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• Most managers expect improvements for employee well-being and workplace design
• Bayesian models show associations of expectations and concerns with system support
• Privacy concerns are the main barrier to the adoption of mental workload monitoring
• Managers from Germany, the UK, and Spain differ in support for workload monitoring
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ABSTRACT
Although the objective assessment of mental workload has been a focus of human factors research, few
studies have investigated stakeholders’ attitudes towards its implementation in real workplaces. The
present study addresses this research gap by surveying N=702 managers in three European countries
(Germany, United Kingdom, Spain) about their expectations and concerns regarding sensor-based
monitoring of employee mental workload. The data confirm the relevance of expectations regarding
improvements of workplace design and employee well-being, as well as concerns about restrictions of
employees’ privacy and sovereignty, for the implementation of workload monitoring. Furthermore,
Bayesian regression models show that the examined expectations have a substantial positive associa-
tion with managers’ willingness to support workload monitoring in their company. Privacy concerns
are identified as a significant barrier to the acceptance of workload monitoring, both in terms of their
prevalence among managers and their strong negative relationship with monitoring support.

1. Introduction
Since its popularization in the late 1970s (Moray, 1979),

the construct ofmental workload has become one of themost
widely used constructs in human factors research (Young
et al., 2015). It is usually defined as the proportion of an
individual’s cognitive resources that must be expended to
perform a given task under specific environmental and oper-
ational conditions (e.g. Cain, 2007; Curry et al., 1979; Go-
pher and Donchin, 1986). In cases of mental overload or un-
derload, the individual’s ability to cope with task demands
is impaired, resulting e.g. in slower working speeds includ-
ing slower reactions to critical events and higher error rates
(Sharples and Megaw, 2015). The goal of designing a work-
place with the the employee’s mental workload in mind is,
thus, to prevent performance degradation due to overload or
underload potentially resulting in both a loss of productivity
and workplace safety as well as negative consequences for
the individual’s mental well-being such as increasing mental
fatigue (Fan and Smith, 2017; Grech et al., 2009) or mental
stress (Cinaz et al., 2013; Gaillard, 1993).

While the large body of research on factors influencing
mental workload in laboratory settings provides valuable in-
sights for workplace and system design, these approaches
typically fall short in capturing all relevant interdependen-
cies in the face of the multifaceted and dynamic nature of
real work environments that leads to constant fluctuations
of external demands and internal resources. Consequently,
an increasing amount of research strives for the application
of mental workload assessment in real workplaces enabling
monitoring employees’ workload. This would facilitate the
detection and prevention of inappropriate workload, espe-
cially in non-standardized and safety-critical work environ-
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ments (cf. van Acker et al., 2020a).
Although mental workload monitoring in real work en-

vironments is an ambitious goal, there are two main devel-
opments that can provide the basis for its realization. The
first one is the advancement in psychophysiological mea-
sures of mental workload. Beside performance-based mea-
sures and subjective rating scales, psychophysiological ap-
proaches have long been investigated as a proxy for mental
workload (Eggemeier et al., 1991). Their main strength is
that they can be applied continuously during task execution,
providing an objective assessment of the individual’s work-
load (Charles and Nixon, 2019). While early research fo-
cused on investigating the validity of these approaches and
their use in laboratory settings, a rising number of studies
evaluates their applicability in the field across a variety of in-
dustries (e.g. Fallahi et al., 2016; Kennedy-Metz et al., 2021;
Scannella et al., 2018; Szewczyk et al., 2020).

The second development is the deployment of internet
of things technology (IoT; Xia et al., 2012). IoT devices
combine embedded sensors and processing capacities with
strong interconnectivity enabling a distributed network of
devices. This developing digital infrastructure can be used
or extended to facilitate workload monitoring. For exam-
ple, wrist-worn wearables, which are introduced in construc-
tion to improve workplace safety (Ahn et al., 2019; Awolusi
et al., 2018; Barata and da Cunha, 2019), can measure com-
mon psychophysiological workload indices. Another indus-
try that records a steep increase in the utilization of IoT tech-
nology ismanufacturing (Qu et al., 2016; Zhang et al., 2016).
Although most research efforts are focused on using gath-
ered data on machines and technical processes, a current im-
petus is to extend this practice in line with the concept of
workload monitoring to the human factor in sociotechnical
production systems (Mertens et al., 2021).

Considering that major research efforts have been made
to develop methods for monitoring the mental workload of
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workers in real workplaces, there is surprisingly little re-
search on whether employers and employees would actually
support the introduction of such measures (cf. van Acker
et al., 2020a). Despite the aforementioned advantages, the
introduction of respective technologies in theworkplacemay
also have negative consequences that could outweigh the ben-
efits for relevant stakeholders. To address this research gap,
this study takes a closer look at potential expectations and
concerns towards employeeworkloadmonitoring frommem-
bers of the industry. Investigating stakeholder attitudes is es-
sential as they constitute important predictors of future be-
havior (Ajzen, 1991; Venkatesh and Davis, 2000). They will
therefore determine whether stakeholders will support or op-
pose the adoption of workload monitoring, shaping the sys-
tems’ potential for success.

