 

of about n < 50 (Habibzadeh, 2024). Only in case the p-value is greater than 0.05, it can be 

assumed that this variable is normally distributed (Habibzadeh, 2024). However, given the 

low sample size such tests mostly lead to the conclusion that the variable is not normally dis-

tributed. Because of that, an additional visual test is done by looking at the histograms of the 

variables to determine whether the answers are roughly normally distributed despite the test 

revealing they are not. All tests are pictured in Appendix C.  

Given the low sample size, both the mathematical and the visual tests reveal that the an-

swers to most relevant variables are not normally distributed. There are a few outliers for 

which the Shapiro-Wilk test indicates a non-normal distribution but the visual test suggests a 

normal distribution. This is the case for the answers to two statements about the attributes of 

the assessment tools. More particularly a statement about surveys ("I like that the data is self-

reported in a subjective manner and not measured in a more extensive way”)(Appendix C – 

Figure C1) and about smartphone apps ("I like that an external app provider is responsible for 

the data collection and not my organisation")(Appendix C – Figure C2) can be considered to 

be about normally distributed. Moreover, the ranking of the smartphone app among the as-
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sessment tools of health aspects (Appendix C – Figure C11) and if comfort aspects (Appen-

dix C – Figure C12) are addressed and can be considered to be about normally distributed af-

ter the visual inspection. This is also the case for the ranking of surveys if comfort aspects are 

addressed (Appendix C – Figure C12). The same can be said regarding the knowledge about 

and willingness to adapt to digital devices (technology savviness) (Appendix C – Figure C3). 

In one instance, both the mathematical and the visual tests reveal a normal distribution. This 

concerns the answers to the personal attitude towards data privacy (Appendix C – Figure C4.) 

Nevertheless, to enable a more consistent inferential data analysis (chapter 6), only non-para-

metric tests will be used given the overwhelming majority of not normally distributed varia-

bles. 

 

4.5 Data preparation  

A total of 68 respondents completed the questionnaire. All incomplete responses of respond-

ents not completing the whole questionnaire are excluded from this set for further analysis, 

except for two cases. One of these two respondents fails to answer the last 12 questions in the 

questionnaire and therefore data is only missing about the ranking of the different assessment 

tools and the follow-up questions (see Appendix A). The other person answers one answer 

less than that and therefore additionally not expresses an opinion about the wearable technol-

ogy’s attributes. However, since both respondents answer the majority of questions and also 

give valuable insights for answers that are fundamental for answering the research questions, 

these two responses are included in the final analysis too. This brings the total number of in-

cluded responses to a sample size of 46 in the final analysis.  

The missing data for the unanswered questions of these 2 respondents are not replaced 

by estimations or averages in the data set. Because of these incomplete responses, the sample 

size differs between different questions and variables. In the descriptive analysis (chapter 5), 

the exact sample size for each variable is reported. A few questions are not mandatory to an-

swer which is why the sample size may be lower for those as well. This concerns the ques-

tions about which health and comfort aspects each of the 4 introduced assessment tools 

should address in the office. These questions are only presented to respondents who previ-

ously state that they would like to have the respective assessment tool present in the office. 

Moreover, questions about the respondent’s gender, age, citizenship and country of work are 

not mandatory to answer to avoid respondents quitting the questionnaire because they do not 

want to provide this personal information.  
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None of the included responses are characterized by suspiciously consistent answer pat-

terns (e.g., the same answer option like “fully agree” is always selected) which would require 

the exclusion of these answers. This shows that the respondents not just quickly fill in the 

survey without spending any thought on it. The shortest answer time of the included re-

sponses for the whole questionnaire is 5 minutes with the median time to fill it in being just 

under 10 minutes. All responses fulfil the check that is performed in the questionnaire to en-

sure that all of the respondents are working from the office at least once a week. This is a 

mandatory criterion for participating in the study. As part of the data preparation process, a 

few custom answers for the question asking about the education level are manually edited and 

sorted into the existing answer categories for this question. 

 

4.6 Quantitative data analysis & Method description  

For the type of data that is collected, two types of data analysis are especially insightful for 

the purpose of this research - descriptive analysis and bivariate analysis.  

 

4.6.1 Descriptive analyses 

At the beginning of the data analysis (see chapter 5), the descriptive data analysis is de-

scribed. In here, the sample is examined further by analysing a variety of statistical values for 

all variables included in the questionnaire. A lot of insights to answer the research questions 

can already be gained by conducting descriptive analysis for all of the variables.  

Depending on the variable, specific statistical values are reported. Most variables con-

tain categorical data. In that case, the frequency (so the count of answers given for each of the 

answer categories) is reported to picture the distribution of the given answers. Some variables 

are continuous and therefore the mean, median and standard deviation (and optionally also 

the minimum and maximum) are reported. This concerns the age of respondents but also all 

variables that consist of combined variables as described in chapters 4.4.1 and 4.4.2. Again, 

the distribution of the answers for the respective variables can be derived by analysing those 

values. Since this research includes a lot of explorative elements which (to my knowledge) 

are not examined by any previous studies, the descriptive analysis is not just relevant to get 

an overview of the sample. In addition, possibly interesting answer patterns can be detected 

and first insights to answer some of the research questions can be gained. In particular, the 
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descriptive analysis provides the answer to subquestion 4: “Which types of health and com-

fort assessment tools are preferred by office workers for measuring different aspects of their 

health or comfort in the office?”  

 

4.6.2 Bivariate analyses 

Following this first step in the data analysis, inferential statistics are used to answer more re-

search subquestions by detecting possible relationships between numerous independent and 

dependent variables (see chapter 6). More precisely, the research subquestions 6: “How do 

attributes of assessment tools relate to office workers’ preferences for health and comfort as-

sessment tools?” and 7 “How do personal characteristics relate to office workers’ preferences 

for health and comfort assessment tools?“ are answered with the bivariate analysis. 

Bivariate analysis – a relatively simplistic methodology of quantitative data analysis 

that nevertheless enables a comprehensive coverage of the measured variables (Erenstein & 

Farooq, 2009) - involves the analysis of the relationship between two variables, one inde-

pendent and one dependent variable. If a relationship turns out to be significant, conclusions 

can be derived for the whole population of office workers (although limitations in terms of 

the result’s validity remain as described in chapter 7.2). The significance level is set at 5% (p-

value < 0.05) which is commonly utilized in social science-related research (e.g., Pramitha 

Dewi & Ganing, 2021). To statistically analyse the relationships, different tests are used for 

the bivariate analysis. The selection of the test depends on the level of measurement of the 

dependent and independent variables. This research includes variables that are measured on 

nominal as well as ordinal and continuous scales. The various Likert scales and the combined 

variables involved in the research are considered to be approximately continuous (Norman, 

2010) which determines the tests used to analyse those variables.  
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Figure 3: Statistical tests for variables with different levels of measurement 

The Figure 3 also includes non-parametric tests. As concluded in chapter 4.4.3, only 

non-parametric tests are used to analyse the data in this research. In the following, all of the 

utilized tests in this research are described which includes the combinations of variables for 

which the test is applicable. The utilized tests are further described in Appendix E. 

 

4.7 Internal & external validity 

Ensuring internal and external validity is crucial to the reliability and generalizability of the 

findings of this study. Given the limited scale and scope of this thesis, it however needs to be 

mentioned that several limitations due to the limited internal and external validity of this re-

search naturally remain and are further described in chapter 7.2. 

 

Internal validity 

Internal validity refers to the extent to which the research design accurately measures the in-

tended variables and no other, unaccounted factors relate to the results (Barry, 2005). The ex-

tent to which cause-effect-conclusions are allowed to be drawn is determined by whether in-

ternal validity is accounted for (Schonfeld & Chang, 2016). Several potential threats to inter-

nal validity are considered and addressed by this research design.  

First, an opening question is included to make sure that only respondents who are regu-

larly working in an office are filling out the questionnaire. Thus, respondents who do not ful-

fil this criteria are filtered out. Even though the remaining sample (n = 46) is not particularly 

big, it meets the 25 respondent requirement to run the statistical tests. Recruiting participants 

with various backgrounds (more information on the recruitment is given later on when con-

sidering the external validity) is an attempt to nevertheless ensure a high internal validity. 
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Questions about the respondents’ diverse personal characteristics are included in the ques-

tionnaire to minimize risking a situation in which changes in a dependent variable are the re-

sult of some type of confounding variable of respondents not measured in the questionnaire.  

If descriptions or questions in the questionnaire are unclear, or if it takes too long to be 

completed, misinterpretations or fatigue of respondents could occur negatively affecting the 

results (Hess et al., 2012). To counter this, the online questionnaire is thoroughly tested with 

the supervisors, friends and family members before being published. Multiple rounds of feed-

back ensure that the questions are clear and understandable. By ensuring the survey is concise 

and user-friendly, participant drop-out rates can be reduced. Feedback from initial testers 

confirms that the survey can be completed in a reasonable amount of time. However, partici-

pants’ familiarity with the questionnaire can of course influence their responses. While re-

peated testing with supervisors, friends and family members helps to refine the questions, it is 

ensured that the respondents being part of the final sample are not exposed to the question-

naire beforehand. Questions that are very personal, such as about respondents’ citizenship, 

country of work, gender, and age, are optional to answer to respect participants’ privacy. This 

approach encourages honest and complete responses without making participants uncomfort-

able or even quitting the questionnaire. Lastly, even though this is an exploratory study with 

many unique questions included in the questionnaire, some of the questions (regarding the at-

titude towards data privacy and technology savviness) are already used and tested in other 

studies and can therefore be trusted to yield reliable results in this study as well.  

 

External Validity 

External validity refers to the extent to which the findings can be generalized to other set-

tings, populations, and times (Skinner, 1981). Potential threats lowering the external validity 

and strategies to mitigate those threats are included in the design of this research. 

Even though sufficient to run the statistical tests, the small sample size can cause chal-

lenges during the analysis. To ensure that the sample is still somewhat representative of the 

whole population of office workers, several different recruitment channels are used. Re-

spondents are not just recruited via the supervisors’ and my own LinkedIn networks but are 

also working in two offices of my organization that are each situated in a different country 

(Rotterdam in the Netherlands and Düsseldorf in Germany). Moreover, friends and family 

members working in offices are also asked to participate in the questionnaire. To analyse how 

diverse the sample actually is, and in how far it represents the broader population of office 

workers, questions about diverse personal characteristics are included in the questionnaire. Of 
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course, having a sample that primarily originates from two neighbouring countries may limit 

the generalizability of the findings to a global context. However, the provided insights are at 

least not restricted to a single national context.  

The study's findings should be applicable to real-world office settings. This is why the 

chosen tools and descriptions in the questionnaire are designed to reflect actual health and 

comfort assessment tools as closely and comprehensively as possible. In conclusion, multiple 

strategies to ensure both internal and external validity are taken to improve the robustness of 

this study.  
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5. Descriptive analyses 

5.1 Personal characteristics 

The personal characteristics contain all variables of the respondents included in the question-

naire that could potentially be related to their perception of health and comfort assessment 

tools. However, the following chapters solely describe the answer patterns of those variables 

which nevertheless also provides insights for further data analysis. The personal characteris-

tics can be distinguished into the dimensions of demographics, smart workplace health & 

comfort and previous experiences.  

 

5.1.1 Demographics 

In the study, various characteristics of respondents are taken into account, providing insights 

into the demographic background of the sample. More specifically, the gender, education 

level, origin (nationality and the country of work) as well as the age of respondents are in-

cluded.  
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Figure 4: Descriptive statistics of demographic variables 

Frequency

Count

Gender
*n = 44
Female 27
Male 16
Other -
Rather not say 1

Level of education
*n = 44
Secondary education 4
Applied science university degree 4
University bachelor's degree 8
Post-graduate degree 28

Nationality
*n = 42
China 1
Finland 1
Germany 13
Ghana 2
Ireland 1
Netherlands 13
Portugal 2
Russia 1
Turkey 1
United Kingdom 5
United States 2

Country of work
*n = 41
Belgium 1
Germany 13
Hungary 1
Ireland 1
Netherlands 15
Portugal 1
Spain 1
Switzerland 1
United Kingdom 4
United States 3

Personal characteristics

*refers to the number of respondents that answered the question(s) 
about this item
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Gender 

The gender distribution within the study population reveals a predominance of female partici-

pants, constituting 27 of the 44 individuals who answer this question. 16 males, on the other 

hand, answer the questionnaire with one participant not willing to disclose their gender. For 

the total population of office workers’ one would expect both genders to roughly have a 50% 

share, but this likely also depends on the business sector. 

 

Education level 

Moving on to the educational level of participants, it becomes clear that a majority (28 of 44 

individuals who give an answer) possess a post-graduate degree. Additionally, 12 participants 

either hold a University Bachelor's degree or a University of Applied Science degree. Indi-

viduals that have no degree in higher education are very underrepresented in the sample with 

only 4 of them participating in the questionnaire. This may indicate that the sample is some-

what biased towards the highly educated, but populations of office workers generally can be 

considered to be somewhat more highly educated than the average general population. 

 

Origin 

The origin of the participants is split into two questions. First, it is asked which citizenship 

the individual holds. Germany (13) and the Netherlands (13) make up a slight majority of the 

sample of 42 respondents. The United Kingdom (5) is the only other nationality that is repre-

sented with more than 2 respondents.  

Second, the distributions of countries in which the respondents are currently working 

are very similar. 15 of 41 work in the Netherlands, 13 of them in Germany and 4 in the 

United Kingdom. The other countries are less represented (with 9 respondents in total).  

 

Age 

The mean age of respondents is 32.7 years (SD = 8.207) ranging from 22 to 58. In Appendix 

D – Figure 1 it can be seen that the sample does not follow a typical normal distribution and 

is skewed to the right. This reveals a predominance of young starters and young professionals 

over older age groups in the sample. 
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5.1.2 Variables with high similarities in their answers 

Some variables connected to smart workplace health and comfort and office workers’ prefer-

ences towards assessment tools are answered significantly similar to variables measuring 

similar aspects (see Table 3). Based on the requirements and methodology formulated in 

chapter 4.4.2, new, merged variables are created which are then exclusively used for the fol-

lowing data analysis containing the average answers of all input variables. As only the new 

variables are reported, this allows for leaner descriptive and bivariate data analyses avoiding 

the analysis of variables that are very similar to each other without missing any insights. 

In regard to smart workplace health and comfort, there is a very high similarity between 

the answers given to the question about whether the own office is a healthy and whether it is 

a comfortable place to work. The same can be said regarding some variables regarding office 

workers’ preferences towards assessment tools. This, on the one hand, concerns answers to 

statements about attributes of assessment tools. For the level of automatization, the statement 

"I like that the data is self-reported in a subjective manner and not measured in a more exten-

sive way” is presented twice, both in regard to surveys as a means to gather health or comfort 

information and in regard to smartphone apps as tools that are measuring data this way. Un-

surprisingly, the attitudes towards these statements are very similar regardless of which tool 

is gathering the information (#1 in Table 3). Moreover, another statement about the level of 

automatization "I like that I do not have to give any manual inputs" shows this high correla-

tion between the answers of the two different assessment tools this statement has been con-

nected to (#2). Lastly, the statement about artificial intelligence ("I like that the data is pro-

cessed with the help of artificial intelligence") is also included in regard to the two tools and 

the answers are highly correlated as well (#3). On the other hand, the desire for and ranking 

of assessment tools also shows similar answer patterns. In case participants indicate that sur-

veys or smartphone apps should be present in the office, they indicate that the surveys (#4) 

and smartphone apps (#5) should then also address all of the possible health and comfort as-

pects. The rankings of the 3 assessment tools addressing health-related aspects are very simi-

lar between the two different health-related aspects for which this question is filled in sepa-

rately. This means that the evaluation of the assessment tools seemingly does not depend on 

which specific health aspect is addressed (#6, #7, #8). The same can be discovered for the 

rankings of the 4 assessment tools when addressing the individual comfort aspects. Because 

of the close correlations, it can be said that the ranking of the assessment tools remains the 

same regardless of which comfort aspect is addressed (#9, #10, #11, #12). Lastly, the percep-

tion of the healthiness of the office is correlated with the perceived comfortability (#13). 
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Table 3: Variables with high similarities in their answers 

# Variables Statistical test Statistics   

1 
Surveys require data to be self-re-

ported 

Apps require data to be self-re-

ported 

Spearman cor-

relation 

r(44) = -

.772   

2 
Room sensors measure data auto-

matically 

Wearables measure data automati-

cally 

Spearman cor-

relation 

r(44) = 

.399   

3 Apps data processed by AI 
Room sensor data processed by 

AI 

Spearman cor-

relation 

r(44) = 

.487   

4 

Surveys to 

assess sed-

entary beh. 

