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Abstract
This paper provides the first causal evidence on how Artificial Intelligence (AI)-based 
workplace safety systems shape perceived job quality. I conducted a pre-registered 
vignette experiment with a nationally representative sample of 2,172 Dutch adults who 
evaluated otherwise identical workplaces introducing one of three safety systems: i) human 
supervisors, ii) AI-only monitoring, or iii) hybrid AI-human supervision. Compared with 
human supervision, both AI-only and hybrid systems reduced perceived job satisfaction, 
work meaningfulness, and perceived social value of the job. Contrary to expectations, 
combining AI with human supervisors did not mitigate these negative effects. Respondents 
also viewed AI-based systems as less respectful of workers’ privacy and dignity, despite 
viewing them as effective as human supervisors. Perceived fair wages changed little 
across conditions. These findings suggest that AI can influence work not only by improving 
safety but also by reducing important non-pecuniary dimensions of job quality, highlighting 
that the welfare consequences of workplace AI extend beyond productivity and accident 
prevention.
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1. IntroducHon 
 

ArHficial Intelligence (AI) is an ever-evolving technological fronHer (Berente et al., 2021), 
with the capability to process large volumes of data, recognize paPerns, and generate real-Hme 
insights. In the occupaHonal health and safety domain, AI comprises data-driven systems that 
perform pattern recognition tasks, enabling prediction, assessment, and recommendations to 
reduce accidents and improve safety.  

 
AI can be especially effecHve in detecHng workplace hazards, monitoring the correct use 

of protecHve gear and equipment, and predicHng accident rates (La Torre et al., 2026). Machine-
learning-based systems are parHcularly good at analyzing historical accident data and discovering 
trends that can help prevent further accidents. AI programs can idenHfy and assess exposure to 
hazardous gases and substances, and detect equipment malfuncHons that human observers may 
miss (El-Helaly, 2024). Similarly, deep learning techniques help opHmize the design of personal 
protecHve equipment (PPE) (La Torre et al., 2026). For example, wearable devices equipped with 
AI, such as smart helmets, monitor vital signs, steps taken, faHgue levels, and can detect harmful 
gases or dangerous working condiHons (El-Helaly, 2024). In many hazardous occupaHons, 
including agriculture, construcHon, and mining, smart PPE augments tradiHonal protecHve 
equipment with embedded electronics and AI capabiliHes that support real-Hme monitoring and 
risk prevenHon (El-Helaly, 2024). AI systems can also use voice recogniHon and natural language 
processing to detect risks related to workplace violence and harassment (El-Helaly, 2024).  

 
Yet, in collecHng and processing this informaHon, the use of AI systems also raises 

concerns about privacy and security, surveillance, and workers’ loss of autonomy (Probst et al., 
2026). AI systems have algorithmic biases due to how they are trained, which can raise concerns 
about discriminaHon and unfair treatment in the workplace. In many seongs, workplace 
interacHons are complex, raising quesHons about the sufficiency of AI capabiliHes to handle these 
complexiHes, the likelihood of errors, and how much AI systems should be trusted (La Torre et al., 
2026). Like other automaHon technologies, AI safety systems also may induce fear of job 
displacement (Küsters & Schneider, 2025; Mokyr et al., 2015) and discourage safety professionals 
from conHnuing to invest in their skills (El-Helaly, 2024). In most workplace seongs, AI safety 
systems do not operate independently but rather serve a supportive role by examining accident 
reports, generating risk assessments, and monitoring the proper use of protecHve equipment (La 
Torre et al., 2026). The prospect of full decision automaHon and deployment of AI systems is 
increasing, as these systems become more sophisHcated.  

 
Against this backdrop, evidence on the impact of AI on workplace health and safety and 

worker well-being remains very limited (De Simone, 2026; Jetha et al., 2025; Toole et al., 2025). 
Yet, worker well-being is important for employers and the economy, because it correlates with 
producHvity, effort, health, and turnover (Cassar & Meier, 2018; Clark et al., 2012; Clark, 2001; 
Cnossen & Nikolova, 2025; De Neve et al., 2013; Nikolova & de Wit, 2026).  

 
Against this backdrop, the majority of scienHfic work on technological change and worker 

health and safety has focused on industrial robots. Specifically, robots reduce workplace injuries 
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through reducing physical strain (De Simone et al., 2025; Gihleb et al., 2022; Gunadi & Ryu, 2021). 
Industrial robots also increase psychosocial risks through increased job insecurity (Schwabe & 
Castellacci, 2020), increased monotonous work (Nikolova et al., 2025), and worsened mental 
health (Abeliansky et al., 2024). Industrial robots have also reduced the meaningfulness and 
autonomy of European workers (Nikolova et al., 2024).  

 
The limited available evidence from naHonally representaHve studies in Finland and 

Germany suggests that AI does not yet have large impacts on workplace well-being (Bryson et al., 
2026; Giuntella et al., 2025). Giuntella et al. (2025) also show that AI may lead to a lower physical 
burden and small improvements in health saHsfacHon in Germany (Giuntella et al., 2025). Finally, 
using survey data from nearly 5,000 UK employees, Soffia et al. (2024) find that exposure to AI 
souware is associated with greater perceived salary progression, career prospects, autonomy, 
and work meaningfulness, but also with increased job insecurity.  

 
Yet exisHng studies provide no causal evidence on whether introducing AI into health and 

safety systems changes percepHons of job saHsfacHon and work meaningfulness. To shed light on 
this quesHon, I present the first causal evidence from a vignePe experiment. Using data from a 
naHonally representaHve sample of 2,172 Dutch adults, I find that respondents perceive AI-based 
workplace safety systems as reducing several dimensions of job quality relaHve to tradiHonal 
human supervision. Compared with human safety supervisors, fully AI-based systems lower 
perceived job saHsfacHon by 0.15 standard deviaHons, work meaningfulness by 0.11 standard 
deviaHons, and the perceived social value of the job by 0.10 standard deviaHons. Hybrid systems 
that combine AI and human supervisors produce nearly idenHcal effects, reducing job saHsfacHon 
by 0.12 standard deviaHons, meaningfulness by 0.11 standard deviaHons, and social value by 0.10 
standard deviaHons. By contrast, the effects on what the perceived fair wages that workers should 
receive for working on this job are small and inconsistent. Beyond job quality, respondents also 
perceive AI-only and hybrid safety systems as equally effecHve in improving health and safety but 
less respecdul of workers’ privacy and dignity than tradiHonal human supervision. Overall, the 
findings suggest that while AI has a promising role in improving health and safety in the future, 
workers perceive AI-enabled monitoring systems as diminishing important non-pecuniary aspects 
of work, including saHsfacHon, meaning, and the job’s societal value. 

 
The Netherlands provides an informaHve seong for studying the work well-being 

implicaHons of AI-based workplace safety systems because it combines relaHvely high levels of 
workplace safety1 with comparaHvely high rates of AI adopHon. Recent evidence indicates that 
more than one-third of Dutch workers use generaHve AI at work, placing the Netherlands among 
the leading adopters in Europe (Bick et al., 2026). At the same Hme, data from the 2023 World 
Risk Poll show that workplace risks remain relevant in the Netherlands. Figure 1 shows that 27% 
of Dutch workers report being worried that their work could cause serious harm, while 8% report 

 
1 The Netherlands had one of the lowest rates of fatal workplace accidents in the EU in 2023, with fewer than one 
fatal accident per 100,000 employees. By contrast, its incidence of non-fatal workplace accidents ranked around the 
middle of the EU distribuBon. In 2023, the Netherlands reported nearly 85,000 non-fatal workplace accidents, 
corresponding to roughly 1,000 accidents per 100,000 workers. 
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having personally experienced serious workplace harm during the previous two years. Although 
these figures are substanHally lower than the corresponding global averages (LRF, 2024), they 
suggest that workplace safety remains an important concern even in a relaHvely safe and 
technologically advanced labor market. 

 
 
Figure 1: Workplace health and safety in the Netherlands 

 
Notes: Author’s calculaBons based on the World Risk Poll (2024). The figure reports weighted shares for respondents 
in the labor force, defined as individuals who are employed or unemployed. 

 
This paper contributes to the emerging literature on AI and workplace well-being by 

providing the first causal evidence on how AI-based workplace safety systems affect percepHons 
of job quality. The findings have important implicaHons for the future design of workplace 
technologies. Discussions of AI in occupaHonal health and safety ouen focus on efficiency gains 
and accident prevenHon (Toole et al., 2025). However, jobs provide not only income but also 
meaning, saHsfacHon, and a sense of social contribuHon (Cassar & Meier, 2018; Cnossen & 
Nikolova, 2025; Hendriks & Cnossen, 2026; Nikolova & Cnossen, 2020; Rosso et al., 2010). 
Understanding whether AI-based monitoring systems alter these non-pecuniary aspects of work 
is therefore essenHal for evaluaHng the broader welfare consequences of workplace automaHon. 

 
2. Conceptual Framework and Hypotheses 

 
This paper studies how the method of being supervised and monitored for health and 

safety reasons influences percepHons of job quality in terms of work meaningfulness, job 
saHsfacHon, the societal purpose of the job, and the appropriate or “fair” wages that workers 
deserve.  
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2.1. Defining Work Meaningfulness, Societal Purpose, Job SaHsfacHon, and Fair Wages 
 
Meaningful work refers to the extent to which individuals perceive their work as 

significant, worthwhile, and contribuHng to a broader personal or societal purpose (Cnossen & 
Nikolova, 2025; Hendriks & Cnossen, 2026; Nikolova & Cnossen, 2020; Rosso et al., 2010). Work 
meaningfulness depends on the extent to which individuals can saHsfy their innate psychological 
needs from working, namely competence (i.e., the feeling of mastery and applying one’s own 
skills), autonomy (i.e., having agency and a sense of control over one’s work), and relatedness 
(i.e., the relaHonships with clients, co-workers, and superiors). Together, these factors explain 
60% of the variaHon in work meaningfulness, with relatedness being the most important one 
(Nikolova & Cnossen, 2020). Work meaningfulness can be an important determinant of labor 
supply (Ariely et al., 2008; Cassar & Meier, 2018; Non et al., 2022), effort (Cnossen & Nikolova, 
2025), and later reHrement and training parHcipaHon (Nikolova & Cnossen, 2020).2  

 
Some studies disHnguish between work meaningfulness arising from societal and non-

social impact (Burbano et al., 2024). Societal impact refers to the job’s contribuHons to society 
and community more generally, such as working in healthcare, protecHng the environment, or 
working with underprivileged groups, among others. The prosocial mission of an organizaHon, 
such as a public organizaHon or a nonprofit, also maPers to workers (Burbano et al., 2024; 
Burbano, 2016; Cassar & Meier, 2018; Non et al., 2022). In fact, several papers on work 
meaningfulness define and measure it solely in terms of its pro-social impact and societal 
usefulness (Dur & Van Lent, 2019; Kesternich et al., 2021; Schouwer et al., 2025). The non-social 
impact related to work meaningfulness, furthermore, concerns personal significance, pride, and 
the degree to which work saHsfies the innate needs for autonomy, competence, and relatedness 
(Burbano et al., 2024).  
 