2. Literature review
2.1. Objective mental workload assessment

The following section provides an overview of the cur-
rent state of research on objectiveworkload assessmentmeth-
ods that do not rely on subjective self-ratings and could en-
able continuous workload monitoring. Beside demonstrat-
ing the variety of approaches, the goal is to illustrate the
practical orientation of the corresponding research by focus-
ing on applications for different industries, highlighting im-
plementations in the field.

As introduced, most methods suitable for mental work-
load monitoring in practice are based on psychophysiologi-
cal measures. Among them, measures that assess workload
based on electrocardiac activity such as heart rate (HR) or
heart rate variability (HRV) are the most prevalent (Charles
and Nixon, 2019). In laboratory settings, they have been
used across a wide range of domains such as air traffic con-
trol (e.g. Kutilek et al., 2018;Metzger and Parasuraman, 2001;
Radüntz et al., 2020a), aviation (e.g. Grassmann et al., 2017;
Mansikka et al., 2016; Zheng et al., 2019), manufacturing
(Rajavenkatanarayanan et al., 2020), military (Matthews et al.,
2015), power plant operation (e.g. Gan et al., 2020; Gao
et al., 2013; Reinerman et al., 2020), police (Tiwari et al.,
2020), process control (Sauer et al., 2013), remote operation
(e.g. Durantin et al., 2014; Heard and Adams, 2019; Landi
et al., 2018) and ship navigation (Kitamura et al., 2016; Mu-
rai et al., 2008; Sugimoto et al., 2016).

In addition to these studies investigating the relationship
between electrocardiac activity and mental workload in the
laboratory, this approach also accounts for most research in
the fieldwith studies conducted in aviation (Noel et al., 2005;
Scannella et al., 2018; Wilson, 2002), agricultural operation
(Dey and Mann, 2010), city traffic control (Fallahi et al.,
2016), office work (Myrtek et al., 1999), surgery (Kennedy-
Metz et al., 2021) and train operation (Myrtek et al., 1994).
This collection of application domains is even further ex-
tended when also considering studies focusing on mental
stress (Gaillard, 1993) rather than workload.

In contrast to the plethora of research on electrocardiac
measures in applied settings, most other psychophysiologi-

cal measures are mainly studied in controlled environments.
This is the case for the second most reported approach, mea-
suring the electrical brain activity with electroencephalog-
raphy (EEG) to assess mental workload (Charles and Nixon,
2019). Although EEG based methods have been used in
domains such as air traffic control (e.g. Aricò et al., 2019;
Bernhardt et al., 2019; Radüntz et al., 2020b), aviation (e.g.
Blanco et al., 2018; Hebbar et al., 2021; Lee et al., 2020),
construction (Chen et al., 2016, 2017), manufacturing (Ar-
gyle et al., 2021), power plant operation (Reinerman-Jones
et al., 2016), remote operation (Durantin et al., 2014; Rojas
et al., 2020), ship handling (Liu et al., 2020) and software
development (Fritz et al., 2014), field studies have mostly
been limited to the field of aviation (Dehais et al., 2019; Noel
et al., 2005; Wilson, 2002).

A similar research focus can be observed for other com-
mon psychophysiological measures such as assessingmental
workload based on changes in electrodermal activity (EDA),
respiration rate or ocular measures which include variations
in pupil size as well as eye movements and blink behav-
ior (Charles and Nixon, 2019). Even though all of them
have long been investigated for a variety of application areas
(EDA: e.g. Kosch et al. 2019; Setz et al. 2009; Fritz et al.
2014 , respiration: e.g. Argyle et al. 2021; Ding et al. 2020;
Gan et al. 2020, ocular measures: e.g. Seeber and Kerzel
2012; Truschzinski et al. 2018; van Acker et al. 2020c), the
body of research in the field is still limited.

Beside these long established methods, there are also
some comparatively new approaches. One that has gained
interest in recent years is the workload assessment based on
speech characteristics (van Puyvelde et al., 2018). Previous
areas of application include air traffic control (Cosic et al.,
2019; Luig and Sontacchi, 2010), aviation (Heard et al., 2019;
Huttunen et al., 2011), military (Vukovic et al., 2019) as well
as urban search and rescue (Charfuelan and Kruijff, 2013).
As a final note, van Acker et al. (2020b) recently proposed a
video-based approach. Based on video recordings, they in-
vestigated whether the use of a behavioral coding scheme
to classify certain movements in an assembly tasks, such
as freezing or repetitions, can enable the identification of
mental overload. While moving away from psychophysi-
ology, this approach would also meet the demands of an
objective sensor-based assessment that could provide con-
tinuous workload monitoring when implemented with auto-
mated image analysis for behavioral coding.
2.2. Support in the workplace

As noted above, research that specifically examines the
support of workload monitoring by employers and employ-
ees is comparatively sparse. Although general technology
acceptance literature (e.g. Venkatesh et al., 2016; Venkatesh
and Davis, 2000) can provide initial guidance, it lacks the
consideration of the concrete opportunities and risks of this
specific technological development.