Surveys to 

assess 

stress 

Surveys to 

assess light-

ing 

Surveys to 

assess tem-

perature 

Surveys to 

assess noise 

Cronbach’s 

Alpha 
.844 

  

5 

Apps to as-

sess seden-

tary beh. 

Apps to as-

sess stress 

Apps to as-

sess lighting 

Apps to as-

sess tem-

perature 

Apps to as-

sess noise 

Cronbach’s 

Alpha 
.854 

 

6 
Rank surveys assessing sedentary 

beh. 
Rank surveys assessing stress 

Spearman cor-

relation 

r(42) = 

.546   

7 
Rank apps assessing sedentary 

beh. 
Rank apps assessing stress 

Spearman cor-

relation 

r(42) = 

.380   

8 
Rank wearables assessing seden-

tary beh. 
Rank wearables assessing stress 

Spearman cor-

relation 

r(42) = 

.390   

9 
Rank surveys as-

sessing lighting 

Rank surveys as-

sessing temperature 

Rank surveys as-

sessing noise 

Cronbach’s 

Alpha 
.796 

  

10 
Rank apps assessing 

lighting 

Rank apps assessing 

temperature 

Rank apps assessing 

noise 

Cronbach’s 

Alpha 
.794 

 

11 
Rank room sensors 

assessing lighting 

Rank room sensors 

assessing temperature 

Rank room sensors 

assessing noise 

Cronbach’s 

Alpha 
.793 

 

12 
Rank wearables as-

sessing lighting 

Rank wearables as-

sessing temperature 

Rank wearables as-

sessing noise 

Cronbach’s 

Alpha 
.702 

  

13 Office is healthy Office is comfortable 
Spearman cor-

relation 

r(44) = 

.737  

 

5.1.3 Smart workplace health & comfort 

This sub-section dives deeper into office workers' perception of their current office regarding 

health and comfort and their preferences regarding the 5 main health and comfort aspects in 

the office. 
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Perception of the own office environment regarding the health & comfort 

Without having received any additional explanations, respondents need to evaluate their of-

fice environment in how far it is healthy and comfortable (new variable #13 in Table 3) (on a 

scale from completely disagree (-2) to completely agree (+2)). On average, the 46 respond-

ents agree (Mean = 0.63; SD = 0.90) that their office is comfortable and healthy (see Appen-

dix D – Figure 2 for more information on how the answers are distributed).  

After an introduction to what health and comfort in the office entails, respondents are 

asked to evaluate how their current office scores on each of the selected 5 health and comfort 

aspects (see Figure 6 and Appendix D – Figure 3). This gives a more granular picture than the 

first opening question.  

Respondents relatively frequently think that their office is characterized by good light-

ing conditions (31 out of 46 think that their office has good or very good lighting conditions) 

and low stress levels (21 (completely) agree with this while only 13 (completely) disagree). 

On the other hand, 20 respondents disagree (or completely disagree) that their office is char-

acterized by good noise conditions. Besides these aspects that seem to be pretty positive or 

negative in the respondents’ offices, for the two remaining aspects, it cannot be determined as 

clearly whether they are perceived positively or negatively. As such, the perception of the 

temperature conditions is relatively evenly spread with roughly an equal number of respond-

ents (completely) agreeing and (completely) disagreeing with the statement. Lastly, a rela-

tively dichotomous distribution can be discovered concerning the perception of the sitting and 

moving behaviour. Many respondents either agree or disagree that their office promotes good 

sitting and moving behaviours with only a few (5) respondents having a neutral stance re-

garding this.  

It however becomes apparent that the answer patterns slightly shifted between the first 

and second questions which may depend on the definition of the 5 health and comfort aspects 

given to respondents in between the questions. On average, respondents view their office 

more favourable in regard to health and comfort without the extra information. After receiv-

ing the extra information, they change their opinion to some degree when deciding on how 

their office scores in regard to individual health and comfort aspects. In Figure 7, these indi-

vidual scores are aggregated to make the answers comparable to the first question. As it is 

nevertheless difficult to directly compare these two questions with each other due to their dif-

ferent wording and answer options, this insight has to be considered with care if being used 

for further analysis. Moreover, in the bivariate analysis (see chapter 6.3) it becomes clear 
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that, despite the above-described variations, the first question is not significantly different to 

the set of second questions. 

 

Figure 5: Respondents’ perceptions of own office regarding health & comfort in general 

 

 

 

Mean Median
Std. 

Deviation

*n = 46
Is the own office healthy & comfortable? 0.63 1.00 0.90

Perception of own office

Statistics

*refers to the number of respondents that answered the question(s) about this item

Explanation: -2 = Completely disagree; -1 = Disagree; 0 = Neutral; 1 = Agree; 2 = Completely agree
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Figure 6: Respondents’ perceptions of own office regarding individual health & comfort aspects 
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Figure 7: Comparison between answers to the initial question about health & comfort in general and answers to the subse-
quent question about the individual health & comfort aspects. 
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Preference towards health and comfort aspects 

The rankings of the health and comfort aspects can be analysed in two ways. First, it can be 

counted which health and comfort aspects are selected in which positions like in the Figure 8. 

This allows us to see how each of the aspects is distributed across the ranking scale from one 

to 5. Here it can be seen that the stress level is generally either deemed to be the number one 

priority to respondents or not important at all. Rarely does this aspect rank in positions 2 to 4. 

Conversely, the lighting conditions for instance are more often selected in those mid positions 

(rank 3 or 4). The other three health and comfort aspects seem to be more equally divided 

across all ranks. So in general, the two health-related aspects seem to rather follow this ex-

treme distribution while comfort aspects have a more normal distribution and are more often 

selected in the middle ranks. 

Another way to analyse the data is by looking at the average rank in which each health 

and comfort aspect is placed (see Appendix D – Figure 3). It is revealed that the differences 

between the average rankings are not high. The sitting and moving behaviour is ranked as the 

most important of the 5 health and comfort aspects (1 being the most important and 5 being 

the least important rank) (Mean ranking = 2.80; SD = 1.50). The second highest position is 

occupied by the noise conditions (Mean = 2.87; SD = 1.34) followed by the stress level 

(Mean = 2.93; SD = 1.72), the temperature conditions (Mean = 3.11; SD = 1.27) and the 

lighting conditions seem to be the least important (Mean = 3.28; SD = 1.20).  

 

 

Figure 8: Amount of times each health and comfort aspect is selected for each rank 
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Time spent working in the office  

As intended, none of the respondents select that they almost never work in the office which 

would automatically end the questionnaire for them. Most of the 46 participants work three 

(13 selections), four (11) or five days per week in the office (11). Only a few are working one 

(3) or two days (8) per week in the office. 

 

5.1.4 Previous experience 

This chapter describes respondents’ previous experiences and attitudes regarding technology 

savviness, data privacy and whether the 4 health and comfort assessment tools are already 

present in their office. 

 

Data privacy 

With a mean of 0.94 (SD = 0.66) on a scale from -2 (no protective attitude at all) to +2 (very 

protective attitude) the respondents on average agree with having a protective attitude to-

wards data privacy (see Appendix D – Figure 4 for more information on how the answers are 

distributed). 

While respondents often seem to be concerned about data privacy, their knowledge of 

data privacy regulations is not quite as advanced. About one-third of the respondents (14 out 

of 44) indicate that they (completely) agree with having a high knowledge of the regulations, 

versus 11 neutral responses and more respondents saying that they lack this knowledge (19 

out of 44)(see Appendix D – Figure 5 for all responses).  

 

Technology savviness 

On average, respondents report that they agree (Mean = 0.59; SD = 0.76) (again on a scale 

from -2 to +2) with having high knowledge about and feeling comfortable adapting to new 

digital devices (see Appendix D – Figure 6 for more information on how the answers are dis-

tributed). The time of usage indicates that respondents have a high usage time and exposure 

to digital devices outside of work (see Figure 9). 
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Figure 9: Respondents’ digital device usage 

 

Prior experience with assessment tools 

The respondents indicate that room-mounted sensors are the assessment tools that are most 

often already in use in their office (27 out of 46 respondents)(see Figure 10). The second 

most used are wearables (14 times) (note that it is not mentioned whether those are personally 

owned or professionally provided devices), followed by surveys (11) and only 3 respondents 

report that they have been using smartphone apps for health or comfort at work issues. A few 

respondents do not know if the respective assessment tool is present in their office. This is 

most often (6 times) selected for room-mounted sensors which certainly makes sense given 

their sometimes relatively invisible and unintrusive presence. Opposite to that, no one selects 

this option in regard to wearables.  

When considering which specific health and comfort aspects are already being ad-

dressed by the respective assessment tools, more granular insights can be gained (see Figure 

10). Respondents report that the normal surveys address all of the 5 aspects pretty equally of-

ten. The smartphone apps already try to tackle the sitting and moving behaviour and stress 

levels according to a couple of respondents. Only one respondent reports the same regarding 

each of the comfort aspects. Room-mounted sensors are said to measure lighting and temper-

ature conditions but much less often the noise conditions. Lastly, wearables mostly deal with 

the sitting and moving behaviour and slightly less often also with the stress levels. Very 

rarely or not at all do wearables address comfort aspects. 

< 1 hour 1-3 hours 3-5 hours
5 or more 

hours

*n = 44

Time spent with digital devices outside of work 
per day

1 19 15 9

Digital device usage

Frequency

*refers to the number of respondents that answered the question(s) about this item
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Figure 10: Respondents’ prior experience with assessment tools 

 

5.2 Office workers’ perception of health and comfort assessment tools 

Perhaps the most insightful insights during the descriptive analysis are gained by investigat-

ing the items of the questionnaire about office workers’ perception of assessment tools. The 

participants’ answers to the respective questions help to answer the research subquestion 5 

“Which types of assessment tools are preferred by office workers for measuring their health 

or comfort in the office?”. The chapter is split into the attitude towards assessment tools’ at-

tributes, the ranking of assessment tools and the desire for assessment tools.  

 

5.2.1 Attitude towards assessment tools’ attributes 

Attribute: Amount of collected personal information 

The complete statistical data about respondents’ attitudes towards all of the attributes is pic-

tured in Appendix D – Figure 7. While the answer patterns between the different assessment 

tools differ a bit and no high correlation can be found here, a main tendency becomes clear 

nevertheless. Respondents apparently mostly dislike (or are neutral about) personal data be-

ing collected by assessment tools with only a few of them liking this attribute of the tools (see 

Figure 11).  

 

Surveys
(*n = 46)

Smart phone 
apps

(*n = 46)

Room 
sensors
(*n = 46)

Wearables
(*n =46)

Don't know if application is present 3 2 6 0

Application is not present 32 41 13 32

Application is present 11 3 27 14

If present: Addressed health & comfort aspects
Sitting and moving behaviour 4 3 - 11
Stress level 4 2 - 7
Lighting conditions 5 1 19 0
Temperature conditions 4 1 16 1
Noise conditions 5 1 4 2

Frequency

Smart application

Application is present in office?

*refers to the number of respondents that answered the question(s) about this item. Note = for each smart application it is asked 
whether it is present or not and if so which health/comfort aspect is addressed.
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Figure 11: Respondents’ attitudes towards the collection of personal data 

 

Attribute: Data type collected 

Out of all of the included assessment tools, only room-mounted sensors and wearables are ac-

tually measuring data with sensors rather than relying on manual inputs. The former only col-

lects environmental conditions, the latter also collects bodily parameters and moreover 

measures the environmental conditions more finely grained (at the own desk). An over-

whelming majority likes that environmental conditions are collected. 41 respondents indi-

cated this for the room-mounted sensors and 35 for the wearables (see Figure 12). These two 

statements are not significantly correlated which may be because the wearables are said to 

measure environmental conditions for each desk rather than the whole room or office. Fewer 

respondents favour wearables measuring bodily parameters. Only 23 indicate that they like 

that, while 10 do not like it.  
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Figure 12: Respondents’ attitudes towards the collected data type 

 

Attribute: Range of outputs 

This attribute concerns all of the 4 assessment tools (see Figure 13). Normal surveys only re-

sult in insights that can be gained for the whole office rather than a specific person. 28 re-

spondents support this type of output, while only 5 state that they dislike it. Collecting per-

sonal data also leads to personalized outputs and suggested behaviour changes for the indi-

vidual which only the smartphone apps and the wearables can offer. However, the answer 

patterns between the two assessment tools seem to differ as they are not significantly corre-

lated. Generally, respondents like the personalized outputs especially regarding smartphone 

apps (35 agreements) and a bit less so regarding wearables (27 agreements). Room-mounted 

sensors, on the other hand, cannot give such personalized insights but adjustments to the in-

door environment can be made on a smaller spatial scale than what the normal survey has on 

offer – not just for the whole office but also for individual rooms. This might be why nearly 

all (44 out of 46) respondents like this attribute of the sensors. That said, room-mounted sen-

sors also can include other functionalities such as the tracing of the users’ movement patterns. 

Such a relatively intrusive functionality is equally liked (17 times) and disliked (16 times) by 

the respondents.  
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Figure 13: Respondents’ attitudes towards the range of outputs 
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Attribute: Responsibility for data collection 

Normal surveys are typically initiated by the own organization of the employee. Almost half 

of the respondents (22 out of 46) are neutral about this and 18 like it (see Figure 14). On the 

other hand, smartphone-based apps are typically operated by an external provider. Respond-

ents are relatively neutral (equal amount of agreements and disagreements) about whether 

their own organization or an external provider should be operating the smartphone-based 

apps. 

 

 

Figure 14: Respondents’ attitudes towards the responsibility of data collection 

 

Attribute: Technological intelligence 

As stated in the questionnaire, smartphone apps and room-mounted sensors process their col-

lected data with the help of artificial intelligence (combined variable #3 in Table 3). On aver-

age, respondents agree (Mean = 0.45; SD = 0.53) (on a scale from disagree (-1) to agree (+1)) 

with the statement: “I like that data is processed with the help of artificial intelligence.”  

 

Attribute: Proximity to user 

Smartphone apps and wearables are the two tools that are relatively intrusive and closely po-

sitioned to the users. They either require frequent inputs on their own smartphone or actually 

need to be worn on the body to collect data. Inputting data on the smartphone is liked by 33 

out of 46 respondents with only 4 of them disliking it (see Figure 15). In contrast, having sen-

sors attached to the body is disliked by 22 out of 45 respondents – only 4 like it.  
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Figure 15: Respondents’ attitudes towards the tools’ proximity to users 

 

Attribute: Level of automatization 

Surveys as well as smartphone apps completely rely on the users’ own, subjective inputs to 

function rather than using measurements (combined variable #1 in Table 3). With a mean of 

0.15 (SD = 0.74) (on a scale from disagree (-1) to agree (+1)) respondents are on average 

neutral about the information being self-reported rather than measured otherwise. 