In principle, a job need not have societal significance to be meaningful (Burbano et al., 
2024; Hendriks & Cnossen, 2026; Rosso et al., 2010). This is why in this paper, I treat the societal 
importance of the job as a separate but related construct to work meaningfulness. It is ulHmately 
an empirical quesHon of whether using both constructs separately produces similar or different 
results in my seong.  

 
Job saHsfacHon is a related but disHnct aspect of perceived job quality at work (Nikolova 

& Cnossen, 2020). Work meaningfulness captures whether work feels significant and purposeful. 
Job saHsfacHon reflects a broader evaluaHon of one’s job, including pay, working condiHons, 
expectaHons, and rewards. Consequently, an employee can report high job saHsfacHon while 
finding the work relaHvely meaningless, or experience highly meaningful work despite 
dissaHsfacHon with pay or working condiHons. Job saHsfacHon predicts workplace behaviors, such 
as job quits (Böckerman & Ilmakunnas, 2009; Clark et al., 2012; Clark, 2001; Cornelißen, 2009; 
Lévy-Garboua et al., 2007; Nikolova & de Wit, 2026). 

 

 
2 Hendriks and Cnossen (2026) provide a nuanced summary of the causes and consequences of meaningful work.  
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Finally, fair wages refer to the level of compensaHon that workers deem appropriately 
compensates their level of effort (Akerlof & Yellen, 1990) and given the working condiHons they 
face (Schouwer et al., 2025). This concept is also closely related to the theory of compensaHng 
wage differenHals (Rosen, 1986), which posits that workers receive higher compensaHon for 
adverse working condiHons, such as noise, hazards, heat, poor ergonomics, etc. In this sense, 
being supervised by humans or AI could bring advantages and disadvantages.  
 

2.2. Hypotheses Development  
 
Many occupaHons and workplaces have employees who coordinate, supervise, monitor, 

and support work processes. Human supervisors do not merely enforce rules and monitor 
performance. They also create opportuniHes for social interacHon, guidance, and interpersonal 
relaHonships, thereby contribuHng to workers’ sense of relatedness. Prior research shows that 
managing others can enhance work meaningfulness (Nikolova et al., 2023), and that may be due 
to the social aspects of supervision. Having good relaHonships with colleagues, supervisors, and 
subordinates creates a sense of belonging in the organizaHon and facilitates camaraderie and 
social connecHons among workers. Because relatedness is a key determinant of meaningful work 
(Nikolova & Cnossen, 2020), workers may perceive jobs as less meaningful when funcHons 
tradiHonally performed by humans are delegated to technological systems. Human supervision 
can also signal interpersonal responsibility and accountability, reinforcing the percepHon that 
work contributes to a broader social process. Evidence from previous research on robots suggests 
that, because technologies standardize the production process, there is less product-quality 
heterogeneity and less need for supervision (Dixon et al., 2021). Similarly, roboHzaHon leads to a 
decrease in relatedness at work (Nikolova et al., 2024) and in the social tasks workers perform at 
work (Nikolova et al., 2025). Furthermore, an AI-based safety system may be invoking issues 
related to algorithmic management, such as loss of autonomy due to standardized tasks, Hme 
pressure, and the feeling of eeriness about being watched, and a feeling of insecurity related to 
job loss (Noponen et al., 2024; Riso et al., 2025).  

 
The introducHon of AI systems and the implicit replacement of some human oversight by 

these systems may affect meaningfulness, job saHsfacHon, and the perceived social importance 
of the job if individuals view AI oversight as reducing the uniquely human component of 
organizaHonal acHvity. This argument aligns with recent evidence showing that AI subsHtuHon 
can reduce percepHons of meaningful work even when workers themselves are not directly 
replaced, but some parts of their work process are (Nikolova et al., 2026; Sadeghian & Hassenzahl, 
2022; Zhang & Amos, 2026). The effect emerges because AI changes how individuals interpret 
the significance of human effort within the producHon process. As AI assumes responsibiliHes 
previously associated with human experHse and judgment, workers may perceive their own role 
as less important, less socially valuable, and less intrinsically rewarding. In this scenario, if AI 
systems diminish perceived job quality, individuals may believe that workers should be 
compensated with higher wages. In that sense, having AI monitoring for safety purposes may be 
a disamenity.   
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In principle, the adopHon of AI-based safety systems may increase perceived job quality 
when workers view AI as a partner in maintaining their health and safety rather than as a tool for 
monitoring or control. In this role, AI augments human capabiliHes by idenHfying workplace 
hazards, detecHng signs of faHgue, and recommending appropriate acHons. Workers retain 
responsibility for interpreHng and implemenHng these recommendaHons, which preserves their 
sense of agency and control. Consequently, they may perceive the AI system as a mentor that 
supports safer and more effecHve work (Noponen et al., 2024). This percepHon may also 
strengthen the meaningfulness of work and job saHsfacHon by enhancing workers’ sense of 
competence. By helping workers apply their skills effecHvely while reducing safety risks, AI 
enables them to perform their jobs to the best of their abiliHes and with greater confidence. In 
this seong, the perceived fair wages may not change and may even decrease if AI is perceived to 
be a net benefit. Furthermore, the perceived societal importance of the job is unlikely to change 
if AI serves an augmenHng funcHon, unless parHcipants equate the societal importance of a job 
with work meaningfulness.   

The effects of AI-based safety systems are unlikely to depend solely on whether AI is 
present in the workplace, but also on the extent to which it replaces or complements human 
supervision. A hybrid system, in which AI supports a human safety supervisor, represents an 
intermediate form of oversight. In this seong, AI provides informaHon, detects hazards, and 
generates recommendaHons, while the human supervisor retains responsibility for interpreHng 
this informaHon, making final decisions, and interacHng with workers. As a result, workers 
conHnue to experience interpersonal guidance and accountability while benefiHng from AI’s 
analyHcal capabiliHes. 

From the perspecHve of meaningful work, the hybrid system may preserve the sense of 
relatedness associated with human supervision while strengthening competence by providing 
more accurate informaHon and decision support. Likewise, concerns related to algorithmic 
management, such as loss of autonomy, surveillance, or dehumanizaHon, may become less 
salient because workers remain accountable to a human supervisor rather than to an algorithm. 
Consequently, the effects of the hybrid system should lie between those of purely human and 
purely AI-based oversight. RelaHve to human supervision, the hybrid system may reduce 
meaningfulness and job saHsfacHon only modestly, if at all. RelaHve to AI-only supervision, 
however, the hybrid system should result in higher perceived meaningfulness, job saHsfacHon, 
and social value, while reducing any compensaHng wage premium associated with AI oversight. 

In the empirical part of the paper, I examine whether respondents perceive AI-based safety 
systems as reducing or enhancing job quality and whether hybrid AI-human supervision miHgates 
any adverse percepHons associated with AI-only supervision. 

3. Experimental Design  
 

I use a between-subjects vignePe experiment to examine how different workplace safety 
systems affect percepHons of worker safety, health risks, and job quality. VignePe experiments 
present individuals with realisHc scenarios that they evaluate to elicit their preferences, aotudes, 
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and potenHal behaviors. I employ a vignePe experiment that presents respondents with a realisHc 
workplace scenario while varying a key aPribute of interest, namely the type of workplace safety 
system. This design allows us to isolate the causal effect of AI-based, human-based, and hybrid 
safety monitoring systems while maintaining a manageable cogniHve burden for respondents 
(Stantcheva, 2023). Previous validaHon research finds that responses in vignePe experiments 
ouen align closely with real-world decision-making (Hainmueller et al., 2015), although 
alternaHve methods such as paired designs tend to exhibit greater external validity. 
 

At the beginning of the survey, all respondents read a baseline vignePe describing a 40-
year-old assembly-line worker employed in a large manufacturing plant. The vignePe stated that 
the company complies with occupaHonal safety regulaHons, provides protecHve equipment and 
safety training, and maintains a posiHve and collegial work environment.  Before moving on to 
the outcome quesHons, respondents completed a comprehension check asking them to idenHfy 
the safety measures described in the vignePe. The vignePe text was displayed on the same screen 
as the comprehension check quesHon, allowing respondents to reread the vignePe.  

 
ParHcipants who answered incorrectly were encouraged to reread the scenario before 

conHnuing and were given another chance to answer the quesHon. In line with LISS panel 
procedures, we allowed all respondents to complete the quesHonnaire. Respondents then 
evaluated the job on several dimensions, including safety, risk, stress, physical demands, the 
likelihood of workplace accidents and physical and mental health problems, job saHsfacHon, 
meaningfulness, social usefulness, and appropriate pay. During the survey, respondents always 
had the opHon to review the vignePe text.  

 
These baseline assessments capture percepHons of the job before informaHon about the 

introducHon of the new safety system was provided. The outcomes I focus on in this paper include 
i) job saHsfacHon, ii) work meaningfulness, iii) percepHons of whether the work is socially 
important, and the fair wage that such a worker should receive.  

 
Next, respondents read a descripHon of a newly introduced workplace safety system that 

corresponded to their randomly assigned treatment condiHon. In all three condiHons, the system 
conHnuously monitors workplace risks, detects hazards such as malfuncHoning machinery, 
missing protecHve equipment, and signs of worker faHgue, and provides immediate safety 
recommendaHons. The vignePes had similar wording across condiHons. Respondents were told 
that all three systems perform the same safety funcHons and pursue the same objecHve of 
prevenHng workplace accidents and protecHng worker health. The vignePes varied only in one 
feature: whether AI, trained human safety supervisors, or a combinaHon of both carry out the 
monitoring and provide recommendaHons (e.g., taking a break). The experimental manipulaHon, 
therefore, varies the source of workplace safety monitoring while holding constant the system’s 
stated purpose: the real-Hme detecHon of workplace risks and hazards. Random assignment 
allows for the interpretaHon of differences in respondents’ evaluaHons as the causal effect of the 
type of safety system. Auer reading the treatment vignePe, respondents completed a second 
comprehension check that assessed their understanding of the safety system. They had two 
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chances to answer the comprehension check correctly and could conHnue answering the survey 
even if they did not provide the correct answers.  
 
 Auer the treatment, respondents evaluated the job again auer the implementaHon of the 
new safety system using the same measures as in the baseline assessment. They again had access 
to the vignePe text if they needed it. Finally, respondents evaluated the safety system by 
reporHng how much they trusted it to prevent accidents and improve worker health, how 
effecHve they considered it, and how well it respected workers’ privacy and dignity.  
 