One area of research that can be drawn upon is the lit-
erature on employee monitoring and employee privacy (cf.
Bhave et al., 2020). If an employer oversteps the personal
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Table 1
Expectations and concerns about mental workload monitoring, adapted from Mettler and Wulf (2019).

Expectations Description

Well-Being Increased awareness of the negative effects of certain work practices on the health and
well-being of employees, allowing them to be better addressed

Working Conditions Better identification and correction of a poor adaptation of working conditions and tasks
to employees

Occupational Safety Earlier detection and prevention of occupational safety risks caused by employee overload
Behavioral Change Possibility of providing incentives for employees to change unhealthy work practices through

open communication of individual or group workload indicators

Concerns Description

Tech. Dependency Reduction of employees’ self-reliance and responsibility at work due to an increasing de-
pendence on technology

Data Sovereignty Interference with employees’ sovereignty over sensitive personal data by measuring their
mental workload

Performance Reviews Compromising the procedural fairness and situational adequacy of job performance reviews
Personal Freedom Limiting employees’ opportunities to pursue self-contained and innovative decisions at work

boundaries of an employee by collecting personal informa-
tion, the employee will perceive this action as an invasion
of privacy negatively impacting their morale (Bhave et al.,
2020). The risk of privacy invasions is particularly high with
any type of employeemonitoring which can become increas-
ingly prevalent with the introduction of sensor data-based
assistance systems such as the proposed workload monitor-
ing (Backhaus, 2019). In this context, Backhaus indicated in
his meta-analysis that employee monitoring leads to, among
other things, an increase in subjective stress and negative af-
fect as well as a decrease in job satisfaction and perceived
control.

Another relevant line of research investigates factors in-
fluencing the acceptance of IoT devices and, in particular, of
wearables in the workplace. Wearables as a reference have
the advantage that they are already becoming established in
workplaces and that they collect health data with a similar
criticality to individual workload. Further, they could indeed
be used to obtain workload indices such as HRV or EDA.
Surveying 1273 employed adults in the USA, Jacobs et al.
(2019) showed a focus on improvingworkplace safety, a pos-
itive safety climate, evidence for validity and involvement of
employees in the implementation process as most important
for wearable acceptance. Using a different approach, Schall
et al. (2018) asked 952 occupational safety and health profes-
sionals about their single biggest concern regarding the use
of wearables in the workplace. Employee privacy concerns
were stated most frequently, followed by concerns about em-
ployee compliance, sensor durability, cost-benefit ratio, and
distraction from work. Privacy concerns were also men-
tioned in two studies in the construction industry by Choi
et al. (2017) and Häikiö et al. (2020).

Similar hindrances to those mentioned have been dis-
cussed by e.g. Ahn et al. (2019), Awolusi et al. (2018),
Khakurel et al. (2018), as well as Nappi and de Campos
Ribeiro (2020). Based on their literature review, Mettler and
Wulf (2019) combined existing literature onwearable accep-

tance in the workplace into four major affordances and four
major constraints. Although initially developed for wear-
ables, these eight aspects, with minor revisions, provide a vi-
able basis for investigating expectations and concerns about
mental workload monitoring (s. Table 1).

Only few studies have specifically examined attitudes to-
wards mental state monitoring. In a small study by Brouwer
et al. (2018) on mental state monitoring in office environ-
ments, concernsmentioned by participants included privacy,
validity, and benefits compared to introspection. Further-
more, van Acker et al. (2020a) investigated how acceptance
ofmental workloadmonitoring is influenced by framing char-
acteristics in corporate communication.

Overall, the existing literature provides a sound basis for
potential expectations and concerns about monitoring tech-
nologies, with particular emphasis on the critical role of em-
ployee privacy. Whether these findings can be applied to
mental workload monitoring remains to be explored.
2.3. Research objective

There is a striking imbalance between the research effort
invested into mental workload monitoring and into the re-
quirements for its application in real workplaces. This study
aims to contribute to the latter research area by examining
the prevalence and role of expectations and concerns about
mental workload monitoring among managers. Managers
are a fitting target group as they will be (at least partially) re-
sponsible for deciding whether respective technologies will
be implemented in their company, and they have not been a
research focus in this area so far (cf. Schall et al., 2018). By
examining specific expectations and concerns about work-
load monitoring, it is possible to assess whether those iden-
tified for IoT devices in general are transferable, whether
aspects need to be added, and how these affect managers’
willingness to support the use of workload monitoring in
their companies. The study also considers the variety of ap-
proaches for objective sensor-based workload monitoring,
whereby the focus is not to identify a best solution but to
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Table 2
Scenarios of sensor-based mental workload monitoring systems included in this study.

System Description

Environ. sensors Environmental sensors that measure environmental conditions such as loudness, humidity, or
illumination to determine their effect on the employee’s mental workload

Wearable Wearables like fitness trackers that use physiological parameters, such as blood pressure or
heart rate, to determine the employee’s mental workload

Microphone Microphone-based systems that use voice characteristics, such as pitch or rate of speech, to
determine the employee’s mental workload

Camera Camera-based systems that use body posture or the occurrence of certain behaviors to de-
termine the employee’s mental workload

Eye-tracker Eye-tracker based systems that use eye parameters, such as pupil dilation or eye movement,
to determine the employee’s mental workload

examine the relevance of approach-specific concerns. The
main research questions are therefore:
RQ1: Which expectations and concerns do managers have

regarding sensor-based mental workload monitoring?
RQ2: Howdo these expectations and concerns relate toman-

agers’ willingness to support the use of sensor-based
mental workload monitoring in their company?