Room-mounted sensors and wearables, on the other hand, measure their data autono-

mously which makes manual inputs redundant (combined variable #2 in Table 3). On aver-

age, respondents like (Mean = 0.66; SD = 0.49) that no manual inputs are necessary for these 

tools. So, when comparing this to the previous statement, it can be concluded that respond-

ents slightly favour the automatized data collection method over the manual inputs.  
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Attribute: Level of accuracy 

This attribute solely applies to wearables as only this tool can provide the maximum amount 

of details and insights. Naturally, 32 out of 45 respondents like this high level of accuracy. 

Only 3 of them dislike this (see Figure 16).  

 

 

Figure 16: Respondents’ attitudes towards the level of accuracy 

 

Attribute: Frequency of measurement 

This last attribute also only reflects on the wearables that need to be worn constantly to ena-

ble accurate measurements. Interestingly, respondents do not seem to be bothered by this and 

31 of 45 even like the constant measurements. Just 3 dislike it (see Figure 17). 

Overall, it can be seen that respondents relatively agree with most statements and there-

fore like these specific attributes of the respective assessment tools. The exceptions to that are 

respondents having a neutral opinion (the average answer is neutral) about room-mounted 

sensors being able to also tack movement patterns and about external organizations being re-

sponsible for the smartphone apps. Negative opinions (more respondents disagree than agree 

with the statement) exist about smartphone apps and wearables collecting personal data and 

about the fact that wearables need to be worn on the body. 
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Figure 17: Respondents’ attitudes towards the frequency of measurement 

 

5.2.2 Ranking of assessment tools 

Participants of the questionnaire are asked to rank the various types and levels of assessment 

tools indicating their most through to their least preferred options. Because room-mounted 

sensors are only part of the selection for the three comfort-related aspects but not for the two 

health aspects, the rankings have to be analysed separately for the health and comfort aspects. 

Insights from a direct comparison between these individual rankings therefore have to be 

treated with care. The complete statistics are included in Appendix D – Figure 8. The rank-

ings range from 1 (the most favoured tool) to 3 (regarding health aspects) or 4 (regarding 

comfort aspects) as the least favoured tool. 

 

Rankings if health aspects are addressed 

The average ranking positions of the tools by respondents reveal that wearables are the most 

favoured tool addressing health aspects (Mean = 1.8; SD = 0.74) (combined variable #8 in 

Table 3). Smartphone apps follow in second place on average (Mean = 1.99; SD = 0.59) (#7 

in Table 3) with surveys being the least favoured tool for addressing health-related aspects 

(Mean = 2.20; SD = 0.71) (#6 in Table 3). That said, the difference in the average rankings 

does not seem particularly high and is lower than the standard deviation.  

 

Rankings if comfort aspects are addressed 

Room-mounted sensors are, on average and by quite a margin, the most favoured tool to ad-

dress comfort-related aspects in the office (Mean = 1.27; SD = 0.56) (combined variable #11 

in Table 3). Second are smartphone apps (Mean = 2.67; SD = 0.72) (#10 in Table 3) followed 

by surveys (Mean = 2.92; SD = 0.77) (#9 in Table 3). The least preferred tool to deal with 

comfort aspects in the office are the wearables (Mean = 3.14; SD = 0.74) (#12 in Table 3).  

3

11

31

0 20 40 60

Disagree

Neutral

Agree

NUMBER OF SELECTIONS

"I like that the measurements are taking place constantly"

Wearables
(*n = 45)
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What becomes clear is that the rankings in regard to comfort-related aspects differ quite 

a bit when compared with the rankings in regard to health-related aspects. Of course, room-

mounted sensors cannot be selected for health aspects so this tool needs to be left out when 

making this comparison. When comparing rank 2-4 regarding comfort-related aspects with 

rank 1-3 for health-related aspects a striking difference is that wearables are the least fa-

voured choice for comfort-related aspects while these tools are highest ranked in regard to 

health aspects.  

 

5.2.3 Desire for assessment tools 

Participants are asked whether they would like to have each of the 4 health and comfort as-

sessment tools present in their office and afterwards also which of the health and comfort as-

pects the respective tool should address. Room-mounted sensors are most desired in the of-

fice as 45 out of 46 respondents answer they would like to have them present in their office. 

These sensors can only address comfort aspects and respondents mostly indicate that they 

would like to have all three aspects measured (33 votes for noise, 36 votes for lighting and 40 

votes for temperature conditions). A majority (34 out of 46 respondents) would also appreci-

ate to have surveys. Again, no big differences can be seen in regard to which health and com-

fort aspects should be addressed by the surveys (combined variable #4 in Table 3). About half 

of the respondents (24 individuals) would like to use the smartphone apps and, once again, all 

of the health and comfort aspects should be equally addressed by them which is underlined 

by the high inter-item correlations (combined variable #5 in Table 3). Lastly, wearables are 

only selected by less than half of the respondents (21). Here, it becomes clear that the health 

aspects (sitting and moving behaviour & stress levels) should be addressed much more often 

by the wearables than the comfort-related aspects. Apparently, the participants view weara-

bles as devices that should measure bodily parameters (which are more closely related to 

health aspects) rather than environmental parameters.  

A clear picture is presented when just focusing on how many respondents indicate that 

a respective health or comfort aspect should be addressed by at least one of the three (or 4) 

assessment tools (see Figure 19). A big majority of respondents indeed selected each of the 

health and comfort aspects at least once. This underlines that there seems to be a general wish 

to have all of the health and comfort aspects addressed by some sort of assessment tool. 
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Figure 18: Respondents’ desire for assessment tools and which health & comfort aspects should be addressed 

 

 

Figure 19: Respondents’ desire for which health & comfort aspects should be addressed 

 

5.3 Conclusion descriptive analyses 

The sample is characterized by a high percentage of highly educated office workers. This 

comes as no surprise given that many respondents are recruited from personal and the super-

visors’ professional networks. About two-thirds of them are female and a slight majority is 

originating from the Netherlands or Germany – again not a surprise due to the recruitment 

method. It is interesting that the respondents mainly agree that their own office environment 

is healthy and comfortable. Even though the general tendencies for the given answers are the 

same, the distributions of the answer patterns somewhat differ between the different health 
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Noise conditions 28 16 33 12
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whether it should be present or not and if so which health/comfort aspect should be addressed.
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and comfort aspects. Most noticeably, the perceptions about the sedentary behaviours show a 

relatively dichotomous answer pattern (respondents either like or dislike it in their office with 

few opting for the neutral, “middle” option). Similarly, when it comes to ranking the 5 health 

and comfort aspects amongst each other, the ranking of stress and sedentary behaviour have a 

relatively dichotomous distribution as well. Respondents either think these aspects are pretty 

important to them or not important at all. Overall, sedentary behaviour is ranked as most im-

portant by respondents on average followed by noise conditions, stress levels, temperature 

conditions and lighting conditions being the least important.  

Respondents have a relatively favourable attitude towards the majority of health and 

comfort assessment tools’ attributes (see Table 4). Especially interesting is the slightly posi-

tive attitude towards the collection of bodily parameters, which is contrary to the expecta-

tions. Moreover, a positive attitude exists towards the usage of artificial intelligence for 

smartphone apps and room sensors. Due to the relative novelty of this technology, this is not 

necessarily expected. Another interesting positive perception can be reported towards tools 

giving very personalized outputs, something that is expected to be perceived as intrusive as 

well. Respondents have a neutral stance on room sensors tracing their movement patterns 

(which would not necessarily be expected due to the invasion of privacy), on whether the or-

ganisation or an external provider is responsible for the data collection and on surveys and 

apps using self-reported data. Respondents do not like the fact that wearables need to be worn 

on the body and that they collect personal data. These are both relatively intrusive attributes 

which is why the negative perception is not a surprise. A contradiction becomes clear that re-

spondents perceive the measurement of bodily parameters positively but at the same time do 

not want to have them attached to the body. Similarly, a majority of respondents would like 

to receive personalized outputs by the tools but at the same time only a minority likes that 

personal information is collected by the tools. 

The ranking and desire for assessment tools are perhaps the most interesting insights of 

the descriptive analysis as these in particular answer the sub question 5: “Which types of as-

sessment tools are preferred by office workers for measuring their health or comfort in the of-

fice?”. For the purpose of assessing health aspects, wearables (highest level of smartness) are 

ranked in the most favoured position, followed by smartphone apps (medium level of smart-

ness) and surveys (non-smart tool) being the least favoured tool. Comfort aspects can moreo-

ver be addressed by room-mounted sensors which are by far the most favoured tool for this 

purpose followed by smartphone apps, surveys and wearables. Regarding health as well as 



93 
 

comfort aspects, it becomes clear that one of the tools with a higher level of smartness is pre-

ferred over tools with a lower level of smartness (wearables being level 3 and room sensors 

being level 2). Within that general pattern, the wearables are however a big outlier as they are 

ranked as the favourite for assessing health aspects and the least favourite regarding comfort 

aspects. Respondents much more often indicate that wearables should measure health aspects 

and relatively few want comfort aspects measured by this tool. Maybe respondents think that 

this tool is not as suited to measure environmental conditions and/or they do not necessarily 

want to have a measurement directly on their body for such a purpose. As a result, respond-

ents are also in two minds about whether they want to have wearables in use in their office or 

not. The same can be said regarding smartphone apps. Much higher is the desire for room-

mounted sensors but also normal surveys are often selected by respondents as a desired as-

sessment tool. Even though normal surveys are not necessarily ranked favourably, the ac-

ceptance of them in the office still seems reasonably high. This indicates that this non-smart 

tool seems to be less polarizing among respondents, especially compared to wearables – the 

tool with the highest level of smartness in the questionnaire. In contrast to wearables, if any 

of the other tools are desired in the office, they then should also address all of the health and 

comfort aspects. This could also be because the presence of the tools can be seen as a bit of a 

burden for the office workers who then in return are expecting a lot of insights into various 

aspects of their office. 
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Table 4: Expected vs. revealed perception of variables of office workers’ perception of assessment tools 

Con-

struct Dimension Variable 

Initial ex-

pectations 

about per-

ception Based on literature? 

Revealed 

perception 

Office 

work-

ers’ 

percep-

tion of 

health 

and 

comfort 

assess-

ment 

tools 

Attitudes to-

wards as-

sessment 

tools’ attrib-

utes 

Attitude towards collection of 

personal information 
Negative 

Collins & Marassi, 

2021; Gorn & Shklov-

ski, 2016; Harper et al., 

2022; Lai et al., 2003; 

Neff & Nafus, 2016; 

Teebken & Hess, 2021; 

Zieglmaier et al., 2022 

Slightly 

negative 

Attitude towards personalized 

outputs 
Positive Mani & Chouk, 2017 

Very posi-

tive 

Attitude towards outputs for 

whole office 
Unknown - 

Very posi-

tive 

Attitude towards measurement 

of bodily parameters 
Negative Raff & Wentzel, 2023 

Slightly 

positive 

Attitude towards measurement 

of environmental conditions 
Unknown - 

Very posi-

tive 

Attitude towards measurement 

of movement patterns 
Negative - Neutral 

Attitude towards own organiza-

tion collecting data rather than 

external provider 

Unknown - Neutral 

Attitude towards AI being used  Unknown   
Slightly 

positive 

Attitude towards collecting data 

via smartphone 
Unknown - 

Very posi-

tive 

Attitude towards measurement 

on own body 
Negative Raff & Wentzel, 2023 

Slightly 

negative 

Attitude towards automized col-

lection of data 
Not clear 

Ahmadi-Karvigh et al., 

2017; Day et al., 2019; 

Donkers et al., 2023; 

Kwon et al., 2019; 

Lashina et al., 2019; 

Tuzcuoğlu et al., 2023 

Neutral 

Attitude towards high accuracy Positive - 
Very posi-

tive 
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Attitude towards very frequent 

measurement of data 
Unknown - 

Very posi-

tive 

Ranking of 

assessment 

tools (ad-

dressing 

health) 

Ranking of surveys Unknown - 
Rank 3 (of 

3) 

Ranking of smartphone apps Unknown - 
Rank 2 (of 

3) 

Ranking of wearables Unknown - 
Rank 1 (of 

3) 

Ranking of 

assessment 

tools (ad-

dressing 

comfort) 

Ranking of surveys Unknown - 
Rank 3 (of 

4) 

Ranking of smartphone apps Unknown - 
Rank 2 (of 

4) 

Ranking of room mounted sen-

sors 
Unknown - 

Rank 1 (of 

4) 

Ranking of wearables Unknown - 
Rank 4 (of 

4) 

Desire for 

assessment 

tools 

Desire for surveys Unknown - 34 of 46 

Desire for smartphone apps Unknown - 24 of 46 

Desire for room mounted sen-

sors 
Unknown - 45 of 46 

Desire for wearables Unknown - 21 of 46 
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6 Bivariate analyses & interpretation of results 

As this is an exploratory study, nearly all possible relationships between variables are tested 

for the bivariate analysis. The only exceptions to that are variables for which the descriptive 

analysis reveals relatively one-sided answer patterns that are skewed to one side (e.g., most of 

the participants choose only one of the available answer options) and relationships which are 

completely irrelevant to answering the research questions. The latter is about the relationships 

between variables of the dimensions “demographics” and “previous experience” on the one 

hand and variables of the dimension “smart workplace health and comfort” on the other hand. 

In these cases, the respective relationships are not tested.  

Only significant relationships between variables are reported in the tables and visualisa-

tions of this chapter. The significant relationships are numbered (#1 to #50) to enable an easy 

cross-reference to the respective tables containing more information about the relationships at 

the end of each subchapter. The tables also show whether the relationships are positive (green 

font) or negative (red font). Even though this can be considered as a mostly explorative study, 

some relationships are expected based on revealed explicit relationships by earlier studies 

(compare with chapter 4.3). Therefore, all of the expected relationships based on literature 

(regardless of whether they actually prove to be significant or not) are shown in Table 5.  

The detected significant (and unexpectedly insignificant relationships whenever a sig-

nificant relationship has been expected) are not just described but also further analysed, inter-

preted and discussed in the following subchapters of chapter 6. This being an exploratory 

study, it is not always possible to base the interpretation of results on existing literature which 

is why further research is necessary to investigate those new hypotheses. 

This chapter is subdivided into three parts. First, the relationships in-between different 

dimensions that constitute the construct “office workers' perception of health and comfort as-

sessment tools” are analysed (chapter 6.1). Then, it is examined how the construct of “per-

sonal characteristics” relates to the office workers’ perception (chapter 6.2). Lastly, signifi-

cant and expected relationships in between the construct of “personal characteristics” are ana-

lysed (chapter 6.3). The subchapters include small conclusions. The main findings of chapter 

6 are the basis to answer the research questions in chapter 7 and lead to the associated limita-

tions and recommendations for future research and practice. 
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Table 5: Expected bivariate relationships based on literature 

Variable I Variable II 

Type of relation-

ship Source 

Technology savviness  
 Protective attitude towards 

data privacy 
positive  Mani & Chouk, 2017 

Protective attitude to-

wards data privacy 
Desire to have wearables negative Choi et al., 2017 

 Age  Perception of very smart tools  negative  Röcker, 2010 

 Age  Technology savviness negative   Röcker, 2010 

 Education level Perception of very smart tools  positive  Röcker, 2010 

Being male  
Perception of very smart 

tools   
 positive Jacobs et al., 2019  

 Origin from country 

with stricter data pri-

vacy regulations 

 Protective attitude towards 

data privacy  
positive 

Cvrcek et al., 2006; Röcker, 

2009; Röcker, 2010  

Level of control over 

data 

Willingness to share private 

data 
positive Princi & Krämer, 2020 

 

6.1 Attributes of assessment tools related to office workers’ perceptions 

In this chapter, significant relationships in-between the different dimensions that constitute 

office workers' perception of health and comfort assessment tools are analysed. These dimen-

sions are the attitude towards attributes of the assessment tools, the ranking of assessment 

tools and the desire for assessment tools.  