The main advantage of this paper’s research design is that it provides causal evidence on 
how individuals perceive alternaHve workplace safety technologies while preserving a realisHc 
occupaHonal seong. The main limitaHon is that respondents evaluate hypotheHcal workplace 
scenarios rather than interact with actual safety technologies in real workplaces. Consequently, 
the results capture percepHons and expectaHons regarding AI-enabled safety systems rather than 
their actual effects on workplace safety and worker well-being. 
 

4. Procedures, Data, and Variables 
 
The experiment was preregistered in the American Economic AssociaHon Randomized 

Controlled Trial Registry before data collecHon began (AEARCTR-0016911). The study also 
received ethical approval from the InsHtuHonal Review Board of the Faculty of Economics and 
Business at the University of Groningen (protocol number FEB-20251001-01598).  

 
Data collecHon took place in October and November 2025 through the Dutch Longitudinal 

Internet Studies for the Social Sciences (LISS) panel, a naHonally representaHve probability-based 
panel administered by CenterData at the University of Tilburg (Das & Knoef, 2019; Scherpenzeel, 
2011). The LISS sample is a true probability sample of households from the Dutch populaHon 
registry, comprising 5,000 households and 7,500 individuals. Panel members answer quesHons 
monthly and receive compensaHon for doing so.  

 
Fully 2,775 panel members aged 16 and older received an invitaHon to complete our 

survey, and 2,187 did so, yielding a response rate of 78.8%. We wrote the quesHonnaire first in 
English and then translated it into Dutch. The LISS team checked the quesHonnaire before 
programming it. We excluded 15 respondents who did not complete the quesHonnaire, resulHng 
in a final sample of 2,172 respondents. Of these, 733 respondents received the AI treatment, 723 
received the human-only treatment, and 716 received the hybrid treatment.  
 

The four outcome variables are (i) job saHsfacHon, (ii) work meaningfulness, (iii) perceived 
social value, and (iv) perceived fair wages (see Appendices A and B). Before parHcipants read the 
vignePe, they rated the first three outcomes by answering the quesHon: “Based on the 
descripHon, to what extent do you think this worker...?” The three sub-quesHons asked whether 
the worker “is saHsfied with the job,” “finds the job meaningful,” and “finds the job socially 
useful.” ParHcipants answered each quesHon on a seven-point scale ranging from 1 (“Not at all”) 
to 7 (“Very much”). 
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Respondents hey also reported the worker’s perceived fair monthly gross wage by 

answering the following quesHon: “Based on the descripHon, what do you think is an appropriate 
monthly gross salary for this worker? Assume a 40-hour work week and a salary excluding 
bonuses.” ParHcipants selected one of seven response categories in €500 increments, ranging 
from less than €1,500 to €4,000 or more. 

 
Auer respondents read the treatment vignePe, they answered the same quesHons using 

the wording: “Auer the implementaHon of the new safety system, to what extent do you think 
this worker...?” Respondents then indicated the extent to which they thought the worker “is 
saHsfied with the job,” “finds the job meaningful,” and “finds the job socially useful” on the same 
seven-point scale. They also reported the worker’s perceived fair monthly gross wage using the 
same salary quesHon and response categories as before the treatment. 

 
In the regression analyses, I standardize all outcome variables to have a mean of zero and 

a standard deviaHon of one to facilitate comparison across outcomes. For the fair wage measure, 
I first convert the categorical response into a conHnuous variable using the midpoint of each wage 
interval and then standardize the resulHng measure.3 I also construct change variables defined as 
the difference between the unstandardized post-treatment and pre-treatment values of each 
outcome. The change variable itself is standardized. 

 
Furthermore, I use informaHon on respondents’ socio-demographic characterisHcs drawn 

from the LISS panel. I control for age; a female indicator; a higher-educaHon indicator equal to 
one for respondents with higher vocaHonal (HBO) or university (WO) educaHon, with a separate 
category for missing income; a married indicator equal to one for married respondents and zero 
otherwise; a working indicator equal to one for respondents in paid work, family work, or self-
employment; an urban-residence indicator, with a separate category for missing income; an 
indicator for living alone; an indicator for children in the household; and indicators for terciles of 
personal net income, with a separate category for missing income.  

 
I also linked the survey data to the LISS Personality modules to control for respondents’ 

Big Five traits. Our primary source was the 2025 LISS Personality file (cp25q), fielded in May-June 
2025. When a respondent was missing a 2025 personality item, we filled that item using the 
corresponding response from the 2024 Personality file (cp25q), fielded in May-June 2024. Using 
the IPIP Big-Five baPery (items 020-069), I reverse-coded negaHvely worded items and then 
constructed indices for extraversion, agreeableness, conscientiousness, emotional stability, and 
imagination/intellect, following the Goldberg Big 5 personality scales (Goldberg, 1992) by 
summing the items. All personality variables are standardized to have a mean of 0 and a standard 
deviaHon of 1.  
 

 
3 Two individuals noted in the comments to the survey that they put the wrong value for the pre-treatment fair 
wages and indicated the correct value that they wanted to select. Therefore, I adjusted their responses. 
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Table 1 shows that random assignment produced comparable treatment groups. The 
three groups exhibit similar demographic characterisHcs. Across the balance tests, only one 
income category differs significantly across treatment condiHons. Most importantly, the 
treatment groups do not differ significantly on any of the baseline outcome measures. Although 
randomizaHon achieved good overall balance, the main regressions nevertheless control for 
baseline outcome levels to improve staHsHcal precision. In addiHonal specificaHons, we also 
control for demographic characterisHcs and income terciles.  

 
Table 1: Balancing of covariates, by treatment status 

  Human (N=723) AI (N=733) Hybrid (N=716) Difference p-value 
Panel A: Respondent characteristics 

Age 55.041 56.658 54.869 0.110 
  (18.817) (17.725) (18.043)   
Female 0.508 0.510 0.532 0.593 
  (0.500) (0.500) (0.499)   
High school or less 0.560 0.566 0.566 0.968 
  (0.497) (0.496) (0.496)   
Higher education 0.434 0.430 0.426 0.950 
  (0.496) (0.495) (0.495)   
Education missing 0.006 0.004 0.008 0.586 
  (0.074) (0.064) (0.091)   
Married 0.535 0.512 0.499 0.369 
  (0.499) (0.500) (0.500)   
Working 0.483 0.484 0.494 0.891 
  (0.500) (0.500) (0.500)   
Rural 0.306 0.295 0.286 0.723 
  (0.461) (0.456) (0.452)   
Urban 0.693 0.700 0.711 0.754 
  (0.462) (0.459) (0.454)   
Urban missing 0.001 0.005 0.003 0.399 
  (0.037) (0.074) (0.053)   
Single-person household 0.243 0.228 0.249 0.624 
  (0.429) (0.420) (0.433)   
Children in household 0.315 0.340 0.352 0.323 
  (0.465) (0.474) (0.478)   
Income tertile 1 0.318 0.286 0.344 0.063 
  (0.466) (0.452) (0.475)   
Income tertile 2 0.295 0.362 0.311 0.019 
  (0.456) (0.481) (0.463)   
Income tertile 3 0.325 0.299 0.297 0.446 
  (0.469) (0.458) (0.457)   
Income missing 0.062 0.053 0.047 0.469 
  (0.242) (0.225) (0.213)   
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Panel B: Baseline outcomes 
Baseline job satisfaction 4.867 4.802 4.830 0.526 
  (1.079) (1.122) (1.101)   
Baseline meaning 4.552 4.584 4.573 0.864 
  (1.128) (1.174) (1.135)   
Baseline social value 4.350 4.367 4.402 0.702 
  (1.184) (1.238) (1.213)   
Baseline fair wage (EUR)  2,812.241   2,869.372   2,826.117  0.135 
  (564.042) (571.171) (556.087)   
Notes: Baseline means are reported by treatment group, with standard deviations in parentheses. The 
final column reports p-values from tests of equality of means across the AI, Human, and Hybrid 
conditions. 

 
5. Econometric Strategy 

I estimate the effect of alternative workplace safety systems on perceived job quality 
using Ordinary Least Squares (OLS) regressions of post-treatment outcomes on treatment 
indicators and the corresponding baseline outcome measure. The main specification is: 

𝑌!" = 𝛼 + 𝛽"𝐴𝐼! + 𝛽#𝐻𝑦𝑏𝑟𝑖𝑑! + g𝑌!$ 	+ 𝜖! , 

where 𝑌!" denotes the post-treatment outcome for individual I, 𝑌!$	is the corresponding 
pre-treatment outcome, and 𝐴𝐼!  and 𝐻𝑦𝑏𝑟𝑖𝑑!  are indicators for assignment to the AI and hybrid 
treatment conditions, respectively. The omitted category is the human-supervisor condition. 
Accordingly, 𝛽" and 𝛽# capture the effects of the AI and hybrid conditions relative to the human 
condition. 

I esHmate this specificaHon separately for four outcomes: meaning, job saHsfacHon, social 
value, and fair wages. Because treatment is randomly assigned, differences across treatment arms 
have a causal interpretaHon. Including the baseline value of the outcome improves precision and 
helps account for potenHal imbalances across groups.  

I next estimate an extended specification that adds a vector of respondent characteristics: 

𝑌!" = 𝛼 + 𝛽"𝐴𝐼! + 𝛽#𝐻𝑦𝑏𝑟𝑖𝑑! + g𝑌!$ + 	d′𝑋! + 𝜖! , 

where 𝑋!  includes age, a female indicator, higher education, marital status, employment 
status, urban residence, living alone, and whether children are present in the household. In 
addition, we include income tercile indicators based on personal net income, as well as a separate 
category for respondents with missing income data. I estimate all regressions using 
heteroskedasticity-robust standard errors. 

I examine treatment heterogeneity by age, gender, employment status, education, and 
income, based on interactions between the AI and Hybrid treatment variables and their 
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respective indicators for these socio-demographic characteristics. I also examine heterogeneity 
based on personality traits.  

To assess the robustness of the main conclusions, we also estimate change-score 
specifications of the form: 

D𝑌! = 𝛼 + 𝛽"𝐴𝐼! + 𝛽#𝐻𝑦𝑏𝑟𝑖𝑑! + 	d′𝑋! + 𝜖! , 

where D𝑌!  = 𝑌!" – 𝑌!$.  