The research questions are examined using a sample of
managers from three different European countries. The sam-
ple is thus more diverse than in most previous studies in this
domain, opening up the possibility of also gaining prelimi-
nary insights into potential regional or cultural differences.

3. Methods
3.1. Sample

Participants were recruited from May 3rd to 31st, 2021.
The recruitment took place in three European countries: Ger-
many, the United Kingdom (UK), and Spain. The German
sample was planned as the main sample of the survey and
was targeted to account for two-thirds of the total sample.
Participants were contacted via a survey panel provider that
accessed a random sample of panel members who met the
inclusion criteria for the survey. Inclusion criteria required
respondents to be at least 18 years of age and to be em-
ployed full or part time as managing directors, middle man-
agers, employees from the strategy department or heads of
the training department in companies with at least five em-
ployees. Only responses of participants who completed the
survey to the endwere accepted. Respondents receivedmon-
etary compensation for their participation.

To ensure sufficient data quality for the following analy-
sis, the data collection was followed by a multi-step screen-
ing of the obtained responses. First, participants with im-
plausible completion times were excluded, using the relative
speed index suggested by Leiner (2019) with a lenient cut-off
of 2.0 as criterion. Second, an attention check item ("I am
currently filling out a questionnaire.") was included which
participants had to pass (Shamon and Berning, 2020). Third,
answers were screened for "straightlining" and, finally, an-
swers to open-ended questions were checked for signs of au-

tomated or disingenuous responses (standard responses not
related to the subject of the questionnaire).
3.2. Questionnaire

After an introductory sectionwhich captured participants’
demographics, their form of employment, and information
about their company, participants were introduced to the con-
cept of sensor-based monitoring of employees’ mental work-
load. For this purpose, participants were given descriptions
of five scenarios of workload monitoring systems which are
presented in Table 2. The scenarios which are defined by
sensor-type were selected to group existing approaches in a
way meaningful to the participants and to enable the investi-
gation of the impact of scenario-specific concerns on partici-
pants’ support of the respective system. For the latter reason,
simple environmental sensors were included as a reference
scenario. Since environmental conditions, such as loudness,
temperature, or illumination, affect humans’ capacities to
perform cognitive tasks (e.g. Banbury et al., 2001; Banbury
and Berry, 2005; Mills et al., 2007; Lan et al., 2010), mon-
itoring them would facilitate the prevention of negative im-
pacts on mental workload. However, they would not allow
an assessment of individual workload or collect other per-
sonalized data, making them a less concerning reference.
The four remaining scenarios were wearables, microphones,
cameras and eye-trackers, whereby multiple psychophysio-
logical approaches like HRV, EDA or lightweight EEG sys-
tems can be subsumed under the wearables scenario.

In line with the study by Schall et al. (2018), participants
could indicate their single biggest concern about the use or
the individual systems in their company. Subsequently, par-
ticipants rated the five scenarios according to three prede-
termined concerns, namely invasion of employees’ privacy,
distraction of employees from their work and a lack of em-
ployee compliance, on 5-point ordinal scales (strongly dis-
agree to strongly agree) respectively. The three concerns
were selected based on the results of Schall et al. (2018) as
the most prevalent concerns among occupational safety and
health professionals which could differentiate the scenarios
based on the current knowledge of the participants. Partici-
pants then assessed sensor-based mental workload monitor-
ing in general based on the four expectations and four con-
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Figure 1: Distributions of sample characteristics: (a) participant’s age, (b) participant’s education (NOT: No occupational
training, OT: Occupational-school training, DE: Dual education, CST: Civil service training, CEG: University of cooperative
education graduate, TEG: Technical college graduate, UG: University graduate), (c) annual revenue of the company (NR: Not
reported), (d) number of company employees and (e) industry of the company following the NACE (European Commision, 2006).

cerns adapted from the literature review of Mettler andWulf
(2019). Finally, participants were asked for each scenario
whether they would support the use of workload monitoring
in their company, using 4-point ordinal scales (no, rather no,
rather yes, yes).

The described questionnaire was part of a larger survey
concerning the digitalizationwithin participants’ companies.
Participants received the questionnaire in the main language
of their country.
3.3. Data analysis

To address research question two and investigate the re-
lationship betweenmanagers’ expectations and concerns and
them supporting the application of mental workload moni-
toring systems, we used Bayesian regression modeling (for
introductions see e.g. Kruschke, 2015; McElreath, 2020). In
a Bayesian model, existing knowledge, which is specified in
form of prior probability distributions for the model param-
eters, is combined with the obtained insights from observed
data to update the knowledge resulting in a joint posterior
probability distributions for model parameter values. The
posterior can then be used for statistical inference, e.g. by
estimating the central tendency and spread of the marginal
posterior distribution for individual parameters (for a sum-
mary of the advantages of Bayesian inference compared to
traditional approaches see e.g. Kruschke and Liddell, 2018;
Wagenmakers et al., 2018).