 

6.1.1 Relationships between variables of respondents’ attitude towards attributes 

of assessment tools 

First, relationships in-between the variables of respondents’ attitudes towards attributes of as-

sessment tools are tested. The attributes “frequency of measurement” and “level of accuracy" 

are excluded from the analysis as they do not promise to have any significant relationships 

with other variables because their answer patterns are skewed to one side. Respondents both 

really like the frequent measurement of data and the high accuracy of tools (see chapter 

5.2.1). 

While respondents generally dislike if a lot of personal data is collected by the health 

and comfort assessment tools (see chapter 5.2.1), several other attributes relate to this percep-

tion. In this subchapter, Spearman correlations are used to evaluate whether significant rela-

tionships exist in-between two variables at a time. There is a significant relationship between 
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liking that surveys collect respondents’ personal information and disliking that surveys and 

smartphone apps require self-reporting rather than data being measured automatically (see re-

lationship #1 in Table 6 and Figure 20). This result is somewhat unexpected because other re-

search finds that a higher level of perceived control (which the self-reported collection of data 

should rather provide than the automated collection) is related to a higher willingness to share 

private data (Princi & Krämer, 2020). This difference in the results could perhaps be because 

office workers would like to have control of their data during the analysis and application of 

the data but at the same time are fine with an automated approach for the acquisition of the 

data. While automated data collection could be more convenient because of considerable time 

savings, respondents could then have a preference to have control over how their data is pro-

cessed and used subsequently. This could also more generally mean that perceptions towards 

a characteristic of a tool (here the level of automatization) could change depending on which 

layer of the tool (the acquisition, analysis or application stage) this characteristic is connected 

to. It has to be mentioned that a favourable attitude towards the automated collection of per-

sonal information is relatively exceptional within the sample though (see chapter 5.2.1) which 

could suggest that this minority of respondents in general has a preference for advanced data 

collection methods while having less of a problem with the intrusive nature of the tools typi-

cally associated with that. This could lead to the interpretation that general trust in such ad-

vanced tools is linked to the office workers’ personality traits rather than specific attributes of 

the tools. Note that these personal characteristics are analysed in a later chapter.  

An aversion towards the self-reporting of data also relates to having a preference to-

wards an external provider collecting the data rather than the own organisation (#2). This 

could simply mean that an automated rather than a self-reported collection of data could per-

haps be more associated with external providers. In that case, respondents might infer that 

these two attributes are linked to each other in reality and therefore their attitudes towards 

both attributes are also related to each other. In general, it is no surprise that respondents 

make such implicit inferences that some attributes are naturally connected to each other. A 

comparable finding is made by Rupp et al. (2018) who also find respondents having a similar 

perception towards two attributes that are typically related to each other for a specific assess-

ment tool. There are other possible explanations for the relationship between favouring an au-

tomated data collection and liking that an external provider is responsible for the data collec-

tion. The respective respondents might think that both variables are connected to a more neu-

tral, objective and unbiased data collection method. They might fear internal consequences if 

their own organization surveils them which is found to especially be a concern if their own 
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organisation initiates this (Rigamoti et al., 2024) or if they self-report data in a way that could 

cause unfavourable consequences for them.  

Supporting the attribute of smartphone apps collecting respondents’ personal data re-

lates to support for data being processed with the help of artificial intelligence (#3). This 

could indicate that this group of respondents generally have relatively high trust in such ad-

vanced tools and might believe that AI can process data more effectively. The latter aspect is 

a perceived quality of AI that is also reported by another study (Chew & Achananuparp, 

2022). If respondents would like to have their personal data collected, it makes sense that 

they then would also like to have it processed as effectively and insightful as possible. Next, 

there is a significant relationship between liking that wearables collect personal data and lik-

ing that very personalized outputs can be given (#4) and also that the bodily parameters are 

measured (#5) by wearables. Perhaps they also infer that by providing personal information 

and by measuring bodily parameters, the respective tool would also provide a greater benefit 

for them. Melenhorst et al. (2004) also describe such a user’s requirement to balance out a 

higher intrusiveness of smart tools with a higher benefit. Even though their study is restricted 

to a much higher age group (mean age of 70.8 years compared to 32.7 years in this study), it 

is insightful that younger respondents apparently have generally similar preferences regarding 

the trade-off of intrusiveness against benefits.  

Having a favourable perception towards bodily parameters being measured, on the one 

hand, significantly correlates to also having a favourable perception towards wearables creat-

ing personalized outputs. On the other hand, these favourable perceptions also correlate to re-

spondents liking to wear wearables on their bodies (#6, #7, #8). Once again, it can be seen 

that a benefit (personalized outputs) is expected in return for more intrusive data collection 

(measuring bodily parameters directly by wearing a body-attached device). This of course 

makes sense and matches with the prior findings of Melenhorst et al. (2004). 

Smartphone apps produce personalized outputs. If respondents relatively like that, this 

perception relates to the disliking of the own organization being responsible for the data col-

lection (#9). It can be speculated that respondents either anticipate that it is simply more com-

mon for an external organisation to provide such an app and, because they are used to that, 

are rather willing to give personal information to an external party. They could also not want 

their own organisation to produce personalized outputs with such a method as they may fear 

consequences for themselves (Rigamoti et al., 2024). Usually smartphone apps are personally 

downloaded onto the own phone which is why it may not be appreciated if the own organiza-

tion plays a part in it. 
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In conclusion, it can be seen that a lot of variables of the attitude towards attributes of 

assessment tools that are logically linked to each other also often show a significant relation-

ship. It is somewhat surprising that respondents who like automated data collection are also 

more willing to share personal data as this is contrary to previous studies. Generally, respond-

ents who are relatively in favour of more advanced outputs of the tools (such as personalized 

insights) also seem to expect and accept a higher degree of intrusiveness in return (such as 

more personal information or bodily parameters being collected and sensors worn on the 

body). Moreover, these respondents also relatively prefer an automated measurement of data 

and like that data is processed with the help of artificial intelligence. 

It is intriguing to see that respondents are seemingly already aware that these trade-offs 

are to be expected when having the respective tools present in the office. The result could 

have of course also been that respondents really like to have all the benefits of the advanced 

tools but still dislike all the drawbacks that come along with them. In the next chapter, it be-

comes clear that these attitudes also relate to the ranking of and desire for assessment tools.  
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Figure 20: Significant relationships between variables of respondents’ attitude towards attributes of assessment tools 

 

Table 6: Significant relationships between variables of respondents’ attitude towards attributes of assessment tools 

# Variable I Variable II Statistical test Statistics Sig.   

1 
Surveys collect personal 

data 

Surveys/apps require data to 

be self-reported 

Spearman corre-

lation 
r(44) = -.369 .012 

  

2 
Surveys/apps require data 

to be self-reported 

Survey data collected by 

own organization 

Spearman corre-

lation 
r(44) = .435 .003 

  

3 Apps collect personal data 
App/room sensor data pro-

cessed by AI 

Spearman corre-

lation 
r(44) = .326 .027 

  

4 
Wearables collect personal 

data 

Wearables give personalized 

outputs 

Spearman corre-

lation 
r(43) = .404 .006 

  

5 
Wearables collect personal 

data 

Wearables measure bodily 

parameters 

Spearman corre-

lation 
r(43) = .515 <.001 

  

6 
Wearables measure bodily 

parameters 

Wearables give personalized 

outputs 

Spearman corre-

lation 
r(43) = .591 <.001 
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7 
Wearables measure bodily 

parameters 

Wearables being worn on 

the body 

Spearman corre-

lation 
r(43) = .567 <.001 

  

8 
Wearables being worn on 

the body 

Wearables give personalized 

outputs 

Spearman corre-

lation 
r(43) = .483 <.001 

  

9 
Apps give personalized 

outputs 

App data collected by own 

organization 

Spearman corre-

lation 
r(43) = -.312 .035 

  

              

 

6.1.2 Relationships between respondents’ attitude towards attributes of assessment 

tools and the desire for and ranking of assessment tools  

Relationships also exist between the different dimensions of office workers’ perceptions of 

health and comfort assessment tools (see Figure 21 & Table 7). A look at connections be-

tween attitudes towards attributes of assessment tools and the ranking of assessment tools is 

taken. Next to that, the attitudes are compared to the desire for assessment tools. Lastly, rela-

tionships are checked between the ranking of and the desire for assessment tools. Since a big 

majority would like to have room-mounted sensors installed in the office to measure comfort 

aspects and most respondents also rank this tool in the top spot, here no insights can be 

gained regarding relationships with the other variables. 

A Spearman correlation is performed to evaluate the relationship between the ranking 

of surveys and the attitudes towards smartphone apps (#10) and wearables (#11) collecting 

private data. These variables are significantly related. If respondents rank the survey in a less 

favourable position (considering health-related aspects to be measured), they are also more 

inclined to like that these other tools collect their private data. As analysed in chapter 6.1.1, 

respondents being in favour of the collection of personalized data also generally expect a 

greater benefit for them as an output of the tool. Since Newell et al. (2004) observe that re-

spondents distrust surveys because of their lack of meaningfulness, these types of respond-

ents in particular might consequently prefer the other assessment tools over surveys expecting 

more useful and personalized outputs. It is then also reasonable to assume that these respond-

ents generally have a more favourable opinion towards the attributes of the tools that are not 

surveys. This moreover goes in hand with the observations in chapter 6.1.1 that (dis)liking a 

specific tool also means that (most of) the tool’s attributes are (dis)liked. Respondents with a 

more favourable attitude towards private data collection might also relatively dislike the type 

of surveys defined in the questionnaire as they simply do not collect any personal data.  
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Moreover, an aversion against the self-reporting of data, a main feature of surveys, re-

lates to respondents ranking this tool (if health aspects are addressed) as relatively less fa-

vourable (#12). The respective respondents perhaps think the time spent on filling out the sur-

vey as part of the self-reporting process is an unnecessary burden which is analysed as an-

other major factor for low response rates for surveys (Newell et al., 2004). Once again, this 

also suggests that the respondents who rank the surveys rather unfavourably also dislike 

many of the typical features of surveys as the disliking of self-reporting of the data also con-

nects to the desire for personal information to be collected and an external provider to be re-

sponsible for the collection (see chapter 6.1.1). This can of course also be interpreted vice 

versa: Respondents liking surveys also more frequently like their typical attributes.  

Respondents ranking wearables in a favourable position correlates with respondents lik-

ing that this tool is collecting their personal data (#13). This is certainly an expected outcome 

given that a greater benefit is expected in return for the intrusiveness of wearables. It also ex-

emplifies that respondents who are more favourable towards a specific tool apart from the al-

ready discussed surveys (i.e., wearables) then also relatively like the attributes that are typi-

cally associated with this tool.  

The attribute of wearables collecting bodily parameters is perceived positively by the 

majority of respondents (see chapter 5.2.1). The ranking of wearables and other tools (if 

health aspects are addressed) seems to be majorly related to the respondents’ opinions regard-

ing this attribute. Consequently, liking that the own bodily parameters are measured relates to 

wearables being ranked relatively favourably (#14). The Mann-Whitney U test is run. A sig-

nificant difference between having a desire to wear wearables in the office and not having 

such a desire is found regarding the perception of the bodily parameters being measured 

(#15). Conversely, the Spearman correlation shows that respondents not liking that their own 

bodily parameters are measured correlates with them ranking the alternative tools smartphone 

apps (#16) and surveys (#17) more favourably. This certainly is to be expected and under-

lines that the willingness to use wearables could to some degree depend on whether a re-

spondent feels comfortable with their own bodily parameters being measured. On the other 

hand, it could mean that the respondents who would like to use wearables do that because 

they believe they provide meaningful insights and acknowledge that data needs to be meas-

ured directly on the body to enable that. Perhaps they also have experience with wearing the 

respective devices on their body and do not mind the intrusive nature of them (anymore). 

That said, it is mentioned that preferences for wearables can also have completely different 

causes such as a possible increased self- and social perception of the user (Gao et al., 2015) 
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that could relate to a relatively favourable perception of the attributes of wearables included 

in this study. It could therefore be that respondents are more accepting of the fact that bodily 

parameters are measured by wearables because they are so convinced about the positive ef-

fects of wearables.  

A significant relationship is detected between approving that insights gained by surveys 

should be about the whole office rather than about individual users, and ranking wearables (if 

health aspects are addressed), the tool delivering the most personalized insights, unfavourably 

(#18). That, of course, is expected given that wearables are certainly not a suitable tool in 

case one would only want to have outputs given on the spatial scale of the office. Conversely, 

a favourable ranking of wearables (#19) and an unfavourable ranking for smartphone apps 

(#20) are both related to liking that wearables should have personalized insights. The result 

that wearables are a more trusted source for personalized insights compared to smartphone 

apps can be expected and could be because they in general indeed lead to very accurate re-

sults due to their uninterrupted data collection (Huhn et al., 2022) even though the accuracy 

differs per device and is certainly not perfect (Bent et al., 2020). Moreover, it can be expected 

that the smartphone apps included in the questionnaire are the more unknown and novel con-

cept for many respondents which is why they may be more unfamiliar with or underestimate 

the capabilities of the apps.  

Similarly, the Mann-Whitney U test reveals that respondents having a desire for weara-

bles on average have a more positive attitude towards wearables giving personalized outputs 

compared to respondents that do not have such a desire (#21). Just like with other tools’ at-

tributes before, many of the significant relationships indicate that in case respondents rate a 

particular tool favourably, they also have a positive attitude towards a range of characteristic 

attributes connected to this tool.  

A Spearman correlation is used to detect a relationship between the ranking of weara-

bles and the attitude towards the own organization being responsible for the data collection. 

An unfavourable ranking of wearables (addressing comfort aspects) significantly relates to 

respondents liking that their own organization is responsible for the data collection (#22), an 

attribute that could be associated with surveys rather than wearables. It becomes clear that the 

attitude towards certain attributes can be independent of the specific assessment tool – these 

respondents presumably would like to have their own organization responsible for the data 

collection, perhaps because they have a higher trust in their own organization for collecting 

data adequately. And since wearables are usually operated by an external provider, these re-

spondents are ranking wearables unfavourably, potentially then worrying about the external 
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company causing data breaches or not handling data correctly (Segura Anaya et al., 2018; 

Ziccardi, 2020).  

The Mann-Whitney U test is used to conclude that the attitude towards data being pro-

cessed by artificial intelligence (AI) is more favourable among respondents who have a desire 

for smartphone apps being used in their offices compared to respondents without such a de-

sire (#23). Moreover, respondents having such a positive attitude towards AI also relates to 

respondents ranking smartphone apps favourably (#24) and ranking surveys unfavourably 

(#25). These are the results of the Spearman correlation. In the questionnaire, it is not explic-

itly mentioned whether surveys also include AI in the data processing. However, respondents 

may infer that surveys do not use AI but a more conventional data processing approach which 

could be why they prefer the other tools. This therefore suggests that respondents in general 

not only use the descriptions given in the questionnaire to evaluate an assessment tool but 

also have their own prior opinions and ideas towards these tools. So while it is to be expected 

that conventional surveys are not perceived favourably if respondents like the use of AI, the 

reasoning behind the comparatively high ranking for smartphone apps in this regard is more 

obscure. It could perhaps be because smartphone apps could be perceived as the most novel 

approach among all the presented tools given their more recent emergence (see chapter 

2.2.1). As AI can also be considered as a relatively novel concept in the workplace, early 

adopters of technology (Shoman et al., 2023) may be inclined to like smartphone apps most 

due to the relatively extensive integration of AI. 