 
Finally, I assess the robustness of the main findings in several ways. First, I re-esHmate the 

main models auer restricHng the sample to respondents who passed both comprehension checks 
and had survey compleHon Hmes exceeding the 5th percenHle of the response-Hme distribuHon. 
This restricHon excludes 218 respondents, leaving an analysis sample of 1,954. Second, I augment 
the main specificaHon with controls for respondents’ evaluaHons of the quesHonnaire. Finally, I 
control for the Big Five personality traits to account for stable individual differences in 
respondents’ evaluaHons of hypotheHcal jobs. Across all robustness checks, the esHmated 
treatment effects remain highly stable.4 

 
6. Results 

6.1. Main Results 
 

Table 2 presents the effects of alternaHve workplace safety systems on percepHons of job 
quality. Across all specificaHons, respondents evaluate jobs that use AI-based safety systems less 
favorably than jobs that rely exclusively on human safety supervisors. RelaHve to the human-
supervisor condiHon, the AI-based safety system reduces perceived job saHsfacHon by 0.15 
standard deviaHons (Column (1)), work meaningfulness by 0.11 standard deviaHons (Column (2)), 
and perceived social value by 0.10 standard deviaHons (Column (3)). As expected, including the 
demographic controls has liPle effect on the esHmated effects, indicaHng that observable 
respondent characterisHcs do not drive the results.  

 
The effect sizes are rather small but are in line with the limited literature on the impact 

of AI on well-being more generally. For example, using a sample of German workers, Guintella et 
al. (2025) find that working with AI reduces job saHsfacHon by approximately 0.05 standard 
deviaHons, an effect that is roughly three Hmes smaller than the esHmates reported here. Direct 
comparisons between the two studies are impossible, however. The two studies differ in several 
important respects, including the country context (Germany versus the Netherlands), the Hme 
period (2000-2020 versus 2025), the measure of AI exposure (working with AI versus a 
hypotheHcal exposure to a specific workplace AI safety system), and the empirical methodology 

 
4 I also restrict the analysis sample to respondents of working age by dropping those older than 66. The results, 
available upon request, do not change substanBvely.   
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(difference-in-differences versus a vignePe experiment). 
 
Table 2 also shows that the hybrid safety system generates effects that closely resemble 

those of the fully AI-based system. RelaHve to the human-supervisor condiHon, the hybrid system 
reduces perceived job saHsfacHon by 0.13 standard deviaHons, work meaningfulness by 0.11 
standard deviaHons, and perceived social value by 0.10 standard deviaHons. These esHmates 
differ only marginally from those of the AI-only system. Thus, the presence of a human supervisor 
does not appear to miHgate the negaHve percepHons associated with the introducHon of AI into 
workplace safety. The results support the predicHon that AI-based safety systems reduce 
perceived job quality relaHve to human supervision. However, they do not support the 
expectaHon that hybrid supervision aPenuates these negaHve effects 
 

Furthermore, I iniHally expected the treatment to have liPle effect on perceived social 
value because the safety system does not change the worker’s core tasks or the job’s perceived 
contribuHon to society. Contrary to this expectaHon, respondents assign lower social value to jobs 
that use AI-based or hybrid safety systems. One possible explanaHon is that respondents do not 
disHnguish sharply between social value and work meaningfulness when evaluaHng hypotheHcal 
jobs. This interpretaHon receives some support from the data, as the post-treatment correlaHon 
between the two measures equals 0.82. Rather than evaluaHng the job’s objecHve contribuHon 
to society, respondents may incorporate their broader assessment of the job’s meaningfulness 
into both measures. 

 
Finally, the evidence regarding the impact of different systems on respondents’ perceived 

level of compensaHon (i.e., fair pay) is considerably weaker. The AI treatment has no staHsHcally 
significant effect on perceived fair wages. The hybrid treatment produces a small, marginally 
staHsHcally significant negaHve effect. Overall, the results provide liPle support for a 
compensaHng wage differenHal mechanism whereby workers would require higher wages to 
offset perceived disadvantages associated with AI-based workplace technologies. 
 

 
Table 2: Post-treatment outcomes  

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Job 

saBsfacBon 
Meaning Social 

value 
Fair 

wage 
Job 

saBsfacBon 
Meaning Social 

value 
Fair 

wage 
AI vs. Human -0.154*** -0.110*** -0.095*** -0.016 -0.163*** -0.117*** -0.105*** -0.016 
 (0.045) (0.041) (0.036) (0.022) (0.045) (0.041) (0.037) (0.022) 
Hybrid vs. Human -0.120*** -0.108*** -0.098*** -0.042* -0.125*** -0.112*** -0.103*** -0.041* 
 (0.043) (0.039) (0.035) (0.022) (0.043) (0.039) (0.036) (0.022) 
Controls No No No No Yes Yes Yes Yes 
Baseline outcome Yes Yes Yes Yes Yes Yes Yes Yes 
ObservaBons 2,172 2,172 2,172 2,172 2,172 2,172 2,172 2,172 
R-squared 0.287 0.422 0.531 0.828 0.293 0.431 0.536 0.830 

Notes: All dependent variables are standardized to have a mean of 0 and a standard deviaBon of 1. Controls include 
age, gender, and indicators for: higher educaBon degree, married, working status, urban residence, living alone, 
children in the household, and high-income tercile. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** 
p < 0.01. 
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6.2. Robustness Checks 

 
First, I examine whether the main findings depend on excluding respondents who failed 

one or both comprehension checks and those who completed the survey unusually quickly. 
Specifically, I restrict the sample to respondents who passed both comprehension checks and had 
compleHon Hmes exceeding the 5th percenHle of the response-Hme distribuHon. This restricHon 
reduces the sample from 2,172 to 1,954 respondents (90% of the original sample). 
 

Table 3 shows that the main conclusions remain unchanged. RelaHve to the human-
supervisor condiHon, both the AI-based and hybrid safety systems reduce perceived job 
saHsfacHon, job meaning, and social value. The esHmated coefficients are similar in magnitude to 
those reported in the main specificaHon, indicaHng that the results do not depend on inaPenHve 
respondents or unusually short compleHon Hmes. 
 

The evidence for fair pay remains weak. The AI treatment has no staHsHcally significant 
effect on perceived fair wages. The hybrid treatment produces a small negaHve effect of 
approximately 0.05 standard deviaHons. Using this analysis sample’s standard deviaHon of 
perceived fair wages (€543), this esHmate corresponds to roughly €27 per month. Although 
staHsHcally significant, the magnitude of the effect is economically small. 
 
 
 
 
 
 
Table 3: Robustness check: aPenHon-check sample  

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Job 

saBsfacBon 
Meaning Social 

value 
Fair 

wage 
Job 

saBsfacBon 
Meaning Social 

value 
Fair 

wage 
AI vs. Human -0.171*** -0.115*** -0.097** -0.010 -0.179*** -0.121*** -0.105*** -0.010 
 (0.048) (0.043) (0.038) (0.020) (0.048) (0.043) (0.038) (0.020) 
Hybrid vs. Human -0.136*** -0.102** -0.082** -0.045** -0.143*** -0.108*** -0.087** -0.046** 
 (0.045) (0.041) (0.037) (0.021) (0.046) (0.041) (0.037) (0.021) 
Controls No No No No Yes Yes Yes Yes 
Baseline outcome control Yes Yes Yes Yes Yes Yes Yes Yes 
ObservaBons 1,954 1,954 1,954 1,954 1,954 1,954 1,954 1,954 
R-squared 0.261 0.421 0.546 0.850 0.269 0.431 0.552 0.852 

Notes: All dependent variables are standardized to have a mean of 0 and a standard deviaBon of 1. Sample restricted 
to respondents who passed both aaenBon checks and whose compleBon Bme was at or above the 5th percenBle. 
Controls include age, gender, and indicators for: higher educaBon degree, married, working status, urban residence, 
living alone, children in the household, and high-income tercile. Robust standard errors in parentheses. * p < 0.10, ** 
p < 0.05, *** p < 0.01. 
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Third, Table 4 re-esHmates the treatment effects using change scores, defined as post-
treatment minus pre-treatment evaluaHons. The results closely resemble the main ANCOVA 
esHmates. Both AI-based and hybrid safety systems reduce perceived job saHsfacHon, meaning, 
and social value relaHve to the human-supervisor condiHon. The main qualitaHve conclusions, 
therefore, do not depend on the choice of esHmaHon strategy. The only notable difference 
concerns perceived fair pay, where the hybrid treatment generates a larger negaHve coefficient 
than in the main specificaHon. 

 
 

Table 4: Robustness check: specificaHons with changes of the outcome variables 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 DJob 

saBsfacBon 
DMeaning DSocial 

value 
DFair 
wage 

DJob 
saBsfacBon 

DMeaning DSocial 
value 

DFair 
wage 

AI vs. Human -0.147*** -0.144*** -0.135** -0.064 -0.153*** -0.149*** -0.146*** -0.065 
 (0.053) (0.053) (0.053) (0.053) (0.054) (0.053) (0.053) (0.053) 
         
Hybrid vs. Human -0.119** -0.138*** -0.148*** -0.109** -0.124** -0.140*** -0.153*** -0.109** 
 (0.050) (0.051) (0.051) (0.053) (0.051) (0.051) (0.052) (0.054) 
Controls No No No No Yes Yes Yes Yes 
ObservaBons 2,172 2,172 2,172 2,172 2,172 2,172 2,172 2,172 
R-squared 0.004 0.004 0.004 0.002 0.013 0.017 0.012 0.011 

Notes: All dependent variables are standardized to have a mean of 0 and a standard deviaBon of 1. Dependent 
variables are post-treatment minus pre-treatment changes. Controls include age, gender, and indicators for: higher 
educaBon degree, married, working status, urban residence, living alone, children in the household, and high-income 
tercile. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 
 
 

Third, I examine whether respondents’ engagement with the quesHonnaire affects the 
results. Auer compleHng the survey, the LISS panel asked respondents whether they found the 
quesHonnaire interesHng and whether they enjoyed compleHng it. Both quesHons used a five-
point scale ranging from 1 (“Not at all”) to 5 (“Very much”). I include both variables as controls 
because they capture respondents’ engagement with the survey and help account for systemaHc 
response styles, such as saHsficing, acquiescence, or a tendency to rely on the endpoints of the 
response scales. Because five respondents did not answer these quesHons, I assigned them to a 
separate missing category to preserve the full esHmaHon sample. 
 