Bayesian linear regression models were fitted with the R
package brms (Bürkner, 2017, 2018) which provides an in-
terface to the probabilistic programming language Stan (Car-
penter et al., 2017) applying the No-U-Turn Sampler, an ex-
tension to Hamiltonian Monte Carlo (Hoffman and Gelman,
2014). brms also provides specific features for handling rel-
evant characteristics of the collected data. First, support for
monitoring systems as the outcome variable was assessed on
an ordinal scale (cf. Liddell and Kruschke, 2018). Thus, an
ordinal regression approach was chosen using a cumulative
likelihood and a logit link function to model responses as
categorization of a latent continuous variable into K+1 or-
dered response categories, separated by K thresholds on the
latent scale (Bürkner and Vuorre, 2019).

Second, expectations and concerns as model predictors
were also ordinal. These were modelled as monotonic ef-
fects constraining the effect for each transition between ad-
jacent response categories to have the same direction but al-
lowing the transitions to account for different proportions of
the total predictor effect (Bürkner and Charpentier, 2020).
Third, multiple responses were collected per participant and
per scenario requiring a multilevel model structure. Ob-
servations were, therefore, cross-classified modelling differ-
ences in average support levels between participants and be-
tween systems.

The following priors were set with the goal of ruling out
unreasonable parameter values without biasing the estima-
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Table 3
Absolute Frequency of single biggest concern types per monitoring system.

Priv. Comp. Dura. Co./Be. Dist. Go.Ma. Vali. He.Ri. Saef. Usef. Other

Environ. sensors 49 3 0 6 1 1 5 1 5 4 11
Wearable 84 8 1 5 3 1 1 0 3 7 11
Microphone 112 6 0 3 0 0 3 0 3 4 15
Camera 155 7 0 3 1 3 2 0 8 2 8
Eye-tracker 100 6 0 5 1 0 4 1 5 11 15

Overall 500 30 1 22 6 5 15 2 24 28 60

Note: Priv.: Privacy concerns, Comp.: Employee compliance, Dura.: Sensor durability, Co./Be.: Cost/benefit
ratio, Dist.: Distraction from work , Go.Ma.: Good manufacturing practice, Vali.: Validity, He.Ri.: Health risks for
employees, Safe.: Safe electronics, Usef.: Usefulness.

Table 4
Descriptive statistics per monitoring system. Means and SDs for the system specific concerns (5-point scales) and
system support (4-point scale) as well as the relative frequencies of binned support and stated single biggest concerns.

System
Compliance
Mean (SD)

Distraction
Mean (SD)

Privacy
Mean (SD)

Support
Mean (SD)

Support
Frequency

Concerns
Frequency

Environ. sensors 3.23 (1.12) 3.06 (1.16) 3.37 (1.20) 3.01 (0.88) 78% 12%
Wearable 3.27 (1.14) 3.33 (1.10) 3.51 (1.16) 2.61 (1.00) 58% 18%
Microphone 3.41 (1.14) 3.42 (1.16) 3.78 (1.19) 2.38 (1.02) 47% 21%
Camera 3.45 (1.10) 3.47 (1.11) 3.96 (1.12) 2.42 (1.01) 47% 27%
Eye-tracker 3.37 (1.10) 3.44 (1.11) 3.64 (1.14) 2.38 (0.99) 46% 21%

Overall 3.34 (1.12) 3.35 (1.14) 3.65 (1.18) 2.56 (1.01) 55% 20%

tion of reasonable values: Normal priors (µ=0, σ=2) for
the regression slopes, Student’s t priors (ν=3, µ=0, σ=10)
for the threshold parameters of the ordinal outcome variable,
non-negative Student’s t priors (ν=3, µ=0, σ=2.5) for the
varying intercepts , andDirichlet priors (α=1) formodelling
the structure of the monotonic effects. The adequacy of the
implemented priors was also assessed via prior predictive
checks (Gabry et al., 2019).

The posteriors of each model were sampled using four
Markov chains, each with 2500 iterations before and 5000
iterations after warm-up. Beside diagnostics for model con-
vergence, model adequacy was checked using posterior pre-
dictive checks (Gabry et al., 2019) and models were com-
pared via Pareto-smoothed importance sampling leave-one-
out cross validation (PSIS-LOO-CV; Vehtari et al., 2017).
PSIS-LOO-CV is used to provide an estimate for the ex-
pected log pointwise predictive density (elpd) of the model,
whereby differences in model elpd can be interpreted in re-
lation to the standard error (SE) of the difference.

For model interpretation, we report the medians of the
marginal posterior densities as indicator of effectmagnitudes
and 95%Bayesian credible intervals (CI) for the precision of
the estimate. For thosemore accustomed to the frequentist p-
value, the probability of direction (pd) is also reported which
describes the proportion of the posterior distribution that has
the same sign as the median (Makowski et al., 2019b). In
other words, pd specifies the probability that an effect is
strictly positive/negative. Common thresholds for p-values
(0.05, 0.01, 0.001) can be easilymapped to pd-values (97.5%,

99.5%, 99.95%; Makowski et al., 2019a).