Having a favourable opinion towards sensors being worn on the body is unsurprisingly 

related to ranking smartphone apps and surveys (addressing health aspects) relatively unfa-

vourably (#26 & #27). As mentioned earlier, these types of respondents could generally pre-

fer the accuracy of data being actually measured by sensors to create precise outputs for them 

and therefore relatively dislike the subjective self-reporting used in smartphone apps and sur-

veys. The Mann-Whitney U test is used to test whether significant relationships exist between 

a favourable ranking of an assessment tool and the desire to have the respective tool present 

in the office. It comes as no surprise that respondents who have a desire to have wearables 

present in the office also rank the wearables relatively favourably (if wearables address com-

fort aspects (#28) & if health aspects are addressed (#29)) compared to respondents that have 

no such desire. The same favourable ranking position but then for smartphone apps can be 

observed in case respondents have a desire for this tool (in case health aspects are addressed) 

(#30) in comparison to respondents that do not like to have this tool present in the office. 
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What is actually most interesting here are the non-significant relationships between the rank-

ing of and desire for surveys. The descriptive analysis (chapter 5.2) reveals that even though 

surveys are usually ranked relatively unfavourably, a big majority of respondents would still 

like to have them present in the office. This seems conflicting and suggests that other tools 

might on average be more popular, but surveys are at the same time not perceived as very 

problematic and could therefore still be somewhat desirable for respondents. A possible ex-

planation for that could be that although surveys do not necessarily provide the desired range 

of outputs and meaningfulness to many respondents (Newell et al., 2004) and other tools pos-

sibly perform better regarding this, surveys could still perceived as enjoyable and easy to use 

(Croteau et al., 2010). This would lead to the conclusion that the majority of office workers 

simply do not mind having surveys even though it is not their favourite tool to have in the of-

fice. Another reason why surveys could be viewed as relatively unproblematic and therefore 

respondents do not mind filling them out is that they are described as anonymous in this 

study’s questionnaire which could be generally viewed positively by employees as suggested 

by Levenson (2014). Following this logic, smartphone apps and wearables are more polariz-

ing (e.g., due to the great amount of personal information they collect and process) and re-

spondents either like to have them and simultaneously rank them favourably or rather would 

not like to have them present at all. It seems that once respondents perceive that the possible 

drawbacks and risks associated with these more advanced tools are outweighed by their bene-

fits, they then also would preferably like to use this tool in their office. At the same time, sur-

veys could perhaps still be viewed as a tool that provides different kinds of insights due to 

their completely different data collection method.  
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Figure 21: Significant relationships between respondents’ attitude towards attributes of assessment tools and the desire for 

and ranking of assessment tools 

 

Table 7: Significant relationships between respondents’ attitude towards attributes of assessment tools and the desire for 

and ranking of assessment tools 

# Variable I Variable II Statistical test Statistics Sig. 

10 
Bad ranking survey (ad-

dressing health) 

Apps collect personal 

data 

Spearman corre-

lation 
r(42) = .314 .038 

11 
Bad ranking survey (ad-

dressing health) 

Wearables collect per-

sonal data 

Spearman corre-

lation 
r(42) = .412 .005 

12 
Bad ranking survey (ad-

dressing health) 

Surveys/apps require data 

to be self-reported 

Spearman corre-

lation 
r(42) = -.448 .002 

13 
Bad ranking wearables 

(addressing health) 

Wearables collect per-

sonal data 

Spearman corre-

lation 
r(42) = -.469 .001 

14 
Bad ranking wearables 

(addressing health) 

Wearables measure bod-

ily parameters 

Spearman corre-

lation 
r(42) = -.575 <.001 
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15 Desire for wearables 
Wearables measure bod-

ily parameters 

Mann-Whitney 

U test 

U = 126.000 

Mean rank (Desire) 

= 27.96 

Mean rank (No de-

sire) = 16.80 

.012 

16 
Bad ranking apps (ad-

dressing health) 

Wearables measure bod-

ily parameters 

Spearman corre-

lation 
r(42) = .313 .038 

17 
Bad ranking survey (ad-

dressing health) 

Wearables measure bod-

ily parameters 

Spearman corre-

lation 
r(42) = .378 .011 

18 
Bad ranking wearables 

(addressing health) 

Surveys give insights for 

whole office 

Spearman corre-

lation 
r(42) = .377 .012 

19 
Bad ranking wearables 

(addressing health) 

Wearables give personal-

ized outputs 

Spearman corre-

lation 
r(42) = -.442 .003 

20 
Bad ranking apps (ad-

dressing health) 

Wearables give personal-

ized outputs 

Spearman corre-

lation 
r(42) = .317 .038 

21 Desire for wearables 
Wearables give personal-

ized outputs 

Mann-Whitney 

U test 

U = 148.00 

Mean rank (Desire) 

= 27.08 

Mean rank (No de-

sire) = 17.90 

.009 

22 
Bad ranking wearables 

(addressing comfort) 

Survey data collected by 

own organization 

Spearman corre-

lation 
r(42) = .351 .019 

23 Desire for apps 
App/room sensor data 

processed by AI 

Mann-Whitney 

U test 

U = 147.00 

Mean rank (Desire) 

= 28.38 

Mean rank (No de-

sire) = 18.18 

.005 

24 
Bad ranking apps (ad-

dressing health) 

App/room sensor data 

processed by AI 

Spearman corre-

lation 
r(42) = -.338 .025 

25 
Bad ranking survey (ad-

dressing health) 

App/room sensor data 

processed by AI 

Spearman corre-

lation 
r(42) = .351 .020 

26 
Bad ranking apps (ad-

dressing health) 

Wearables being worn on 

the body 

Spearman corre-

lation 
r(42) = .325 .031 

27 
Bad ranking survey (ad-

dressing health) 

Wearables being worn on 

the body 

Spearman corre-

lation 
r(42) = .362 .016 

28 Desire for wearables 
Bad ranking wearables 

(addressing health) 

Mann-Whitney 

U test 

U = 76.000 

Mean rank (Desire) 

= 16.04 

Mean rank (No de-

sire) = 31.00 

<.001 
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29 Desire for wearables 
Bad ranking wearables 

(addressing comfort) 

Mann-Whitney 

U test 

U = 118.500 

Mean rank (Desire) 

= 17.74 

Mean rank (No de-

sire) = 28.76 

.004 

30 Desire for apps 
Bad ranking apps (ad-

dressing health) 

Mann-Whitney 

U test 

U = 96.000 

Mean rank (Desire) 

= 16.50 

Mean rank (No de-

sire) = 29.70 

<.001 

 

6.1.3 Conclusion 

Key takeaways become clear regarding the relationships between the different dimensions of 

office workers’ perceptions of the assessment tools. First of all, it really differs between indi-

vidual office workers whether a specific assessment tool is liked or not with the exception of 

the room-mounted sensors which are perceived favourably by nearly all respondents. If a tool 

is liked, then the attitudes towards most of the specific tools’ attributes are usually also rela-

tively positive, even some of the more intrusive attributes. On the other hand, if respondents 

dislike a tool, they then also dislike most of its attributes. That said, the direction of these re-

lationships is not clear: Whether respondents primarily like the tool and then because of that 

also have favourable attitudes towards its attributes or whether they like the combination of 

attributes and therefore rank the respective tool favourably cannot be determined with this 

statistical method and dataset. 

Whether a tool is liked or disliked consequently mostly does not seem to be related to a 

single attribute of a tool but rather the whole ‘package’ of attributes. Respondents seem to in-

fer that many attributes of a tool are mutually dependent on each other and therefore expect to 

gain more benefits (e.g., more detailed, personalized insights) given the downsides (e.g., in-

trusive collection of personal information) of a more advanced, smarter tool. This, however, 

also means that respondents in favour of these tools seem to be more tolerant towards the 

mentioned downsides of the tools compared to respondents not wanting the benefits of these 

tools as much. So respondents are apparently to some degree aware that a trade-off between 

intrusiveness and benefits is required. Nevertheless, the descriptive statistics (see chapter 

5.2.1) show that the intrusive attributes of tools are perceived relatively less favourably over-

all and should therefore be mitigated whenever possible. Respondents also seem to have a 

somewhat preoccupied opinion about which kind of attributes the respective tools have even 
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if it is not explicitly surveyed in the questionnaire. These opinions may be the result of unac-

counted confounding variables connected to the perception of the tools. All in all, respond-

ents seem to be inferring a lot of information about the tools relating to their attitude about 

the tools. Within the scope of this study, these underlying biases cannot be accounted for. 

The attitude towards attributes of the assessment tools generally does not seem to differ 

depending on which assessment tool is used (e.g., the respondents’ opinions towards the col-

lection of personal information do not seem to depend on which type of tool collects them). 

Interestingly, a relatively unfavourable ranking of an assessment tool does not necessarily 

mean that there is no desire to have the tool present in the office. At least, this is the case for 

surveys, indicating that this tool is perhaps accepted by office workers as it is maybe a rela-

tively established concept within offices and office workers do not have any strong adverse 

feelings against that tool.  

 

6.2 Personal characteristics related to office workers’ perceptions 

In this chapter, relationships between personal characteristics and the different variables of 

office workers' perceptions of assessment tools are described. The personal characteristics are 

several non-technology-related variables that are specific to each office worker and could po-

tentially have an impact on their perception of the assessment tools. Several constructs define 

personal characteristics. First, smart workplace health and comfort entails the office workers’ 

perception of their own office regarding health and comfort and what their preferences are re-

garding the health and comfort aspects. Second, personal characteristics also include the gen-

der, education level, and origin (country of work & nationality) of the office workers. Lastly, 

previous experiences regarding (the personal attitude towards and knowledge of) data pri-

vacy, the technology savviness (which includes the knowledge of and willingness to adapt to 

digital devices and the time of usage of digital devices) are examined. Moreover, it is 

checked whether the respondents’ prior experiences with the respective assessment tools are 

related to the office workers’ perception of the assessment tools.  

Some personal characteristics do not significantly relate to any other of the variables in 

the model and therefore apparently are not useful for explaining office workers’ perception of 

assessment tools or this is caused by some of the study’s limitations. Office workers’ percep-

tion of sedentary behaviour, lighting and noise conditions in their office do not relate to their 

perception of assessment tools just like the time they spend in the office, their education 

level, their origin, their attitudes toward data privacy and technology savviness and whether 
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they have any prior experience with smartphone apps, room-mounted sensors and wearables 

(these are all the unconnected boxes in Figure 22 and Figure 23). 

 

6.2.1 Relationships between personal characteristics and respondents’ attitude to-

wards attributes of assessment tools 

The results of the Spearman correlation (see Figure 22 and Table 8) show that respondents 

reporting a higher perceived health and comfort level in their own office relates to them dis-

liking wearing sensors on their own bodies to measure their health and comfort (#31). If the 

office is already perceived as healthy, it may not seem necessary to further improve this by 

wearing intrusive wearable technology. One could also interpret this the other way around. 

Respondents thinking their office scores relatively low on health and comfort would then like 

to improve that by using wearables worn on their own bodies.  

Another relationship can be observed between ranking stress levels as relatively unim-

portant on the one hand and liking that their own organization is responsible for the data col-

lection for surveys on the other hand (#32). An explanation could be that respondents who do 

not think that stress is important to them might simply not care who is responsible for the 

data collection. Another reason could be that office workers do not identify the indoor envi-

ronmental conditions as the cause of stress in the workplace but rather relate this to other as-

pects such as the organisational climate (Sahni & Kumar, 2012). Office workers might even 

relate their stress level at work to activities outside the workplace such as self-image prob-

lems (Beehr et al., 2010). This could implicate that respondents who think stress is important 

to them would then rather have an external provider addressing these stress issues that they 

link to either company-internal issues (which perhaps should then be better addressed by an 

impartial third party) or even issues outside of work.    

Age shows only one significant correlation with the attitude towards attributes of as-

sessment tools. A relatively higher age (Mean = 32.7 years) relates to the respondent having a 

more positive attitude towards smartphone apps collecting personal data (#33). This is an in-

teresting observation and not necessarily an expected one given that relatively young office 

workers could possibly already have a higher exposure to (other kinds of) smartphone apps 

which could then result in a generally more favourable attitude towards this tool and the 

tool’s attributes. However, assuming younger age groups have a higher usage rate and there-

fore technology savviness and this being about the collection of private data, previous studies 

reveal that a higher technology savviness actually results in a more protective attitude to-
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wards data privacy (Mani & Chouk, 2017). While the findings of my study therefore some-

what overlap with previous studies, it has to be noted that the mean age of my study’s sample 

is just 32.7 years. Just like with all the other results connected to the variable age found in 

this study, it has to be kept in mind that other studies likely have a very different age distribu-

tion making comparisons challenging. Students exclusively make up the sample of Mani & 

Chouk (2017) which should indicate that their sample is even younger on average. In general, 

it needs to be noted that other studies about a similar population reveal that a more repre-

sentative average age for office workers in Western Europe is much higher in general (the 

sample of Kim & Bluyssen (2020) shows an average age of 43.8 years). 

There are significant relationships between the gender of participants and their attitude 

towards tools’ attributes. Possible differences in the answer patterns between women and 

men are analysed with the Mann-Whitney U test. It can be concluded that women have a 

more favourable attitude towards their own organisation being responsible for collecting data 

rather than an external provider in comparison to men (#34). Whether this is because women 

are more sceptical about external parties handling their data or relatively tend to have a lot of 

trust in their own organization is questionable. The findings of Shahzadi et al. (2019) support 

the latter hypothesis. Women are said to feel a stronger connection to their own company and 

company culture (Shahzadi et al., 2019) which could then relate to a higher trust in the inter-

nal data collection. Moreover, women do not mind wearing the wearables on their own bod-

ies as much as men do who evaluate this attribute more critically (#35). Perhaps, this is also 

related to other confounding variables like the level of fitness or how much one takes care of 

their own health (e.g., women may be more interested in wearables because of that). While 

the study of Chandrasekaran et al. (2020) is not focused on office workers, it does reveal that 

improving their own health and fitness is the main reason why women are more willing to use 

wearables. That said, another previous study has investigated this relationship as well, but a 

significant correlation is not detected (Li et al., 2019). However, this study’s sample is consti-

tuted very differently from my study by focusing on elderly Chinese people (Li et al., 2019). 

A completely different explanation for the differing perceptions of these assessment tools be-

tween men and women is provided by Konrad et al. (2000) revealing that self-reported atti-

tudes can generally significantly differ between genders based on various gender roles and 

stereotypes.  