The results presented in Table 5 are highly similar to those in Models (5)-(8) of Table 2. 
Adding the survey evaluaHon controls changes the treatment coefficients only marginally. The 
esHmated effects of hybrid safety supervision remain virtually idenHcal across all outcomes. The 
esHmated effects of AI-only safety supervision also remain similar, although the coefficient for 
perceived social value decreases slightly in magnitude and its staHsHcal significance falls from the 
1% to the 5% level. Overall, the findings indicate that respondents’ engagement with the 
quesHonnaire and their response styles do not drive the main results. 
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Table 5: Robustness check: survey evaluaHon controls 
 (1) (2) (3) (4) 
 Job saHsfacHon Meaning Social value Fair wage 
AI vs. Human -0.156*** -0.111*** -0.094** -0.017 
 (0.045) (0.041) (0.037) (0.022) 
Hybrid vs. Human -0.124*** -0.112*** -0.100*** -0.043* 
 (0.043) (0.039) (0.035) (0.022) 
Interest in the survey topic, omi:ed category 1 = not at all interes@ng 
2 0.025 0.161 0.026 0.016 
 (0.112) (0.119) (0.101) (0.052) 
3 0.022 0.236* 0.138 -0.020 
 (0.115) (0.122) (0.103) (0.052) 
4 0.094 0.224* 0.069 0.000 
 (0.119) (0.126) (0.107) (0.051) 
Very interesHng -0.029 0.217 0.020 -0.020 
 (0.130) (0.139) (0.119) (0.053) 
     
Missing 
interesHng 

0.372** -0.299 -0.187 0.126 

 (0.182) (0.489) (0.467) (0.175) 
Pleasure in filling out survey, omi:ed category 1 = not at all pleasurable 
2 0.041 -0.064 0.034 -0.040 
 (0.141) (0.126) (0.108) (0.076) 
3 0.126 -0.067 0.027 0.024 
 (0.140) (0.134) (0.112) (0.068) 
4 0.192 -0.016 0.120 0.001 
 (0.145) (0.140) (0.117) (0.069) 
Very pleasurable 0.328** 0.066 0.227* 0.048 
 (0.154) (0.151) (0.129) (0.070) 
Controls Yes Yes Yes Yes 
Baseline outcome  Yes Yes Yes Yes 
ObservaHons 2,172 2,172 2,172 2,172 
R-squared 0.296 0.429 0.536 0.828 
Notes: All dependent variables are standardized to have a mean of 0 and a standard deviaBon of 1. Controls include 
age, gender, and indicators for: higher educaBon degree, married, working status, urban residence, living alone, 
children in the household, and high-income tercile. The evaluaBons of a survey control include a category for missing 
observaBons, which is not esBmable in the case of how pleasurable respondents found filling out the survey. Robust 
standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 
 

As an addiHonal robustness check, I control for the Big Five personality traits. These 
variables capture stable individual differences that may influence how respondents evaluate 
hypotheHcal jobs and respond to survey quesHons. Table 6 shows that adding the personality 
measures leaves the esHmated treatment effects virtually unchanged. Compared with Models (5) 
to (8) in Table 2, the treatment coefficients change very liPle. The only notable difference is that 
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the esHmated effect of hybrid safety supervision on perceived fair wages becomes slightly larger 
in magnitude and reaches the 5% significance level. Overall, the results indicate that stable 
personality differences do not explain the main findings. 
 

 
Table 6: Robustness check: personality controls 

 (1) (2) (3) (4) 
 Job saHsfacHon Meaning Social value Fair wage 
AI vs. Human -0.165*** -0.119*** -0.104*** -0.022 
 (0.046) (0.042) (0.038) (0.022) 
Hybrid vs. Human -0.125*** -0.110*** -0.100*** -0.049** 
 (0.044) (0.040) (0.036) (0.022) 
Extraversion 0.022 0.005 -0.010 -0.004 
 (0.021) (0.019) (0.017) (0.010) 
Agreeableness 0.088*** 0.070*** 0.072*** 0.003 
 (0.023) (0.021) (0.019) (0.010) 
ConscienHousness 0.025 0.005 0.020 -0.019* 
 (0.023) (0.020) (0.018) (0.010) 
EmoHonal stability 0.029 0.018 0.008 0.000 
 (0.023) (0.019) (0.018) (0.009) 
ImaginaHon/Intellect -0.056** -0.039* -0.038* -0.001 
 (0.024) (0.022) (0.020) (0.010) 
Controls Yes Yes Yes Yes 
Baseline outcome  Yes Yes Yes Yes 
ObservaHons 2,097 2,097 2,097 2,097 
R-squared 0.308 0.434 0.543 0.832 

Notes: All dependent variables and personality traits are standardized to have a mean of 0 and a standard deviaBon 
of 1. Controls include age, gender, and indicators for: higher educaBon degree, married, working status, urban 
residence, living alone, children in the household, and high-income tercile. Robust standard errors in parentheses. * 
p < 0.10, ** p < 0.05, *** p < 0.01. 

 
Taken together, the robustness checks in Tables 3-6 show that the main findings remain 

stable. RestricHng the sample to “aPenHve” respondents, esHmaHng change-score models, and 
controlling for survey engagement and personality traits leave the esHmated treatment effects 
largely unchanged. Across all specificaHons, AI-only and hybrid safety systems consistently 
reduce perceived job saHsfacHon, work meaningfulness, and social value relaHve to human 
supervision. The evidence for perceived fair wages remains weak, although the hybrid treatment 
yields a small negaHve effect across several robustness checks.  

 
 

7. Heterogeneity Analyses 
 

Tables 7-10 examine whether the treatment effects differ by respondents' demographic 
characterisHcs and personality traits. Overall, the results provide liPle evidence of systemaHc 
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treatment effect heterogeneity. The joint F-tests generally fail to reject the null hypothesis that 
the treatment effects do not vary by age, gender, employment status, educaHon, household 
income, or the Big Five personality traits. 
 

One excepHon concerns job saHsfacHon, where the treatment effects differ by household 
income (p = 0.005). In parHcular, respondents in the highest-income tercile report a larger 
reducHon in perceived job saHsfacHon under the hybrid safety system than respondents in the 
lower-income groups. A second excepHon concerns perceived fair wages, in which the joint 
interacHon test for imaginaHon/intellect is staHsHcally significant (p = 0.026). Respondents scoring 
higher on imaginaHon/intellect assign slightly higher fair wages to jobs with AI-based and hybrid 
safety systems than respondents scoring lower on this trait. However, given the large number of 
interacHon tests, some staHsHcally significant results are expected by chance alone. Overall, the 
evidence suggests that the effects of AI-based and hybrid safety systems remain broadly similar 
across demographic groups and personality traits. 
 
Table 7: Heterogeneity by age and gender 

 Moderator = Age above 58 Moderator = Female 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Job 

saHsfacHon 
Meaning Social value Fair 

wage 
Job 

saHsfacHon 
Meaning Social 

value 
Fair 

wage 
AI vs. Human -0.187*** -0.108** -0.148*** -0.037 -0.156** -0.153*** -0.103** 0.008 
 (0.062) (0.054) (0.046) (0.034) (0.064) (0.058) (0.050) (0.030) 
Hybrid vs. 
Human 

-0.073 -0.064 -0.087* -0.034 -0.165*** -0.193*** -0.138*** -0.031 

 (0.060) (0.054) (0.048) (0.034) (0.063) (0.056) (0.049) (0.030) 
         
Moderator 0.097 0.037 -0.079 -0.005 0.030 -0.002 0.039 0.011 
 (0.089) (0.081) (0.072) (0.041) (0.063) (0.057) (0.052) (0.032) 
AI x 
Moderator 

0.047 -0.020 0.083 0.040 -0.013 0.070 -0.003 -0.049 

 (0.091) (0.081) (0.073) (0.044) (0.091) (0.081) (0.073) (0.044) 
Hybrid x 
Moderator 

-0.108 -0.101 -0.035 -0.015 0.076 0.156** 0.066 -0.019 

 (0.086) (0.078) (0.071) (0.043) (0.086) (0.078) (0.071) (0.044) 
F-test p-value: 
interacHons 

0.198 0.391 0.240 0.412 0.556 0.136 0.544 0.536 

ObservaHons 2,172 2,172 2,172 2,172 2,172 2,172 2,172 2,172 
R-squared 0.294 0.432 0.537 0.830 0.293 0.432 0.537 0.830 

Notes: All dependent variables are standardized to have a mean of 0 and a standard deviaBon of 1. All models include 
the corresponding baseline outcome and the full set of controls, which are omiaed from the table for brevity. 
Controls include age, gender, and indicators for: higher educaBon degree, married, working status, urban residence, 
living alone, children in the household, and high-income tercile. Robust standard errors in parentheses.  Reported F-
test p-values correspond to a joint test that the coefficients on the AI × moderator and Hybrid × moderator 
interacBon terms are both equal to zero. The median age in the sample is 58, which is why we use that age cutoff 
for the moderator. * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Table 8: Heterogeneity by working status and income 
 Moderator = Working Moderator = Top-terHle income 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 Job 

saHsfacHon 
Meaning Social value Fair 

wage 
Job 

saHsfacHon 
Meaning Social 

value 
Fair 

wage 
AI vs. Human -0.129* -0.107* -0.071 0.028 -0.123** -0.111** -0.077* -0.011 
 (0.067) (0.059) (0.056) (0.030) (0.055) (0.051) (0.046) (0.028) 
Hybrid vs. 
Human 

-0.093 -0.106* -0.079 -0.015 -0.033 -0.089* -0.059 -0.055** 

 (0.063) (0.056) (0.052) (0.028) (0.052) (0.049) (0.045) (0.026) 
Moderator 0.053 -0.034 0.057 0.036 0.075 -0.013 0.007 0.001 
 (0.069) (0.063) (0.057) (0.036) (0.076) (0.069) (0.063) (0.040) 
AI x 
Moderator 

-0.070 -0.022 -0.071 -0.091** -0.120 -0.017 -0.085 -0.019 

 (0.090) (0.081) (0.072) (0.044) (0.095) (0.084) (0.075) (0.045) 
Hybrid x 
Moderator 

-0.066 -0.013 -0.049 -0.054 -0.298*** -0.076 -0.140* 0.046 

 (0.086) (0.078) (0.070) (0.044) (0.092) (0.082) (0.073) (0.049) 
F-test p-value: 
interacHons 

0.663 0.964 0.601 0.117 0.005 0.634 0.157 0.357 

ObservaHons 2,172 2,172 2,172 2,172 2,172 2,172 2,172 2,172 
R-squared 0.293 0.431 0.537 0.830 0.296 0.432 0.537 0.830 

Notes: All dependent variables are standardized to have a mean of 0 and a standard deviaBon of 1. All models include 
the corresponding baseline outcome and the full set of controls, which are omiaed from the table for brevity. 
Controls include age, gender, and indicators for: higher educaBon degree, married, working status, urban residence, 
living alone, children in the household, and high-income tercile. Robust standard errors in parentheses. Reported F-
test p-values correspond to a joint test that the coefficients on the AI × moderator and Hybrid × moderator 
interacBon terms are both equal to zero. * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Table 9: Heterogeneity by educaHon, extraversion, and agreeableness 