4. Results
4.1. Sample characteristics

A total of 1183 complete responses were collected that
met the inclusion criteria. Of those, 148 cases were removed
due to exceeding the specified cut-off for the relative speed
index and 159 additional cases for failing the included atten-
tion check. 132 responses were excluded for straightlining
and, finally, 42 were removed based on screening open an-
swers for automated or disingenuous responses. Thus, the
final sample size for further analysis was N =702, which
splits into nGER =472, nUK =98, and nSPA =132 for the
subsamples. Among the participants are 233 women (33%),
468 men (67%) and one participant identifying as divers.
225 participants work as managing directors (32%), 376 as
middle managers (54%) and 134 as heads of training de-
partments (19%), whereby 31 participants indicated two of
those positions and one participant indicated all three. Fur-
ther characteristics of the sample are depicted in Figure 1.
4.2. Expectations and Concerns (RQ1)

The following summary of results is based on the full
sample. Separate versions of all tables and figures for the
subsamples are included in supplementary materials.

To begin with, we analyzed participants’ open responses
to their single biggest concern regarding workload monitor-
ing systems (s. Table 3). The clustering of the responses
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Figure 2: Distributions of participants’ ratings of the investigated system specific concerns towards sensor-based mental workload
monitoring. The color gradient depicts the relative frequency of binned system support across all five systems for the participants
who gave the respective rating for the particular concern, with darker values corresponding to higher frequencies of support.
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Figure 3: Distributions of participants’ ratings of the investigated general expectations (top row) and concerns (bottom row)
towards sensor-based mental workload monitoring. The color gradient depicts the relative frequency of binned system support
across all five systems for the participants who gave the respective rating for the particular expectation/concern, with darker
values corresponding to higher frequencies of support.

was based on the categories identified by Schall et al. (2018)
to improve comparability with existing research. The qual-
itative analysis reveals invasions of employees’ privacy as
the main concern about workload monitoring systems, as it
accounts for 72% of all stated concerns with 500 respec-
tive responses. In contrast, no other concern type makes up
more than 30 responses. Focusing on privacy concerns, the
camera scenario yields the highest frequencywith 38%more

corresponding responses than the microphone scenario, the
second scenario in this regard.

Continuingwith the quantitative results, Table 4 presents
descriptive statistics for the scenario-specific concerns. All
three assessed system-specific concerns yield a global mean
above the neutral response value of 3, indicating empirical
support for their relevance, with privacy invasion again be-
ing the most prominent. Furthermore, the binned willing-
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Table 5
Posterior median, 95% CI and pd (> 97.5% in bold) for all
population-level effects of the final Bayesian regression model
with Germany as the reference category for the sample variable.

Median 95% CI pd

Sample
UK 0.916 0.413 1.406 100.00%
Spain 0.523 0.089 0.955 98.93%
General Expectations
Well-Being 0.260 0.061 0.500 99.57%
Working Conditions 0.374 0.177 0.598 99.99%
Occupational Safety 0.389 0.199 0.637 100.00%
Behavioral Change 0.387 0.150 0.683 99.98%
General Concerns
Technology Dependency 0.248 0.051 0.414 98.86%
Data Sovereignty -0.243 -0.441 -0.074 99.77%
Performance Reviews 0.204 0.009 0.444 97.91%
Personal Freedom -0.162 -0.372 0.076 91.76%
System-specific Concerns
Compliance -0.107 -0.253 0.024 94.31%
Distraction -0.259 -0.399 -0.134 100.00%
Privacy -0.562 -0.696 -0.443 100.00%

ness to support the use of monitoring systems in the own
company (no, rather no vs. rather yes, yes) shows that the
application of respective systems is supported in just above
half of the assessments (55%). Comparing the scenarios,
the reference scenario of environmental sensors leads to the
least amount of responses addressing participants’ biggest
concern about using the system and yields the lowest values
across all three selected concerns. Whereas the wearable
scenario follows second to the environmental sensors, the
camera scenario shows the most negative responses with the
highest frequency of stated biggest concerns and the highest
levels across all three concern types.

Figure 2 and Figure 3 show the ordinal response distribu-
tions for system-specific concerns as well as general expec-
tations and concerns towards workload monitoring, respec-
tively. Similar to the system-specific concerns, the relevance
of the investigated general expectations is supported by the
data since all expectations are shared by the majority of par-
ticipants. There are no apparent variations in responses com-
paring the four expectations. In contrast, the investigated
general concerns show some differences although in all four
cases more participants share the concern than do not. While
slightly less than half of the sample (48%) share the con-
cern that mental workload monitoring would interfere with
performance reviews, about two thirds of participants (65%)
perceiveworkloadmonitoring as an infringement of employ-
ees’ data sovereignty.
4.3. Associations with system support (RQ2)