There is a significant difference between respondents who already have surveys in use 

in their office and those who do not. The former group is comparatively less worried about 

the surveys collecting their personal data rather than collecting data anonymously (#36). This 
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is an interesting insight which suggests that having used an assessment tool can potentially 

improve the perception of certain attributes of that tool. Choi et al. (2017) come to a different 

conclusion. Even though their study is only restricted to wearables, having previous experi-

ences with the tool does not show any significant impact on the perception of the tool (Choi 

et al., 2017). Gummer & Daikeler (2020), on the other hand, find that the willingness to par-

ticipate in a survey a second time mainly depends on whether the perception of the initial sur-

vey has been positive. All that being said, being familiar with a specific technology may gen-

erally create trust in this technology improving the perception of it even if this experience 

may not have been strictly positive (Abolarin & Jia, 2024). Another explanation could be that 

in my questionnaire, surveys are presented as anonymous and respondents could simply infer 

that the collected information cannot be traced back to them anyway which may result in a 

more relaxed attitude towards this attribute.  
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Figure 22: Significant relationships between personal characteristics and respondents’ attitude towards attributes of assess-

ment tools 

  



115 
 

Table 8: Significant relationships between personal characteristics and respondents’ attitude towards attributes of assess-

ment tools 

# Variable I Variable II Statistical test Statistics Sig. 

31 
Office with good 

health/comfort 

Wearables being 

worn on the body 

Spearman corre-

lation 
r(43) = -.301 .045 

32 
Bad ranking stress 

level 

Survey data collected 

by own organization 

Spearman corre-

lation 
r(44) = .304 .040 

33 Age 
Apps collect personal 

data 

Spearman corre-

lation 
r(39) = .340 .030 

34 Gender 
Survey data collected 

by own organization 

Mann-Whitney 

U test 

U = 138.000 

Mean rank (Fe-

male) = 24.89 

Mean rank (Male) 

= 17.13 

.034 

35 Gender 
Wearables being 

worn on the body 

Mann-Whitney 

U test 

U = 141.000 

Mean rank (Fe-

male) = 24.78 

Mean rank (Male) 

= 17.31 

.037 

36 Presence of survey 
Surveys collect per-

sonal data 

Mann-Whitney 

U test 

U = 130.500 

Mean rank (Pre-

sent) = 29.14 

Mean rank (Not 

present) = 21.73 

.047 

 

6.2.2 Relationships between personal characteristics and respondents’ ranking of 

assessment tools 

Table 9 & Figure 23 illustrate the significant relationships between personal characteristics 

and respondents’ ranking of assessment tools. Spearman correlation is used to derive the sig-

nificance of the following relationships. Thinking that the own office has a relatively positive 

impact on sedentary behaviour relates to ranking wearables relatively unfavourably (#37) and 

surveys relatively favourably (#38) as tools that should address health. Respondents who are 

already satisfied with the sedentary behaviour in their office might not see the necessity to 

have the additional monitoring and intrusiveness of the more sophisticated wearable technol-

ogies to measure health and therefore opt for surveys which are perhaps the least invasive op-

tions. Invasiveness as a possible criterion for indicating preferences is already discussed in 

chapters 6.1.1 and 6.1.2. On the other hand, this also means that office workers struggling 
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with sedentary behaviour in the office rank wearables favourably perhaps thinking they are a 

more useful tool to improve their health. This insight suggests that the state of the indoor of-

fice environment and how satisfied the office workers already are with it could impact the 

perception of the assessment tools. An improved office environment could therefore even 

make certain assessment tools somewhat redundant.  

One significant relationship exists between the preferences towards health and comfort 

aspects and the rankings of assessment tools. Indicating that the noise conditions are rather 

important relates to ranking smartphone apps rather unfavourably (#39) to address the com-

fort in the office. This suggests that respondents anticipate that smartphone apps are not re-

ally suitable for assessing noise conditions in the office. Perhaps out of all the health and 

comfort aspects, noise conditions stick out to respondents as the one that should be measured 

by sensors rather than self-reported via an app. Temperature and lighting conditions, which 

are the two other comfort aspects, are perhaps perceived more differently depending on the 

specific office worker in contrast to noise conditions which is why self-reporting the own per-

ception of temperature and lighting via an app could be comparatively more effective.  

In contrast to previous studies examining that men are more likely to perceive advanced 

assessment tools more positively than women (Jacobs et al., 2019), this study does not yield 

such results. No significant relationships are found between the gender and the ranking of as-

sessment tools. Given the tendency that women are more favourable towards wearing weara-

bles (see chapter 6.2.1), this result is even more surprising. Perhaps, men only have this par-

ticular problem with wearing the wearables while still ranking the whole tool similarly com-

pared to women. The desire for this tool namely also does not differ between the genders. 

Age is related to the ranking of assessment tools. A higher age relates to ranking weara-

bles as assessment tools for comfort more favourably (#40). Moreover, a higher age also cor-

relates with a less favourable ranking for surveys addressing health (#41) and comfort (#42). 

Again, the pretty low mean age within the sample (32.7 years) should be kept in mind. This is 

perhaps also why this rather surprising outcome can be noted compared to Röcker (2010) 

who reveals a completely opposite relationship. Röcker (2010) finds out that older age groups 

are less likely to like the relatively smart tools (such as wearables) compared to younger age 

groups. However, this study also has a much more homogenous distribution across all age 

groups with a higher mean age. Thus, there the comparability to my study is limited – rela-

tively young respondents of their sample could be relatively old respondents in my sample.  
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Röcker (2010) also finds out that people with less formal education are less likely to 

prefer a more advanced assessment tool (such as wearables). This relationship cannot be ex-

amined within the dataset of this study. This perhaps is because the diversity of education 

levels is very low in the sample meaning that only a few respondents have a less formal edu-

cation in the sample. Only measuring the perception of a very few respondents with a lower 

education level makes it difficult to find any insightful findings in this regard.  

The Mann-Whitney U test reveals significant differences between respondents already 

using wearables in the office compared to respondents who do not. The former group ranks 

wearables (for addressing health aspects) as more favourable (#43). This adds to earlier ob-

servations (see chapter 6.2.1) that prior experiences with a tool can result in a more favoura-

ble perception of this tool or attributes connected to this tool.  

Lastly, it is expected that a protective attitude towards data privacy leads to less desire 

to use wearables (Choi et al., 2017). This relationship cannot be found in my study. An im-

portant difference is that Choi et al. (2017) measure the perception of construction workers 

and not office workers and the set of items used to measure the attitude towards data privacy 

is also rather different which could alter the results. Overall, a lack of significant relationships 

between the attitude towards data privacy, but also the technology savviness on the one hand 

and office workers’ perceptions of assessment tools on the other hand is noticeable in my 

study. An interesting possible explanation for that is given by Lutz et al. (2020). Their study 

suggests that people having uncertainties and mistrust towards organisations handling their 

private data can paradoxically stop caring about actually protecting their private data. Conse-

quently, these people may have a protective attitude towards data privacy but they do not 

show related appropriate behaviours to also protect their private data (e.g., avoiding privacy 

invasive tools like wearables). This perhaps explains why the attitude towards data privacy 

does not relate to the ranking of and desire for assessment tools. Similarly, Makarem et al. 

(2009) detect that even people with high technology savviness can show aversions against 

new and innovative technologies and tools because other factors like the convenience of the 

technologies are more determining for the perception of the tools. Both variables could there-

fore not really be suitable for explaining office workers’ perceptions of assessment tools. 
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Figure 23: Significant relationships between personal characteristics and respondents’ ranking of assessment tools 
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Table 9: Significant relationships between personal characteristics and respondents’ ranking of assessment tools 

# Variable I Variable II Statistical test Statistics Sig. 

37 
Office with good seden-

tary behaviour 

Bad ranking wearables 

(addressing health) 

Spearman corre-

lation 
r(42) = .350 .020 

38 
Office with good seden-

tary behaviour 

Bad ranking surveys (ad-

dressing health) 

Spearman corre-

lation 
r(42) = -.450 .002 

39 
Bad ranking noise condi-

tions 

Bad ranking apps (ad-

dressing comfort) 

Spearman corre-

lation 
r(42) = -.304 .045 

40 Age 
Bad ranking wearables 

(addressing comfort) 

Spearman corre-

lation 
r(39) = -.346 .027 

41 Age 
Bad ranking survey (ad-

dressing health) 

Spearman corre-

lation 
r(39) = .363 .020 

42 Age 
Bad ranking survey (ad-

dressing comfort) 

Spearman corre-

lation 
r(39) = .344 .028 

43 Presence of wearables 
Bad ranking wearables 

(addressing health) 

Mann-Whitney U 

test 

U = 135.000 

Mean rank (Present) 

= 17.14 

Mean rank (Not 

present) = 25.00 

.049 

 

6.2.3 Conclusion 

It should be noted that many personal characteristics do not show any relationships with of-

fice workers’ perceptions of assessment tools or the relationships have a different direction 

than expected. This concerns respondents’ education level, age and attitude towards and 

knowledge about data privacy as well as the technology savviness. This could of course be 

because of limitations of my study or differences to the other studies’ design or sample con-

stitution. In particular, the education level shows a low diversity of backgrounds within the 

sample. The average age, on the other hand, is rather low in my study’s sample, making com-

parisons to other studies’ findings difficult and maybe result in the surprising outcome that 

relatively older age groups of this sample prefer the smarter assessment tools. The lack of re-

lationships between respondents’ attitudes towards data privacy and technology savviness 

and the perception of tools could also be because these attributes are less suitable and influen-

tial than expected for determining office workers’ perceptions. 

Significant relationships also become visible between the gender, perceived health and 

comfort of the office of respondents as well as their prior experience with assessment tools on 

the one side, and office workers’ perception of assessment tools on the other side. Women are 
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more favourable towards wearing wearables and having their own organisation responsible 

for data protection. Existing prior experiences with a specific assessment tool sometimes lead 

to a more favourable perception of that specific tool. Another observation is that the percep-

tion of the current office environment relates to office workers’ perception of assessment 

tools. If respondents are already satisfied with certain health and comfort aspects in their of-

fice, they sometimes feel less of a need for advanced assessment tools that are trying to tackle 

this problem.  

These relationships are all connected to the attributes and ranking of assessment tools 

as dimensions of office workers’ perceptions of the tools. Thus, the desire for tools is not sig-

nificantly related to any personal characteristics. Perhaps it could overall be concluded that 

the researched personal characteristics of office workers are not very telling for how office 

workers perceive the different assessment tools as there are not many strong and significant 

relationships overall and some of them contradict the findings of previous studies.  

 

6.3 Relationships between personal characteristic variables 

Even though not directly related to any research questions, very few significant relationships 

between personal characteristic variables are detected (see Figure 24 & Table 10). Note that 

relationships between variables of the dimension of smart workplace health and comfort and 

the other two variables have not been tested as previously explained at the beginning of chap-

ter 6. First, relationships between different variables of smart workplace health and comfort 

are described. Respondents are first asked about how they in general perceive their own of-

fice regarding health and comfort before being asked similar questions again but then regard-

ing the 5 health and comfort aspects individually (after receiving additional information about 

them). The Spearman correlation shows that these two blocks of variables are all significantly 

related to each other (#44 to #48). Thus, respondents’ initial perception of the health and 

comfort of their office relates to respondents’ perception of all 5 health and comfort aspects 

individually. This is no big surprise given the very close similarity of the questions. Never-

theless, it is interesting to note that the additional information given in between the questions 

does not significantly change the answer patterns. This could mean that the respondents al-

ready have an accurate prior understanding of what constitutes health and comfort in the of-

fice. Moreover, none of the 5 health and comfort aspects seem to be perceived very differ-

ently so the answers would significantly differ from the ones given to the prior question about 

health and comfort in general. Considering that these aspects are somewhat different to each 
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other, this is quite interesting and suggests that none of the health and comfort aspects partic-

ularly stick out and are perceived as especially positive or negative in the offices. Moreover, 

it could mean that the focus points regarding the health and comfort aspects are quite differ-

ent depending on each office worker and their unique circumstances. 

Respondents thinking that stress levels in their office are relatively low relates to them 

assigning relatively little importance to this aspect compared to the other health and comfort 

aspects (#49). The same observation can be made for respondents having a favourable per-

ception of the temperature conditions in their own office which relates to them ranking tem-

perature conditions unfavourably compared to the other aspects (#50). This is an interesting, 

yet understandable, relationship. It is reasonable to assume that one starts caring about a cer-

tain health and comfort aspect more if it is perceived relatively badly in the own office. Even 

though Vernet et al. (2019) do not conduct workplace-related research, they also find a gen-

eral link between becoming aware of something which can subsequently raise the attention 

given to that matter. Respondents may thus give less attention towards the health and comfort 

aspect if it does not bother them during their time spent in the office. It has to be kept in mind 

though that this relationship has only been detected for two of the 5 health and comfort as-

pects. 

Contrary to the results of other studies that find a relationship between the origin and 

cultural backgrounds of people with their attitude towards data privacy (Cvrcek et al., 2006; 

Röcker, 2009; Röcker, 2010), no such significant relationships are found within this data set. 

While Röcker (2010) mainly compares German and American workers with each other, the 

majority of respondents in my study originate from the two neighbouring countries of Ger-

many and the Netherlands which perhaps share more cultural and workplace-related similari-

ties with each other than Germany and the US. This is why Röcker (2010) could also perhaps 

find bigger differences in perception between the countries. While Cvrcek et al. (2006) com-

pare workers of more comparable central European nations with each other, this study was 

conducted way before the introduction of the EU-wide GDPR which somewhat equalled the 

data privacy regulations amongst EU member states (Collins & Marassi, 2021). This could 

perhaps also have led to more similar attitudes towards data privacy in different EU member 

states that seem to be prevalent in my sample. Moreover, no relationship is found between 

high technology savviness and a protective attitude towards data privacy which is detected by 

Mani & Chouk (2017). The detected, possibly limited explanatory power of these variables 

(see chapter 6.2.2) could perhaps play a role in this lack of significant relationship as well. 

Lastly, it can also not be seen that an older age leads to less technology savviness (Röcker, 
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2010). As mentioned before (see chapter 6.2.1), the average age in the sample of Röcker 

(2010) is much higher than in my study making comparisons difficult. Given the low age of 

my sample, it could be that the majority of respondents have grown up with digital devices 

and are therefore all relatively technology savvy (even though not everyone reported this 

about themselves in the questionnaire). Of course, it could also be difficult for many to accu-

rately evaluate themselves on how technology savvy they actually are.  

These findings, while not central to answering the research questions, provide some 

further insights into the topic. Respondents' initial perceptions of their office's health and 

comfort closely align with their views on specific aspects of health and comfort, possibly in-

dicating a relatively high prior knowledge about the topic. Low perceived stress levels and 

favourable temperature conditions are related to assigning lower importance to these aspects. 

As seen in chapter 6.2.2, this in turn relates to how the assessment tools are ranked which 

means that improving certain aspects of the indoor office environment could then have a rela-

tionship with how health and comfort aspects and assessment tools are perceived. Despite 

other studies finding cultural differences in data privacy attitudes, this study does not detect 

such relationships, possibly due to limitations of this sample’s diversity or the other studies 

being outdated. Additionally, no link is found between technology savviness and protective 

attitudes towards data privacy or age and technology savviness. These findings, while not 

central to answering the research questions, provide some further insights into the topic.  
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Figure 24: Significant relationships between personal characteristic variables 
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Table 10: Significant relationships between personal characteristic variables 

# Variable I Variable II Statistical test Statistics Sig. 

44 
Office with good 

health/comfort 

Office with good seden-

tary behaviour 

Spearman corre-

lation 
r(44) = .464 .001 

45 
Office with good 

health/comfort 

Office with good stress 

level 

Spearman corre-

lation 
r(44) = .429 .003 

46 
Office with good 

health/comfort 

Office with good lighting 

condition 

Spearman corre-

lation 
r(44) = .545 <.001 

47 
Office with good 

health/comfort 

Office with good tempera-

ture condition 

Spearman corre-

lation 
r(44) = .326 .027 

48 
Office with good 

health/comfort 

Office with good noise 

condition 

Spearman corre-

lation 
r(44) = .524 <.001 

49 
Office with good stress 

levels 
Bad ranking stress level 

Spearman corre-

lation 
r(44) = .338 .022 

50 
Office with good tempera-

ture conditions 

Bad ranking temperature 

condition 

Spearman corre-

lation 
r(44) = .369 .012 

 

  



125 
 

7. Conclusion 

This exploratory study provides valuable and nuanced insights into office workers' percep-

tions of health and comfort assessment tools. It shows that there is no universally preferred 

assessment tool among office workers. Also, the perception differs depending on various var-

iables associated with the assessment tools, the office workers’ personal characteristics and, 

last but not least, which kind of health and comfort aspects are assessed. In particular, the bal-

ance between the intrusiveness and the utility of a tool plays a crucial role when designing or 

implementing a specific tool in the office. Office workers generally seem to be accepting of 

having smarter tools and the benefits they add to their office. However, whether a tool is ac-

cepted really seems to differ between individual office workers resulting in a sizeable amount 

of office workers that could at least initially have doubts about certain tools. This requires a 

nuanced and thorough approach when implementing such tools in the office. By integrating 

these findings into practice, organisations can enhance workplace well-being and foster a 

more accepting environment for advanced health and comfort management technologies. Fu-

ture research should continue to explore these dynamics to build on the foundation laid by 

this study. 