 Moderator = Higher educa0on Moderator = Extraversion Moderator = Agreeableness  
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 Job 

sa0sfac0on 
Meaning Social 

value 
Fair wage Job 

sa0sfac0on 
Meaning Social 

value 
Fair 

wage 
Job 

sa0sfac0on 
Meaning Social 

value 
Fair 

wage 
AI vs. Human -0.244*** -0.174*** -0.145*** 0.009 -0.176*** -0.128*** -0.115*** -0.020 -0.170*** -0.123*** -0.110*** -0.021 
 (0.061) (0.056) (0.050) (0.031) (0.046) (0.041) (0.037) (0.022) (0.046) (0.041) (0.037) (0.022) 
Hybrid vs. 
Human 

-0.153*** -0.178*** -0.138*** -0.037 -0.132*** -0.116*** -0.108*** -0.049** -0.128*** -0.112*** -0.105*** -0.049** 

 (0.059) (0.055) (0.049) (0.030) (0.044) (0.040) (0.036) (0.022) (0.043) (0.040) (0.036) (0.022) 
             
Moderator -0.090 -0.117** -0.064 -0.008 0.066** 0.058** 0.052** 0.002 0.115*** 0.118*** 0.096*** -0.016 
 (0.065) (0.060) (0.053) (0.032) (0.029) (0.027) (0.022) (0.013) (0.037) (0.031) (0.029) (0.019) 
             
AI x Moderator 0.176* 0.127 0.082 -0.053 -0.059 -0.063 -0.078** -0.036* -0.038 -0.093** -0.062 -0.003 
 (0.091) (0.082) (0.073) (0.044) (0.048) (0.045) (0.038) (0.021) (0.050) (0.045) (0.040) (0.025) 
             
Hybrid x 
Moderator 

0.055 0.147* 0.066 -0.005 -0.011 -0.051 -0.061* 0.010 -0.044 -0.068 -0.035 0.035 

 (0.087) (0.078) (0.071) (0.044) (0.044) (0.039) (0.034) (0.021) (0.048) (0.042) (0.039) (0.025) 
             
F-test p-value: 
interac0ons 

0.149 0.132 0.483 0.397 0.451 0.272 0.066 0.105 0.631 0.092 0.292 0.177 

Observa0ons 2,159 2,159 2,159 2,159 2,097 2,097 2,097 2,097 2,097 2,097 2,097 2,097 
R-squared 0.292 0.427 0.536 0.829 0.301 0.431 0.539 0.832 0.305 0.434 0.542 0.832 

Notes: All dependent variables and personality traits are standardized to have a mean of 0 and a standard deviaBon of 1. All models include the corresponding 
baseline outcome and the full set of controls, which are omiaed from the table for brevity. Controls include age, gender, and indicators for: higher educaBon 
degree, married, working status, urban residence, living alone, children in the household, and high-income tercile.  Reported F-test p-values correspond to a joint 
test that the coefficients on the AI × moderator and Hybrid × moderator interacBon terms are both equal to zero. * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Table 10: Heterogeneity by conscienHousness, emoHonal stability, and imaginaHon/intellect 
 Moderator = Conscien0ousness Moderator = Emo0onal stability Moderator = Imagina0on/Intellect  
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 Job 

sa0sfac0on 
Meaning Social 

value 
Fair wage Job 

sa0sfac0on 
Meaning Social 

value 
Fair 

wage 
Job 

sa0sfac0on 
Meaning Social 

value 
Fair 

wage 
AI vs. Human -0.168*** -0.123*** -0.110*** -0.022 -0.176*** -0.127*** -0.114*** -0.020 -0.174*** -0.126*** -0.114*** -0.018 
 (0.047) (0.042) (0.037) (0.022) (0.046) (0.041) (0.037) (0.022) (0.046) (0.042) (0.037) (0.022) 
Hybrid vs. 
Human 

-0.126*** -0.112*** -0.105*** -0.049** -0.133*** -0.117*** -0.108*** -0.049** -0.130*** -0.113*** -0.107*** -0.047** 

 (0.044) (0.040) (0.036) (0.023) (0.044) (0.040) (0.036) (0.022) (0.044) (0.040) (0.036) (0.022) 
Moderator 0.062* 0.033 0.024 -0.010 0.076** 0.046 0.026 0.001 0.018 0.004 0.027 -0.041** 
 (0.036) (0.036) (0.034) (0.019) (0.033) (0.031) (0.029) (0.017) (0.034) (0.033) (0.027) (0.018) 
AI x Moderator -0.013 -0.025 0.004 -0.023 -0.060 -0.050 -0.030 -0.026 -0.037 -0.004 -0.047 0.042* 
 (0.048) (0.047) (0.041) (0.025) (0.048) (0.043) (0.041) (0.022) (0.050) (0.046) (0.040) (0.023) 
             
Hybrid x 
Moderator 

-0.041 -0.015 0.018 -0.005 -0.041 -0.020 -0.009 0.009 -0.025 -0.028 -0.053 0.059*** 

 (0.048) (0.044) (0.041) (0.025) (0.047) (0.043) (0.039) (0.024) (0.047) (0.044) (0.038) (0.022) 
 -0.168*** -0.123*** -0.110*** -0.022 -0.176*** -0.127*** -0.114*** -0.020 -0.174*** -0.126*** -0.114*** -0.018 
F-test p-value: 
interac0ons 

0.684 0.862 0.882 0.590 0.436 0.501 0.753 0.248 0.747 0.790 0.330 0.026 

Observa0ons 2,097 2,097 2,097 2,097 2,097 2,097 2,097 2,097 2,097 2,097 2,097 2,097 
R-squared 0.300 0.430 0.539 0.832 0.300 0.430 0.539 0.832 0.298 0.430 0.539 0.832 

Notes: All dependent variables and personality traits are standardized to have a mean of 0 and a standard deviaBon of 1. All models include the corresponding 
baseline outcome and the full set of controls, which are omiaed from the table for brevity. Controls include age, gender, and indicators for: higher educaBon 
degree, married, working status, urban residence, living alone, children in the household, and high-income tercile. Robust standard errors in parentheses.  
Reported F-test p-values correspond to a joint test that the coefficients on the AI × moderator and Hybrid × moderator interacBon terms are both equal to zero. 
* p < 0.10, ** p < 0.05, *** p < 0.01.
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8. AddiHonal Outcomes: Dignity and Privacy 
 

As a post hoc analysis, I also examine whether respondents believe that the new safety 
system respects workers' dignity and privacy and whether they consider it effecHve. Table 11 
shows large, highly staHsHcally significant effects on dignity and privacy. Compared with human 
supervision, AI-only safety systems reduce perceived respect for workers' dignity by about 0.40 
standard deviaHons and for privacy by about 0.45 standard deviaHons. The hybrid safety system 
produces nearly idenHcal effects. These effect sizes are approximately three to four Hmes larger 
than those for job saHsfacHon, work meaningfulness, and perceived social value. By contrast, 
respondents perceive the effecHveness of AI-based and hybrid safety systems as broadly 
comparable to that of human supervision. Together, these findings suggest that respondents' 
reservaHons about AI-based workplace safety systems stem primarily from concerns about 
dignity and privacy rather than doubts about their effecHveness. The fact that parHcipants do not 
perceive a difference in the effectiveness of AI- and human-based systems likely explains why 
they do not think a higher wage is necessary to compensate workers supervised by AI.  
 
 
Table 11: AddiHonal post-treatment outcomes: dignity, privacy, and effecHveness in improving 
workplace safety 

 (1) (2) (3) (4) (5) (6) 
 Dignity Privacy Effec0veness Dignity Privacy Effec0veness 
AI vs. Human -0.394*** -0.439*** -0.081 -0.404*** -0.452*** -0.100* 
 (0.052) (0.051) (0.054) (0.052) (0.051) (0.054) 
Hybrid vs. Human -0.366*** -0.431*** 0.031 -0.377*** -0.442*** 0.031 
 (0.052) (0.051) (0.052) (0.051) (0.050) (0.052) 
Controls No No No Yes Yes Yes 
Observa0ons 2,167 2,167 2,167 2,167 2,167 2,167 
R-squared 0.032 0.042 0.002 0.047 0.063 0.034 

Notes: All dependent variables are standardized to have a mean of 0 and a standard deviaHon of 
1. All models include the corresponding baseline outcome and the full set of controls, which are 
omiPed from the table for brevity. Controls include age, gender, and indicators for: higher 
educaHon degree, married, working status, urban residence, living alone, children in the 
household, and high-income tercile. Robust standard errors in parentheses.  * p < 0.10, ** p < 0.05, 
*** p < 0.01. 
 

9. Discussion and Conclusion 
 
AI increasingly supports or replaces human supervision in workplace health and safety, 

yet liPle evidence exists on how individuals perceive these alternaHve systems and how they may 
influence the perceived quality of work. This paper provides the first causal evidence on this 
quesHon using a pre-registered vignePe experiment embedded in a naHonally representaHve 
Dutch survey. Respondents evaluated otherwise idenHcal jobs that differed only in whether 
workplace safety relied on a human supervisor, an AI-based system, or a hybrid AI-human system. 
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The results show that respondents consistently evaluate AI-based and hybrid safety systems less 
favorably than human supervision. RelaHve to human supervision, both AI-only and hybrid 
systems reduce perceived job saHsfacHon, work meaningfulness, and the perceived social value 
of the job. Contrary to the expectaHon that retaining a human supervisor (i.e., a “human-in-the-
loop”) would miHgate these effects, respondents evaluate the hybrid system almost idenHcally to 
the AI-only system. These findings suggest that introducing AI into workplace safety changes how 
respondents evaluate work quality, even when humans remain involved in the supervisory 
process. 
 

The post hoc analyses provide addiHonal insight into these percepHons. Respondents 
perceive AI-based and hybrid safety systems as substanHally less respecdul of workers' dignity 
and privacy than human supervision. These effects are approximately three to four Hmes as large 
as the corresponding effects on job saHsfacHon, meaningfulness, and social value. By contrast, 
respondents do not perceive AI-based systems as substanHally more or less effecHve than human 
supervision. Taken together, these findings suggest that respondents' concerns focus primarily on 
the implicaHons of AI for workers' dignity and privacy rather than on the technology's ability to 
improve workplace safety. 

 
The evidence for compensaHng wage differenHals is considerably weaker. Respondents do 

not systemaHcally assign higher fair wages to jobs that rely on AI-based workplace safety systems, 
even though they evaluate these jobs as less meaningful and less saHsfying. This finding contrasts 
with the standard predicHon from compensaHng wage differenHal theory and remains difficult to 
explain. One possibility is that respondents separate evaluaHons of job quality from normaHve 
judgments about appropriate wages. Another possibility is that respondents view wages primarily 
as compensaHon for producHvity rather than for non-pecuniary job characterisHcs. The present 
study cannot disHnguish between these explanaHons, and future research should examine why 
reducHons in perceived job quality do not translate into higher perceived fair wages. 