The color gradient in Figure 2 and Figure 3 provides a
first look at the associations between the investigated expec-
tations and concerns and participants’ support for applying
sensor-based mental workload monitoring in their company.
The color gradient depicts the relative frequency of the par-
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Figure 4: Marginal posterior densities for all population-level
effects of the final Bayesian regression model with Germany as
the reference category for the sample variable. Point-intervals
depict the posterior median as well as 66% and 95% CI.

ticipants who selected the respective response for the partic-
ular expectation/concern that would support the use of work-
load monitoring systems. For system-specific concerns, the
color gradient shows a close to monotonic decrease of sup-
port among participants with increasing intensity of the re-
spective concern. The most pronounced drop in support ex-
ists for those who are highly concerned about privacy inva-
sions. A similar pattern can be seen for all four general ex-
pectations which yield strict monotonic increases in support
with increasing expectation intensity. Conversely, the rela-
tionship between the general concerns and workload moni-
toring support seem less clear.

To examine the associations, we used Bayesian regres-
sion modelling as described in Section 3.3. To begin with, a
baseline model for predicting system support was set-up in-
cluding only the varying intercepts for participants and sce-
narios as well as a categorical predictor specifying the cor-
responding subsample with Germany as reference. Subse-
quently, the model was successively extended by first adding
monotonic effects for general expectations and concerns and
then for system-specific concerns. This order for model ex-
pansion was chosen since the decision whether mental work-
load monitoring is used has to proceed the decision for a
specific monitoring system. Comparing the models using
PSIS-LOO-CV elpd estimates shows that the model fit is
improved by both adding general expectations and concerns
(Δelpd=15.2, SE=6.4) as well as system-specific concerns
(Δelpd=138.9, SE=20.8). Therefore, the estimates of the
population-level effects are reported for the full model (s.
Table 5 and Figure 4). Estimates are on the scale of the stan-
dardized latent variable which was modelled as the basis of
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the ordinal system support responses.
First of all, the analysis shows significant differences be-

tween the subsamples (pds larger 97.5%) which are not ex-
plained through the investigated expectations and concerns.
Both the UK and the Spain subsample show higher levels
of support than the German subsample. The precision of
the estimates is comparatively low due to the small sample
sizes of these two groups. Moving on to general expecta-
tions, all four yield significant positive associations with par-
ticipants’ support for workload monitoring systems (all pds
larger 99.5%). In contrast, among the general concerns only
the infringement of employees’ data sovereignty shows the
expected significant negative relationship with system sup-
port (pd=99.77%). Whereas the results for restricting em-
ployees’ personal freedom are not conclusive (pd=91.76%),
interference with performance reviews and increase in tech-
nology dependency actually yield significant positive asso-
ciations with system support (both pds larger 97.5%). Fi-
nally, the system-specific concerns privacy invasion and dis-
traction show significant negative relationships with system
support (both pds = 100%), whereas the negative association
of employee compliance concerns is not conclusively sup-
ported by the data (pd=94.31%). Consistent with the de-
scriptive analysis, the concern about invasion of employee
privacy is the strongest predictor in the model among all the
concerns and expectations examined.

5. Discussion
Themonitoring of employees’ mental workload has been

a focus of human factors research over the past decades. Nev-
ertheless, our understanding of the factors influencing em-
ployers’ and employees’ decision to support its implementa-
tion is highly limited. Therefore, the conducted study inves-
tigatedwhich expectations and concerns are prevalent among
managers and how they relate to the managers’ willingness
to support workload monitoring in their company.

Starting with general expectations towards mental work-
load monitoring, all four expectations which were adapted
from the literature review on wearables by Mettler and Wulf
(2019) were shared by the majority of the sample. These re-
sults are promising as they suggest that a relevant proportion
ofmanagers recognize the benefits that workloadmonitoring
can provide. Even more importantly, all four expectations
are significantly positively related to managers’ support for
workload monitoring. This highlights the four objectives as
appropriate for demonstrating the validity of workload mon-
itoring to increase support among corporate decision mak-
ers. By stressing the importance of the expected benefits for
system acceptance, the results are in line with existing litera-
ture both in regard to technology deployment in general (e.g.
Venkatesh et al., 2016; Venkatesh and Davis, 2000) and to
the introduction of IoT devices in specific (e.g. Choi et al.,
2017; Jacobs et al., 2019; Princi and Krämer, 2019; Yassaee
and Mettler, 2019).

In contrast to the general expectations, participants’ as-
sessments differed to some extent among the four general

concerns, with infringement of employee data sovereignty
being the most prominent concern. Crucially, the conducted
inferential analysis showed that the two concerns of increased
technology dependency and interference with performance
reviews are in fact positively related with system support.
Especially the latter raises concerns about a potential dual
use of the workload monitoring data when considering the
occupational background of the sample. Although the in-
tended effect of workload monitoring is to improve working
conditions for employees to promote their safety, well-being,
and performance, the data could also be used to make con-
sequential judgments about employees’ performance capac-
ity or stress tolerance (Maltseva, 2020). Effective policies
are needed to ensure that promoting employee well-being
does not take a back seat to rigorously increasing organiza-
tional productivity by using the data to cut or swap personnel
(McAleenan et al., 2019).