Subchapter 7.1 dives deeper into the main conclusions of the data analysis (chapter 5 & 

6) to derive core takeaways and recommendations of this research for theory (chapter 7.2) 

and practice (chapter 7.3) while mentioning the limitations of this study. It goes without say-

ing that these takeaways have to be viewed with care as this is an exploratory study and as a 

result, further research is required to substantiate the results.  

 

7.1 Answering the research questions 

The main research question is answered step-by-step throughout the thesis:  

How do attributes of assessment tools and personal characteristics relate to office 

workers’ preferences for assessment tools assessing their health and comfort in the 

office? 

This chapter summarizes the findings. From previous studies, it is derived that 5 relevant as-

pects of office workers’ health and comfort are sedentary behaviour, stress, lighting, tempera-

ture and noise conditions (see chapter 2.2.1). These are not just important from an office 

worker’s viewpoint but are at the same time also already being addressed by various assess-

ment tools in practice.  
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Three dimensions that indicate office workers’ perception of health and comfort assess-

ment tools are distinguished. First, the attitude towards assessment tools’ attributes. Second, 

the ranking of assessment tools. Third, the desire to have the assessment tools at the work-

place. To allow for a comparison between different tools with differing levels of smartness, 4 

representations of actually existing assessment tools are defined that are considered to be es-

pecially relevant in the office environment: anonymized surveys, personalized app-based sur-

veys, room-mounted sensors and wearables (see chapter 4.3.2).  

The assessment tools are characterized by 9 common attributes that on the one hand of-

ten become visible in real-life tools (see chapter 2.2.1), but on the other hand, have also 

sometimes been detected as influential variables for the office workers’ preferences towards 

these tools by previous literature (see chapter 3.2): The amount of collected personal data 

(Collins & Marassi, 2021; Gorn & Shklovski, 2016; Harper et al., 2022; Lai et al., 2003; Neff 

& Nafus, 2016; Teebken & Hess, 2021; Zieglmaier et al., 2022), level of accuracy (Mani & 

Chouk, 2017), level of automatization (Ahmadi-Karvigh et al., 2017; Day et al., 2019; Don-

kers et al., 2023; Kwon et al., 2019; Lashina et al., 2019; Tuzcuoğlu et al., 2023), range of 

outputs, technological intelligence, data type collected, frequency of measurement, proximity 

to the user, responsibility for data collection.  

The analysis (see chapter 5.2.1) concludes that a positive attitude exists towards these 

tools giving (very) personalized outputs, outputs being given for the whole office, environ-

mental conditions and bodily parameters being measured, tools using artificial intelligence, 

the collection of data via the smartphone, tools being highly accurate and the very frequent 

measurement of data. On average, office workers feel neutral about tools collecting data that 

enable the tracing of movement patterns, whether their own organization or an external pro-

vider is responsible for the data collection and whether the data is self-reported or measured 

automatically. What office workers dislike about the tools is when personal information is 

collected and when the measurements are taking place directly on their own bodies (with 

wearables).  

Each tool obviously has unique specifications for each of those attributes. Generally 

speaking, the higher level and smarter tools (such as room-mounted sensors or wearables) 

provide greater benefits for office workers with the drawback of being more intrusive. How 

office workers weigh up the mix of attributes against each other and evaluate these trade-offs, 

partly manifests itself in how the assessment tools are ranked against each other and which of 

the tools office workers wish to have present in their office. Two different rankings are cre-
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ated. One is concerned with the three tools that measure health aspects and the second con-

tains the four tools assessing comfort aspects. Wearables are the most favoured tool to meas-

ure health aspects followed by smartphone apps and surveys (see chapter 5.2.2). Office work-

ers favour room-mounted sensors the most to measure comfort aspects followed by 

smartphone apps and surveys. Regarding comfort aspects, wearables are the least favoured 

tool. Here, the only noticeable and significant difference becomes clear regarding whether 

health or comfort aspects are assessed by a tool. It can be assumed that office workers do not 

see a necessity to assess comfort aspects (e.g., temperature conditions) by wearables as 

finely-grained and close to the user as health aspects (e.g., stress). Office workers may not be 

aware that interesting insights can also be gained when measuring indoor environmental con-

ditions for every desk individually (Abboushi et al., 2022; Martire et al., 2018; Silentium, 

n.d.).  

It becomes clear that office workers’ ratings of a tool usually significantly relate to 

whether the attributes’ specifications of that tool are also rated favourably (see chapter 6.1.2). 

The attributes therefore seem to be very influential to office workers’ preferences for the 

tools overall. Moreover, the perceptions do not seem to depend on the specification of a sin-

gle attribute but rather the whole ‘package’ of attributes of the respective tool. Interestingly, 

office workers to some extent seem to acknowledge that a tool can only provide certain bene-

fits of advanced tools if they at the same time are also relatively intrusive. If they are in fa-

vour of such tools, they also seem to be more likely to accept their drawbacks to some de-

gree. An overwhelming majority of office workers desire to have room-mounted sensors pre-

sent in their offices (see chapter 5.2.3). Most office workers also wish to have surveys in use 

in their offices. Less favoured are smartphone apps and wearables (about half of the sample 

vote for these tools to be present). Paradoxically, surveys are ranked unfavourably while still 

often being desired while nearly the opposite can be said about wearables. Presumably this is 

because surveys, the tool with a lower level of smartness are perceived as less polarizing and 

controversial compared to wearables which are very smart. 

This study is not just about describing which tools and which tools’ attributes are pre-

ferred by office workers but also about which other variables relate to these preferences. 

These so-called personal characteristics are subdivided into the three dimensions of smart 

workplace health and comfort, demographics and previous experiences. Fewer relationships 

between personal characteristics and office workers’ perception of assessment tools are de-

tected in comparison to the amount of relationships that can be observed in-between attrib-

utes of assessment tools (see chapter 6.2). This leads to the conclusion that the attributes of 
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assessment tools could perhaps be more influential for office workers’ overall perception of 

assessment tools. This study finds that if office workers are pretty satisfied with a certain 

health and comfort aspect in their office, they feel less need for a specific assessment tool that 

tries to tackle this specific health and comfort aspect.  

Literature (see chapter 3.3) reveals that the demographic aspects of gender (Jacobs et 

al., 2019; Röcker, 2010), education level (Röcker, 2010), age (Donkers et al., 2023; Mani & 

Chouk, 2017; Röcker, 2010) and origin of office workers (Cvrcek et al., 2006; Röcker, 2009; 

Röcker, 2010) influence their perception of tools as well. However, this research only finds 

that gender and age relate to office workers’ perception of assessment tools. Striking results 

are that older groups of this sample (the mean age is 32.7 years) tend to be more in favour of 

the very smart tools. Moreover, women are relatively more in favour of wearing wearables 

and their own organization is responsible for the data collection compared to men. To my 

knowledge, this has not been discovered by any previous studies. 

Lastly, the previous experience of respondents is supposed to relate to office workers’ 

perceptions. This includes the attitude towards data privacy (Choi et al., 2017; Mani & 

Chouk, 2017) and the technology savviness (Mani & Chouk, 2017; Röcker, 2010) of office 

workers. Surprisingly, these variables show no relationships to other variables in this study 

(see chapter 6.3). On the other hand, if office workers already have experiences with a re-

spective tool, they are sometimes more likely to rank this tool or attributes of this tool favour-

ably.  

 

7.2 Limitations & recommendations for research 

Several limitations of this exploratory study should be acknowledged when using the in-

sights. Future studies could mitigate these limitations when designing their research. First, se-

lection bias may have occurred due to the demographic composition of the sample (Heckman, 

1990). This, in turn, could lead to a sample that does not fully represent the broader, global 

population of office workers. By recruiting respondents predominantly from personal and 

professional networks, the majority of the sample is constituted by highly educated office 

workers from the Netherlands and Germany, the majority of them being female and relatively 

young. It can be expected that the average population of office workers is somewhat older 

than the sample (the participants in a much larger study among office workers in the Nether-

lands have a mean age of 43.8 years (Kim & Bluyssen, 2020) compared to 32.7 years in this 

study) and only roughly half should be female (Kim & Bluyssen, 2020). Moreover, the age 
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distribution in my study is skewed towards office workers under 30 rather than evenly distrib-

uted across the whole range of age groups Originating from neighbouring countries, the ma-

jority of workers in the sample share a comparable cultural background. That said, the work 

cultures between the Netherlands and Germany somewhat differ (Jimmink, 2022). However, 

no significant differences in office workers’ perceptions depending on their origin are found 

in this study between the two countries or indeed in relation to a completely different country. 

It is possible that office workers from countries with very different cultural backgrounds then 

also have different perceptions about the assessment tools as work culture-related factors like 

hierarchy and autonomy can differ a lot between countries (Aycan et al., 2000; Mannix & 

Neale, 2005). Lastly, office workers without a university background are vastly underrepre-

sented which again does not fully portray the whole population of office workers. Conclu-

sions should especially be considered with care by companies and industries that employ a 

much lower percentage of highly educated office workers. It would be interesting to conduct 

similar research in a different demographic setting (e.g., within a different culture or with less 

educated office workers etc.) to compare the similarities and differences to this study.  

Moreover, it can also be anticipated that a disproportionate number of respondents have 

a high interest in real estate and workplace-related topics given the predominance of these 

contacts in the personal and professional network. It can also be anticipated that office work-

ers with stronger opinions towards the topics of this research are more likely to participate in 

the study compared to office workers who have a more indifferent opinion about these mat-

ters. It might be less likely for the latter group to fill out the questionnaire due to this disinter-

est. Office workers who are more engaged in workplace-related topics might logically have a 

deeper understanding and interest in health and comfort as well as technology-related matters 

in the office. Their assessment of those constructs might therefore differ compared to office 

workers who do not possess this knowledge and interest. The lack of significant relationships 

in-between these personal characteristic variables and the perception of assessment tools 

could be an indicator of this limited variability within the sample. Furthermore, the sample 

size of 46 in itself signals a limited diversity within the sample – different office workers with 

very similar demographic backgrounds can of course have very different opinions towards 

this topic. Moussaïd et al. (2013), for instance, detect that social interactions have a major in-

fluence on a person’s opinion formation too which is not accounted for in this study. A larger 

sample size, something a bigger research project could address, could help to mitigate some 

of the selection bias. As such, it can also be recommended to recruit office workers from 

more diverse sources rather than mostly through their own social networks. 
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This leads to another important limitation of this study. As a lot of variations in the per-

ception of the assessment tools cannot be explained with the existing personal characteristics 

variables, unaccounted confounding variables that are not part of the conceptual model could 

exist such as the above-mentioned social interactions of employees (Moussaïd et al., 2013), 

their trust in their organisation (Li et al., 2008) or their physical activity level (Rupp et al., 

2018). This is especially likely given the general limitations of the chosen research methodol-

ogy – questionnaires. To not overwhelm and fatigue the respondents, only a limited number 

of questions and therefore also only a few variables can be included. Given this is exploratory 

research that is only based on very few findings from previous studies, there are a lot of other 

personal and attributes of assessment tools that could potentially relate to office workers’ per-

ceptions. For instance, the relationship between the office workers and the organization they 

are employed at is not included (e.g., employees heavily trusting their organization could re-

late to how they perceive the tools (Li et al., 2008)). Other possible predictors for the office 

workers’ perception could be the general psychological and physical state of the office work-

ers (e.g., fitter employees could have a different perception of the tools (Rupp et al., 2018). 

Given the constraints, only those variables that seemed most relevant regarding office work-

ers’ perceptions could be included. Future research could focus more on variables that are not 

included in this study to find out whether confounding variables exist and which other per-

sonal characteristics relate to office workers’ perceptions of assessment tools. A factor analy-

sis could help to derive distinct configurations of assessment tools suitable for a specific 

group of people.  

These quantitative limitations also apply to the number and type of assessment tools, 

attributes of tools and health and comfort aspects that are included in the questionnaire. In all 

cases, only the ones that seemed most relevant are presented. Air quality, for instance, is an-

other health and comfort aspect for which it would be interesting to investigate office work-

ers’ perceptions about. For instance, Ortiz & Bluyssen (2022) find that certain groups of of-

fice workers actually perceive this aspect as very important even though the other 5 chosen 

aspects of this study might overall be more relevant. On the other hand, the way the 4 chosen 

assessment tools are defined in this questionnaire means that they are only somewhat repre-

sentative of tools that exist in real life and should be viewed as abstractions of those actually 

existing tools. It is therefore possible that the findings of this study only partly apply to spe-

cific tools existing in real life. Yet again, other research projects could concentrate on other 

health and comfort aspects or define the tools differently. It may also be interesting to investi-

gate preferences towards a very specific, actually existing tool in a future study. 
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Another limitation of using questionnaires as a methodology is that it cannot be deter-

mined whether respondents base their answer choices solely on the given information in the 

questionnaire or whether they use previous knowledge and perhaps false biases (e.g., about 

specific tools) when answering the questions (Razavi, 2001). Chapter 6 finds clues that re-

spondents indeed are inferring certain attributes about tools even though they are not explic-

itly mentioned in the questionnaire. An option to counter this could also be to incorporate 

more qualitative elements such as open-ended answers or interviews in the research to make 

use of a relatively inductive approach (e.g., Dunwoodie et al., 2023).  

Due to constraints about the length of the survey to not limit the response rate 

(Deutskens et al., 2004; Revilla & Höhne, 2020), the length and depth of descriptions, an-

swers and background information are naturally limited and need to be reduced to the bare 

minimum. This, in turn, leads to a limited richness of the gained data (Kato, 2023).  

Something that cannot really be avoided with this methodology, but is certainly some-

thing to note, is the possible misinterpretation of questions by respondents (Ashok et al., 

2022). This could lead to inaccurate responses just like when respondents start to rush over 

questions without giving enough time to think about the answers due to fatigue or time con-

straints (Hess et al., 2012). A suitable approach could be to replace or combine the question-

naire with a group interview that leaves room to ask questions to clarify if everything is un-

derstood correctly (Sandelowski, 2000).  

Other limitations are very specific to this particular questionnaire. Respondents are pre-

sented with a whole range of assessment tools’ attributes, some of which are supposed to pro-

vide benefits to the respondents, while others should be perceived more negatively due to 

their intrusiveness. It can be expected that respondents to a certain degree rate the attributes 

in such a way that the combinations of attributes are very favourable for them. However, this 

might not at all represent a realistic combination of attributes for a tool that could exist in real 

life. An example of this becomes clear in the results section. Respondents often like that tools 

provide personalized outputs but the collection of personal information is perceived relatively 

critically. It is unrealistic to assume that an actually existing tool could achieve both of these 

simultaneously. For future studies, it could therefore be really interesting to look into these 

trade-off situations more thoroughly to find a preferred middle way between benefits and in-

trusiveness of assessment tools (e.g., in how far are respondents willing to have personal in-

formation collected to achieve a more personalized output).  
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Future research could not just focus on different tools, attributes or health and comfort 

aspects but could also make use of a completely different research design. Since the de-

scribed tools in this study might remain somewhat abstract, especially to respondents without 

any previous experiences, it would of course be interesting to design an experiment that al-

lows the respondents to gain actual real-life experience with the tools. This could ideally be 

integrated into an existing office environment of a company. Another innovative methodol-

ogy would be to analyse the data collected by the tools to be able to directly connect the real-

time usage patterns with context-related information like the personal characteristics of the 

users. Furthermore, a stated-choice experiment (Adamowicz et al., 1998) could help to dive 

deeper into how exactly office workers evaluate the trade-off between benefits and intrusive-

ness that currently seems to be an unavoidable characteristic of many advanced assessment 

tools. 