 
More broadly, the findings contribute to the emerging literature on the non-pecuniary 

consequences of AI in the workplace. Much of the exisHng debate focuses on producHvity, 
employment, and wages. The results presented here suggest that AI also shapes how individuals 
evaluate the human experience of work. Even when respondents consider AI-based safety 
systems to be as effecHve as human supervision, they perceive them as reducing important non-
monetary aspects of job quality. These percepHons may reflect broader concerns about opaque 
algorithmic decision-making, reduced human interacHon, and diminished respect for workers' 
autonomy, privacy, and dignity. 

 
Several limitaHons suggest promising direcHons for future research. First, respondents 

evaluated hypotheHcal job scenarios rather than actual workplace experiences. Although the 
experimental design provides strong internal validity, future studies should examine whether 
similar effects emerge auer workers gain direct experience with AI-based safety systems. Second, 
the study focuses on the Netherlands, a country characterized by relaHvely safe workplaces, 
strong labor-market insHtuHons, and comparaHvely high levels of insHtuHonal trust. Whether 
these findings generalize to countries with different insHtuHonal seongs remains an open 
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quesHon. Third, respondents evaluated a single hypotheHcal job profile. Future research could 
employ paired-vignePe or conjoint designs (Hainmuller et al., 2015) to increase external validity 
and study the trade-offs individuals make when evaluaHng alternaHve workplace technologies. 
Finally, future work should examine whether familiarity with AI-based safety systems changes 
these percepHons over Hme or whether concerns about privacy, dignity, and work quality persist 
as these technologies become more common. 

 
Overall, the findings suggest that organizaHons introducing AI into workplace safety 

should pay aPenHon not only to the technology's effecHveness but also to how workers perceive 
its implicaHons for work quality. Designing AI systems that preserve workers' dignity, privacy, and 
human agency may prove as important for successful adopHon as improving the systems' 
technical performance. 
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APPENDIX A 
Survey Ques4onnaire Impact of AI-driven Safety Systems on Worker Well-being 

 
 

DUTCH VERSION OF THE QUESTIONNAIRE (ENGLISH BELOW) 
 
Introductie (alle respondenten) 
In deze vragenlijst leest u over een fabriek en de veiligheidsregels die daar gelden. Stel u zich voor 
dat u als werknemer in deze fabriek werkt. Beantwoord de vragen op basis daarvan zo goed 
mogelijk. Uw antwoorden helpen ons beter te begrijpen hoe werknemers veiligheid op de 
werkvloer ervaren. 
 
Standaardbeschrijving (alle respondenten) 
Een 40-jarige man werkt 40 uur per week aan de lopende band in een grote fabriek. Hij is 
getrouwd en verkeert in goede lichamelijke en geestelijke gezondheid. Zijn taken bestaan uit het 
bevestigen van onderdelen, het controleren op defecten of het inpakken van producten terwijl 
deze over een transportband bewegen. 
 
Het bedrijf houdt zich aan alle veiligheidsregels uit de Arbowet. Werknemers dragen 
beschermende uitrusting (handschoenen, helmen, gehoorbescherming) en krijgen 
veiligheidstrainingen. De machines worden goed onderhouden. De werksfeer is positief en 
collegiaal. De taken bestaan vaak uit het tillen van zware voorwerpen, langdurig staan en het 
werken in lawaai van machines. Soms zijn de productieschema’s strak en moet er snel worden 
gewerkt om deadlines te halen. 
 
Basisvragen (alle respondenten) 
 
Lees de bovenstaande beschrijving zorgvuldig door. Als u het antwoord niet zeker weet, lees dan 
de beschrijving opnieuw voordat u verdergaat.  
 
1. Volgens de beschrijving, welke veiligheidsregels zijn aanwezig voor werknemers in de 
fabriek? 

• Werknemers dragen beschermende uitrusting, krijgen veiligheidstraining en de 
machines worden onderhouden 

• Werknemers nemen hun eigen gereedschap mee en bepalen hun eigen veiligheidsregels 
• Werknemers krijgen geen veiligheidstraining en inspecties zijn zeldzaam 
• Weet ik niet 

 
2. Op basis van de beschrijving, in welke mate is het werk van deze werknemer…? 
(1 = Helemaal niet, 7 = Heel erg) 
 1 2 3 4 5 6 7 
…veilig ○ ○ ○ ○ ○ ○ ○ 
…risicovol ○ ○ ○ ○ ○ ○ ○ 
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 1 2 3 4 5 6 7 
…stressvol ○ ○ ○ ○ ○ ○ ○ 
…fysiek zwaar ○ ○ ○ ○ ○ ○ ○ 
 
3. Op basis van de beschrijving, hoe waarschijnlijk is het dat dit werk voor deze werknemer 
leidt tot … 
(1 = Zeer onwaarschijnlijk, 4 = Niet onwaarschijnlijk en niet waarschijnlijk, 7 = Zeer 
waarschijnlijk) 
 1 2 3 4 5 6 7 
…arbeidsongevallen ○ ○ ○ ○ ○ ○ ○ 
…lichamelijke klachten (bijv. rugpijn, nekpijn, oogklachten) ○ ○ ○ ○ ○ ○ ○ 
…mentale klachten (bijv. stress, vermoeidheid, angst) ○ ○ ○ ○ ○ ○ ○ 
 
4. Op basis van de beschrijving, in welke mate denkt u dat de werknemer… 
(1 = Helemaal niet, 7 = Heel erg veel) 
 1 2 3 4 5 6 7 
tevreden is met het werk ○ ○ ○ ○ ○ ○ ○ 
het werk zinvol vindt ○ ○ ○ ○ ○ ○ ○ 
het werk maatschappelijk nuog vindt ○ ○ ○ ○ ○ ○ ○ 
 
5. Op basis van de beschrijving, wat vindt u een passend bruto maandsalaris voor deze 
werknemer? Ga uit van een 40-urige werkweek en een salaris exclusief bonussen. 

• ○ Minder dan €1.500 
• ○ €1.500–1.999 
• ○ €2.000–2.499 
• ○ €2.500–2.999 
• ○ €3.000–3.499 
• ○ €3.500–3.999 
• ○ €4.000 of meer 

 
De fabriek voert een nieuw veiligheidssysteem in. Op de volgende pagina krijgt u een 
beschrijving van dit nieuwe systeem. Lees de beschrijving goed door en beantwoord dan de 
vragen over dit nieuwe systeem. 
Beschrijving nieuw veiligheidssysteem 
 
Groep 1: Alleen AI-veiligheidssysteem (N = 700) 
Het bedrijf voert een nieuw veiligheidssysteem in dat volledig is gebaseerd op kunstmatige 
intelligentie (AI), speciaal ontwikkeld om in real-time risico’s en gevaren op de werkvloer te 
detecteren. 
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Het AI-systeem houdt de productievloer voortdurend in de gaten met behulp van camera’s en 
slimme wearables (zoals helmen met sensoren), en monitort veiligheid gerelateerde signalen 
zoals vermoeidheid, oververhitting of plotselinge, onregelmatige bewegingen. Het controleert 
ook op gevaren zoals defecte machines, gladde vloeren of het ontbreken van beschermende 
uitrusting. 
 
Het AI-systeem geeft directe veiligheidswaarschuwingen en aanbevelingen aan werknemers 
(bijv. het nemen van een pauze). Het systeem en alle verzamelde gegevens worden uitsluitend 
gebruikt voor veiligheidsdoeleinden. 
 
 
Groep 2: Alleen menselijk veiligheidssysteem (N = 700) 
Het bedrijf voert een nieuw veiligheidssysteem in dat volledig is gebaseerd op getrainde 
veiligheidstoezichthouders, speciaal ontwikkeld om in real-time risico’s en gevaren op de 
werkvloer te detecteren. 
 
De toezichthouders houden de productievloer voortdurend in de gaten door regelmatig rondes 
te lopen en te letten op aan veiligheid gerelateerde signalen zoals vermoeidheid, oververhitting 
of plotselinge, onregelmatige bewegingen. Ze controleren ook op gevaren zoals defecte 
machines, gladde vloeren of het ontbreken van beschermende uitrusting. 
 
De getrainde toezichthouders geven directe veiligheidswaarschuwingen en aanbevelingen aan 
werknemers (bijv. het nemen van een pauze). Het systeem en alle verzamelde gegevens worden 
uitsluitend gebruikt voor veiligheidsdoeleinden. 
 
Groep 3: Hybride veiligheidssysteem (AI + mens) (N = 700) 

Het bedrijf voert een nieuw veiligheidssysteem in dat een combinatie is van kunstmatige 
intelligentie (AI) en getrainde veiligheidstoezichthouders, speciaal ontwikkeld om in real-time 
risico’s en gevaren op de werkvloer te detecteren. 

Het AI-systeem houdt de productievloer voortdurend in de gaten met behulp van camera’s en 
slimme wearables (zoals helmen met sensoren), en monitort veiligheid gerelateerde signalen 
zoals vermoeidheid, oververhitting of plotselinge, onregelmatige bewegingen. Het controleert 
ook op gevaren zoals defecte machines, gladde vloeren of het ontbreken van beschermende 
uitrusting. 

De toezichthouders houden de productievloer voortdurend in de gaten door regelmatig rondes 
te lopen en te letten op aan dezelfde veiligheid gerelateerde signalen en gevaren. Zij beoordelen 
ook de waarschuwingen van het AI-systeem en geven directe veiligheidswaarschuwingen en 
aanbevelingen aan werknemers (bijv. het nemen van een pauze). Het systeem en alle verzamelde 
gegevens worden uitsluitend gebruikt voor veiligheidsdoeleinden. 
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Groepsspecifieke vraag 
 
Lees de bovenstaande beschrijving zorgvuldig door. Als u het antwoord niet zeker weet, lees 
dan de beschrijving opnieuw voordat u verdergaat.  
 