Regarding system-specific concerns, the negative associ-
ations of privacy and distraction concerns with system sup-
port were demonstrated. One of the main findings of this
study is themajor role of privacy concerns, as it was themost
prevalent concern in quantitative ratings, by far the most fre-
quent concern in open responses and showed the strongest
associationwith system support. Even though the role of pri-
vacy for the acceptance of IoT devices has been previously
discussed (e.g. Ahn et al., 2019; Häikiö et al., 2020; Reid
et al., 2017; Schall et al., 2018; Yassaee and Mettler, 2019),
the estimated extend of this relationship exceeds common re-
ports in the literature highlighting the potential sensitivity of
workload data as well as the intrusiveness of sensor-systems
such as cameras and microphones.

The problematic nature of individual information pri-
vacy is exacerbated in workplaces as there is an inherent
power imbalance between employers and employees with
employers deciding whether new technological solutions are
deployed (cf. Princi and Krämer, 2019; van Acker et al.,
2020a). This is also one reason why workload monitoring
will face legal difficulties due to European privacy legisla-
tion since it is questionable whether workers can give suf-
ficient consent (Collins and Marassi, 2021). Thus, imple-
menting mental workload monitoring will require privacy
protectionmeasures such as data anonymization and limiting
data accessibility finding a balance between obtaining the in-
tended benefits and preventing opportunities for abuse. It is
important that employees do not perceive the workload as-
sessment as a loss of control over personal data (Chen et al.,
2013) and that sufficient trust is established in the employer’s
data processing practices (Chang et al., 2015).

Considering employees’ privacy will also play a role in
identifying mental workload measures that are appropriate
for real-world application. As was expected, the presented
monitoring systems differed in their assessments regarding
privacy with cameras, microphones and eye-trackers evok-
ing themost concerns. Therefore, respectivemeasureswould
need to provide substantial performance benefits over phys-
iological methods to warrant their application. Interestingly,
even the environmental sensor scenario receivedmedium rat-
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ings in regard to privacy. This could be because they were
presented in the context of mental workload monitoring or
because they are actually more concerning than one might
expect. For example, collecting data on employees’ poten-
tial exposure to dangerous substances over time may be con-
sidered sensitive health data (Le Feber et al., 2021).

Finally, the Bayesian regression model showed signif-
icant differences in support for workload monitoring sys-
tems between participants from different countries that were
not explained by the studied expectations and concerns. Al-
though a generalization of this observation should be made
cautiously due to the small size of the subsamples, the mag-
nitudes of the estimated effects provide a promising basis for
future research efforts. Researchers should examine which
regional and cultural differences can explain these differ-
ences in support and also expend the investigation to other
regions of the world.
5.1. Limitations and Future Research

There are some limitations of the conducted study that
must be considered when interpreting the obtained results.
First, regarding its scope, the study examined only the per-
spective of one stakeholder group. However, other stake-
holders, particularly employees, must also agree to work-
load monitoring in order to achieve the expected outcomes.
Moreover, the focus was on expectations and concerns about
the core concept of workload monitoring leaving out other
relevant requirements for monitoring systems such as cost,
measurement accuracy or sensor durability.

Second, regarding the applied methods, the variables in-
cluded in the regression analysis were not assessed using
comprehensive scales but single items. Consequently, the
estimated relationship can be interpretedmore conservatively
as the association between participants’ manifest responses
rather than between latent beliefs. Furthermore, for most of
the managers, the study probably represented their first ex-
posure to the issue of workload monitoring. This practice
makes it more difficult for participants as they evaluate po-
tential rather than real systems. This might have led to some
level of acquiescence as participants may have lacked do-
main knowledge and specific interest (McClendon, 1991).
That said, acquiescence is less likely in a European sample
(Smith, 2004) with a high education level (Meisenberg and
Williams, 2008; Rammstedt et al., 2010) questioned in an
online survey format (Weijters et al., 2008).

Beside the limitations specific to this study, there is a
need for more research examining mental workload moni-
toring in real workplaces. This would not only enable the in-
vestigation of the real-world applicability of methods devel-
oped in controlled environments and addressing correspond-
ing challenges (Alberdi et al., 2016; Can et al., 2019), but it
would also improve the foundation for analyzing stakehold-
ers’ attitudes towards such systems. Finally, it could be the
basis for needed long-term studies investigating how opin-
ions about workload monitoring change over time of system
use (e.g. Gorm and Shklovski, 2016).

6. Conclusion
The presented study is one of the first to examine the ex-

pectations and concerns of relevant stakeholders’ regarding
the implementation of sensor-based mental workload mon-
itoring. The four concrete expectations of increased aware-
ness for employeewell-being, improvements of working con-
ditions, detection of occupational safety risks, and potentials
for incentivizing behavioral change were demonstrated as
strongly associated with managers’ willingness to support
workload monitoring in their company. In contrast, the con-
cerns examined differed in their relationship with monitor-
ing support, whereby the risk of invading employee privacy
emerged as the strongest impediment to managerial support
for workload monitoring.
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