 

7.3 Implications & recommendations for practice 

Based on the research findings, this chapter depicts possible implications and recommenda-

tions for workplace managers responsible for implementing the assessment tools in offices 

and for the manufacturers designing these tools.  

In conclusion, which health and comfort assessment tool would office workers ideally 

like to have? It needs to be mentioned that no definitive answer can be given to this question, 

and as can be seen in chapter 6, this also differs depending on various other variables. Never-

theless, it becomes clear that the sample of respondents slightly prefers one of the smarter 

tools that can give a lot of accurate and personalized outputs. Even though some attributes of 

these tools are presumably perceived negatively because of their intrusive nature, other attrib-

utes of such advanced tools are perceived surprisingly well. It can, however, also be derived 

that less intrusive assessment methods providing the same outputs would probably be most 

preferred. Of course, it would currently be difficult to create a tool with such specifications, 

but finding a balance between intrusiveness on the one hand and insights, on the other hand, 

is a possible strategy to pursue when developing a new tool. Given the apparent popularity of 

room-mounted sensors, one possible development trajectory could be to further develop this 

tool for it to be able to deliver more finely-grained, accurate and personalized information. 

This could perhaps also enable this kind of tool to assess the two health-related aspects stress 

and sedentary behaviours which is currently not the norm (chapter 2.2.1 shows that unintru-

sive sensor technologies for such purposes are scarce) 
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This research shows that the perceptions of assessment tools can generally differ a lot 

between different office workers which often cannot be related back to personal characteris-

tics (at least often not to those that are tested in this study). Thus, the conclusion for work-

place managers should be to avoid generalizations such as older office workers being possi-

bly more reluctant to adapt to smart tools (this study actually showing the opposite even 

though the mean age is just 32.7 years) but, if possible, more focus on the specific needs of 

each individual office worker. While office workers seem generally open to receiving health 

and comfort benefits by a technological solution, there is not a most preferred way of how to 

achieve this. Therefore, it could be worthwhile to implement or test multiple tools that 

roughly target the same outcome to see which of them are preferred by individual office 

workers. This also requires constant feedback loops incorporating employees’ opinions and 

adjusting the implementation process accordingly (Barisic et al., 2020; Kaur et al., 2023; 

Jones & Smith, 2002).  

The next step for tool manufacturers would be to design adaptive tools that can be cus-

tomized to meet the specific needs and preferences of different office environments and indi-

vidual workers, making the tools more appealing and user-centred. For instance, users could 

get an option to individually choose which type of data is collected and processed. This ap-

proach could not only enhance user acceptance but also ensure that the tools provide mean-

ingful insights tailored to individual needs. Given that concerns about data privacy are very 

important for office workers’ preferences towards assessment tools, it could be an interesting 

approach to let employees have more control over their own data (as suggested by Koldijk et 

al. (2016)). Simultaneously, making them understand how data is protected can mitigate pri-

vacy concerns and enhance trust (Khakurel et al., 2018, Koldijk et al., 2016; Harper et al., 

2022; Teebken & Hess, 2021). 

This approach also relates to possible solutions for improving the perception of already 

existing tools. During the implementation process of such tools, office workers essentially 

should be persuaded to approve of the tool in their office. For workplace managers trying to 

implement an assessment tool, it could help to slowly get their employees accommodated to a 

specific tool (Delpechitre et al., 2019), perhaps by implementing it in a step-by-step approach 

and helping them get acquainted with it (e.g., by hosting trainings or workshops) rather than 

simply imposing the new tool upon the staff without considering their concerns (Jones & 

Smith, 2002). Given that office workers are seemingly more in favour of a tool being imple-

mented if it provides personal benefits, these benefits should also be especially emphasized 

(Anaam et al., 2020). It becomes clear that office workers evaluate each tool based on a range 
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of attributes rather than one single attribute. Manufacturers of the tools or the workplace 

managers implementing them into the offices could conclude that it does not necessarily re-

sult in a changed attitude of office workers towards a specific tool if only individual specifi-

cations of this tool are tweaked (e.g., reducing the intrusiveness of wearables). Office work-

ers may not even notice or experience these changes, may not think that the tweaks would 

change the tool much, or may already be preoccupied with the tool anyway. In all of these 

cases, extensively communicating the specifics of a tool (e.g., how it works, what it delivers, 

what the risks are) could also be a strategy to gain more trust and increase the acceptance of a 

specific tool. The same approach of educating the staff could also be implemented regarding 

the health and comfort aspects. If office workers are becoming more aware and sensible of 

these issues, they are perhaps more likely to favour an assessment tool that fixes them. That 

said, literature shows that there is also a risk of increased transparency leading to office work-

ers becoming more sceptical about very intrusive tools as soon as they learn about the large 

amount of data being processed (Zieglmaier et al., 2022). Of course, such a communication 

strategy could not be tested in this research as only very short statements and descriptions of 

the tools are provided as part of the questionnaire. The usage rate of such tools could also be 

improved by providing (monetary) incentives to office workers regularly using the tools. This 

has been discussed in a previous study as well (Jacobs et al., 2019) and could prove success-

ful given the finding in this study that the perception of a tool seems to become more favour-

able as soon as office workers gain experience with using that tool.  

Another observation is that the perceptions of the current office environments relate to 

office workers’ perceptions of assessment tools. If respondents are already satisfied with cer-

tain health and comfort aspects in their office, they sometimes feel less of a need for specific 

assessment tools that are trying to tackle this problem (e.g., if the sedentary behaviour is sat-

isfactory in the office, wearables are ranked relatively unfavourably among the assessment 

tools). For workplace managers, this could mean that improving the indoor office environ-

ment for the employees could make assessment tools unnecessary from the viewpoint of the 

office workers. The money and effort to implement certain tools could perhaps be saved if the 

office environment is exceptional to begin with. That said, the assessment tools presented in 

this research could still be useful to check whether the office is (still) considered a healthy 

and comfortable place for everyone. In any case, as described in chapter 2.2.1, the assessment 

tools are suitable for effectively monitoring and evaluating the health and comfort within the 

office long-term. A dynamic approach ensures that the tools remain relevant by continuously 

evolving around employees’ needs and by incorporating technological advancements. After 
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all, it is anticipated that new technological developments could fundamentally change the op-

portunities for addressing health and comfort with (smart) tools in the office which could also 

open up completely new areas of use (Barisic et al., 2020). Hopefully, in the future, more ac-

curate and personalized assessments will become possible without the intrusive drawbacks 

that are still associated with them nowadays.  

This study also provides some insights that are less about the assessment tools them-

selves. There is an apparent dichotomy in perceptions regarding sedentary behaviours and 

stress levels by office workers. These aspects of the office environment are either seen as 

very important or not important at all by respondents. This polarization could indicate that of-

fice workers are starting to understand the implications to their health when working in the 

office more so than they did in the past. This is in line with other research outcomes (e.g., 

Borsos et al., 2021). However, some office workers might not necessarily associate these 

health issues with the time spent in the office. This suggests a need for educating office work-

ers more thoroughly about the adverse effects working in an office can have on their health.  

Considering all observations made in this study, it is doubtful whether implementing 

such assessment tools alone is enough to persuade office workers to return to the office more 

regularly. Bringing employees back into the office, which is a concern since the COVID-19 

pandemic (Barnes & Ferris, 2023), requires a more holistic approach that includes not just 

technological advancements but also other organizational changes. A main goal will be to in-

crease office workers' satisfaction in the office, and that certainly involves prioritizing office 

workers’ health and comfort in some way. 
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Appendices 

Appendix A 

Attached is the whole online questionnaire as it is presented to the respondents. 
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Appendix B  

This appendix includes the test results necessary to check for the internal consistency of the 

two sets of items introduced by previous studies. 

Appendix B – Figure B1 

 

Appendix B – Figure B2 
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Appendix C 

In this appendix, the tests are presented that check whether the answer patterns of the depend-

ent variables in the model are normally distributed. 

Appendix C – Figure C1 

 

 

 

 

 

 

 

 

Appendix C – Figure C2 
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Appendix C – Figure C3 

 

 

 

 

 

 

 

 

 

Appendix C – Figure C4 

 

 

 

 

 

 

 

 

Appendix C – Figure C5 
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Appendix C – Figure C6 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix C – Figure C7 
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Appendix C – Figure C8 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix C – Figure C9 
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Appendix C – Figure C10 

 

 

 

 

 

 

Appendix C – Figure C11 

 

  

 

 

Appendix C – Figure C12 
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Appendix D 

In this appendix further descriptive statistics with additional metrics for various variables are 

included complementing the findings in chapter 5. 

Appendix D – Figure 1 

 

 

 

 

Statistics

*n = 44
Mean 32.73
Standard deviation 8.207
Minimum 22
Maximum 58

*refers to the number of respondents that answered the question(s) 
about this item

Age
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Appendix D – Figure 2 

 

 

 

Appendix D – Figure 3 

 

  

Mean Median
Std. 

Deviation

*n = 46
Is the own office healthy & comfortable? 0.63 1.00 0.90

Perception of own office

Statistics

*refers to the number of respondents that answered the question(s) about this item

Explanation: -2 = Completely disagree; -1 = Disagree; 0 = Neutral; 1 = Agree; 2 = Completely agree

Mean Median
Std. 

Deviation

*n = 46
Sitting and moving behaviour 2.80 2.00 1.50
Stress level 2.93 3.00 1.72
Lighting conditions 3.28 4.00 1.20
Temperature conditions 3.11 3.00 1.27
Noise conditions 2.87 3.00 1.34

Ranking of health/comfort aspects

Statistics

*refers to the number of respondents that answered the question(s) about this item

Explanation: 1 = Rank 1; 2 = Rank 2 etc.
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Appendix D – Figure 4 

 

 

Mean Median
Std. 
Deviation

*n = 44

0.94 0.88 0.66

Data privacy

Statistics

*refers to the number of respondents that answered the question(s) 
about this item

Explanation: -2 = Completely disagree; -1 = Disagree; 0 = Neutral; 1 = 
Agree; 2 = Completely agree

Protective attitude towards 
it
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Appendix D – Figure 5 

 

 

Appendix D – Figure 6 

 

 

  

Completely 
disagree

Disagree Neutral Agree
Completely 

agree

Knowledge about data privacy
*n = 44
"I have a high knowledge of the data 
privacy regulations."

5 14 11 10 4

Frequency

Data privacy

*refers to the number of respondents that answered the question(s) about this item

Mean Median
Std. 
Deviation

*n = 44

0.59 0.75 0.76

Technology savviness

Statistics

High knowledge about & and high 
willingness to adapt to new digital 
devices

*refers to the number of respondents that answered the question(s) about this item

Explanation: -2 = Completely disagree; -1 = Disagree; 0 = Neutral; 1 = Agree; 2 = Completely 
agree
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Appendix D – Figure 7 
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Mean Median
Std. 
Deviation

*n = 46

0.45 0.50 0.53

*n = 46

0.15 0.00 0.74

*n = 45
0.66 1.00 0.49

Smart application attributes & 
statements describing the attributes

Statistics

"I like that the data is processed with the help of 
artificial intelligence"

*refers to the number of respondents that answered the question(s) about this item

Explanation: -1 = Disagree; 0 = Neutral; 1 = Agree

Technological intelligence

Level of automatization

"I like that the data is self-reported in a subjective 
manner and not measured in a more extensive 
way”

"I like that I do not have to give any manual inputs"
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Appendix D – Figure 8 

 

 

  

 

 

 

Mean Median
Std. 
Deviation

*n = 44
Survey 2.20 2.25 0.71
Smartphone app 1.99 2.00 0.59
Wearables 1.80 2.00 0.74

Explanation: 1 = Rank 1; 2 = Rank 2; 3 = Rank 3
*refers to the number of respondents that answered the question(s) 

StatisticsSmart application
& ranking regarding health 

aspects

Mean Median
Std. 
Deviation

*n = 44
Survey 2.92 3.00 0.77
Smartphone app 2.67 2,67 0.72
Room mounted sensors 1.27 1.00 0.56
Wearables 3.14 3.17 0.74

Explanation: 1 = Rank 1; 2 = Rank 2; 3 = Rank 3; 4 = Rank 4
*refers to the number of respondents that answered the question(s) about this item

StatisticsSmart application
& ranking regarding comfort 

aspects
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Appendix E 

In this appendix the utilized tests for the bivariate analysis are described. 

 

Chi-square  

The Chi-square test is a statistical test used to determine whether there is a significant rela-

tionship between two nominal variables (Ewens & Brumberg, 2023). It compares the ob-

served frequencies (or counts) in each category of a contingency table to the frequencies that 

would be expected if the variables were independent. The null hypothesis for a Chi-square 

test therefore assumes that there is no association between the variables and the variables are 

independent of each other.  

Several conditions must be met to use this test. To run a chi-square test the data of both 

the independent and the dependent variables must be categorical. The expected counts of 

each cell must be at least 1. No more than 20% of the expected counts must be below 5. If 

this condition is not met, the results of the test can be unreliable and should not be used. In 

that case, only a visual comparison of the histograms visualising the distribution of the an-

swers for the two variables is possible. However, these observations are of course not statisti-

cally significant. Other conditions include that the observations should be independent of 

each other. This means that each observation should contribute to only one cell in the contin-

gency table. Lastly, the data should be collected using a random sampling method to ensure 

that the sample is representative of the population. 

 

Mann-Whitney U test  

The Mann-Whitney U test is a non-parametric test used to determine whether there is a sig-

nificant difference between the distributions of two independent groups (Ewens & Brumberg, 

2023). Therefore, the null hypothesis is that the distributions of the two groups are equal and 

that there are no differences between the groups. It is an alternative to the independent sam-

ples t-test when the assumptions of normality are not met. The Mann-Whitney U test is used 

if the dependent variable is measured on an ordinal or continuous level and if the independent 

variable consists of two categorical independent groups. The independence of observations is 

another pre-condition for the test and means that no relationships exist between the observa-

tions in each group or in between groups. By considering the mean rankings for each group, 

the effect that the different groups have can be seen.  
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Kruskal-Wallis H test 

Being another non-parametric test, the Kruskal-Wallis H test is used when the normality as-

sumption of the one-way ANOVA is not met (Ostertagová et al., 2014). It is essentially an 

extension of the Mann-Whitney U test to more than two groups for the nominal independent 

variable and an ordinal/continuous dependent variable. It is consequently tested whether there 

are statistically significant differences between the distributions of three or more independent 

groups. As such, the null hypothesis assumes that the distributions of the groups are equal 

and that there are no differences between the groups. Once again, the independence of groups 

is a pre-condition. The mean rank can be used to derive the effect that a group has. 

 

Spearman correlation  

The Spearman correlation is a non-parametric measure of the strength and direction of rela-

tionships between two ranked variables (Sedgwick, 2014). The null hypothesis consequently 

assumes no relationships between the two variables. These variables should be measured on 

an ordinal or continuous scale and do not need to be normally distributed. An important as-

sumption is that the relationship between the two variables should be monotonic, meaning 

that as one variable increases, the other variable either consistently increases or decreases. 

Moreover, each pair of observations should be independent. The strength and direction of the 

relationship can be determined by the correlation coefficient r (ranging from -1 to +1). 

 