6. Volgens de beschrijving, waaruit bestaat het nieuwe veiligheidssysteem? 
6a. [Alleen getoond aan Groep 1: Alleen AI-veiligheidssysteem] 

○ Een op AI gebaseerd veiligheidssysteem 
○ Meer gebruik van veiligheidsbrillen en -schoenen 
○ Nieuwe veiligheidstraining 
○ Weet ik niet 

 
6b. [Alleen getoond aan Groep 2: Alleen menselijk veiligheidssysteem] 

○ Getrainde veiligheidstoezichthouders 
○ Meer gebruik van veiligheidsbrillen en -schoenen 
○ Nieuwe veiligheidstraining 
○ Weet ik niet 

 
6c. [Alleen getoond aan Groep 3: Hybride veiligheidssysteem (AI + mens)] 

○ Een combinatie van AI en getrainde veiligheidstoezichthouders 
○ Meer gebruik van veiligheidsbrillen en -schoenen 
○ Nieuwe veiligheidstraining 
○ Weet ik niet 

 

Vragen voor alle respondenten 

7. Na de invoering van het nieuwe veiligheidssysteem, in welke mate is het werk van deze 
werknemer… 

(1 = Helemaal niet, 7 = Zeer veel) 

 1 2 3 4 5 6 7 
…veilig ○ ○ ○ ○ ○ ○ ○ 
…risicovol ○ ○ ○ ○ ○ ○ ○ 
…stressvol ○ ○ ○ ○ ○ ○ ○ 
…fysiek zwaar ○ ○ ○ ○ ○ ○ ○ 
 

8. Na de invoering van het nieuwe veiligheidssysteem, hoe waarschijnlijk is het dat dit werk 
voor deze werknemer leidt tot… 
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(1 = Zeer onwaarschijnlijk, 4 = Niet onwaarschijnlijk en niet waarschijnlijk, 7 = Zeer 
waarschijnlijk) 

 1 2 3 4 5 6 7 
…arbeidsongevallen ○ ○ ○ ○ ○ ○ ○ 
…lichamelijke klachten (bijv. nekpijn, rugpijn, oogklachten) ○ ○ ○ ○ ○ ○ ○ 
…mentale klachten (bijv. stress, vermoeidheid, angst) ○ ○ ○ ○ ○ ○ ○ 
 
9. Na de invoering van het nieuwe veiligheidssysteem, in welke mate denkt u dat de 
werknemer… 

(1 = Helemaal niet, 7 = Zeer veel) 

 1 2 3 4 5 6 7 
…tevreden is met het werk ○ ○ ○ ○ ○ ○ ○ 
…het werk zinvol vindt ○ ○ ○ ○ ○ ○ ○ 
…het werk maatschappelijk nuog vindt ○ ○ ○ ○ ○ ○ ○ 
 

10. Na invoering van het nieuwe veiligheidssysteem, wat vindt u een passend bruto maandsalaris 
voor deze werknemer? Ga uit van een 40-urige werkweek en een salaris exclusief bonussen. 

• ○ Minder dan €1.500 
• ○ €1.500–1.999 
• ○ €2.000–2.499 
• ○ €2.500–2.999 
• ○ €3.000–3.499 
• ○ €3.500–3.999 
• ○ €4.000 of meer 

11. In welke mate hebt u er vertrouwen in dat het nieuwe veiligheidssysteem… 

(1 = Helemaal geen vertrouwen, 7 = Volledig vertrouwen) 

 1 2 3 4 5 6 7 
…arbeidsongevallen kan voorkomen ○ ○ ○ ○ ○ ○ ○ 
…mentale gezondheid op het werk kan verbeteren ○ ○ ○ ○ ○ ○ ○ 
…fysieke gezondheid op het werk kan verbeteren ○ ○ ○ ○ ○ ○ ○ 
…gerichte adviezen geven over veiligheid ○ ○ ○ ○ ○ ○ ○ 
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12. Hoe effec4ef denkt u dat het nieuwe veiligheidssysteem is in het verbeteren van de 
veiligheid op de werkvloer? 

(1 = Helemaal niet effec4ef, 7 = Heel erg effec4ef) 

13. In welke mate respecteert het nieuwe veiligheidssysteem het volgende… 

(1 = Helemaal niet, 7 = Volledig) 

 1 2 3 4 5 6 7 
…de privacy van werknemers ○ ○ ○ ○ ○ ○ ○ 
…de waardigheid van werknemers ○ ○ ○ ○ ○ ○ ○ 
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ENGLISH QUESTIONNAIRE 
 
Introduction (All respondents) 
In this survey, you will read about a manufacturing plant and its safety measures. Imagine the 
experience of a worker at this plant. Please answer the questions based on this description as 
best as you can. Your answers will help us better understand how workers experience workplace 
safety. 
 
Baseline Vignette (All respondents) 
Imagine a 40-year-old male assembly line worker working 40 hours per week in a large 
manufacturing plant. He is married and in good physical and mental health. His tasks include 
attaching parts, checking for defects, or packing products as items move along a conveyor belt.  
 
The company follows all workplace safety rules under the Dutch Occupational Health and Safety 
Act (Arbowet).  
 
Workers wear protective gear (gloves, helmets, ear protection) and receive safety training. The 
machines are well maintained. The workplace culture is positive and cooperative. The tasks often 
include carrying heavy loads, standing for long periods, and noise from the machines. Production 
schedules can be tight, and the worker sometimes has to work quickly to meet deadlines. 
 
Baseline Questions (All respondents) 
Please read the description above carefully. If you are not sure of the answer, re-read the 
description before responding.  

1. According to the description, what safety measures are in place for workers in the 
manufacturing plant?  
Workers wear protective gear, receive safety training, and machinery is maintained 
Workers bring their own tools and decide their own safety rules 
Workers do not receive safety training, and inspections are rare 
I don’t know 
 

2. Based on the description, to what extent do you think that this job is…? 

 1= Not at 
all 2 3 4  5 6 7 = Very much 

Safe ○ ○ ○ ○ ○ ○ ○ 
Risky ○ ○ ○ ○ ○ ○ ○ 
Stressful ○ ○ ○ ○ ○ ○ ○ 
Physically demanding ○ ○ ○ ○ ○ ○ ○ 

 

       

 
3. Based on the description, how likely do you think it is that this job leads to the following 

for this worker? 
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 1 = Very 
Unlikely 2 3 4 = Neither Likely 

nor Unlikely 5 6 7 = Very 
Likely 

Workplace accidents ○ ○ ○ ○ ○ ○ ○ 
Physical health issues (e.g., neck pain, 
back pain, eye strain) ○ ○ ○ ○ ○ ○ ○ 

Mental health issues (e.g., stress, 
faHgue, anxiety) ○ ○ ○ ○ ○ ○ ○ 

 
4. Based on the description, to what extent do you think that this worker …? 

 
 1 = Not at all 2 3 4 5 6 7 = Very much 
Is saHsfied with the job ○ ○ ○ ○ ○ ○ ○ 
Finds the job meaningful ○ ○ ○ ○ ○ ○ ○ 
Finds the job socially useful ○ ○ ○ ○ ○ ○ ○ 
 
 

5. Based on the descripHon, what do you think is an appropriate monthly gross salary for 
this worker? Assume a 40-hour workweek and a salary excluding bonuses. 

Less than €1,500 
€1,500–1,999 
€2,000–2,499 
€2,500–2,999 
€3,000–3,499 
€3,500–3,999 
€4,000 or more 

 
 
 
The manufacturing plant introduces a new safety system. On the next page you will see a 
descrip4on of the new system. Read the descrip4on carefully and answer the ques4ons about 
the new system.  
 
Descrip4on of the new safety system 
 
3. Treatment Scenarios (Random Assignment to 3 Groups, roughly 700 respondents per 
group) 
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Group 1: AI-Only Safety System, N=700 
The company introduces a new safety system based entirely on Artificial Intelligence (AI), 
specifically designed to detect workplace risks and hazards in real time. 
 
The AI system continuously monitors the factory floor using smart wearables (e.g., helmets with 
sensors) and cameras. It tracks safety-related signs such as fatigue, overheating, or sudden 
irregular movements, and checks for hazards such as malfunctioning machinery, slippery floors, 
or missing safety gear. 
 
The AI system provides immediate safety alerts and recommendations to workers (e.g., 
suggesting a break). The safety system and any collected data are used only for safety purposes. 
 
Group 2: Human-Only Safety System, N=700 
The company introduces a new safety system based entirely on trained safety supervisors, 
specifically designed to detect workplace risks and hazards in real time. 
 
The supervisors continuously monitor the factory floor by regularly walking through it and 
observing safety-related signs such as fatigue, overheating, or sudden irregular movements, and 
checking for hazards such as malfunctioning machinery, slippery floors, or missing safety gear. 
 
The trained safety supervisors provide immediate safety alerts and recommendations to workers 
(e.g., suggesting a break). The safety system and any collected data are used only for safety 
purposes. 
 
 
Group 3: Hybrid Human + AI System, N=700 
The company introduces a new safety system based on a combination of Artificial Intelligence 
(AI) and trained safety supervisors, specifically designed to detect workplace risks and hazards in 
real time. 
 
The AI system continuously monitors the factory floor using smart wearables (e.g., helmets with 
sensors) and cameras. It tracks safety-related signs such as fatigue, overheating, or sudden 
irregular movements, and checks for hazards such as malfunctioning machinery, slippery floors, 
or missing safety gear. 
 
The trained safety supervisors regularly walk through the factory floor to observe workers 
directly and look for the same types of hazards. They also review AI safety alerts and provide 
immediate recommendations to workers (e.g., suggesting a break). The safety system and any 
collected data are used only for safety purposes. 
 
 
Group-specific quesAon 
Please read the descripHon above carefully. If you are not sure of the answer, re-read the 
descripHon before responding.  
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6. According to the description, what does the new safety system consist of? 
6a. [Shown only to Group 1: AI-Only Safety System] 

An AI-based safety system 
Increased use of safety goggles and boots 
New safety training 

  I don’t know 
6b. [Shown only to Group 2: Human-Only Safety System] 

Trained safety supervisors 
Increased use of safety goggles and boots 
New safety training 

 I don’t know 
  
6c. [Shown only to Group 3: Hybrid Human + AI System] 

A combination of AI and trained safety supervisors 
Increased use of safety goggles and boots 
New safety training 

  I don’t know 
 
 
 
 
QuesAons for all respondents  
 
Answer all questions based on the description you just read.  
 

7. After the implementation of the new safety system, to what extent do you think that 
this job is…? 

 1= Not at all 2 3 4  5 6 7 = Very much 

Safe ○ ○ ○ ○ ○ ○ ○ 
Risky ○ ○ ○ ○ ○ ○ ○ 
Stressful ○ ○ ○ ○ ○ ○ ○ 

Physically demanding ○ ○ ○ ○ ○ ○ ○ 
 

        

 
8. Auer the implementaHon of the new safety system, how likely do you think it is that this 

job leads to the following for this worker…? 

 1 = Very 
Unlikely 2 3 4 = Neither Likely 

nor Unlikely 5 6 7 = Very 
Likely 

Workplace accidents ○ ○ ○ ○ ○ ○ ○ 
Physical health issues (e.g., neck pain, 
back pain, eye strain) ○ ○ ○ ○ ○ ○ ○ 



 36 

 1 = Very 
Unlikely 2 3 4 = Neither Likely 

nor Unlikely 5 6 7 = Very 
Likely 

Mental health issues (e.g., stress, 
faHgue, anxiety) ○ ○ ○ ○ ○ ○ ○ 

 
9. Auer the implementaHon of the new safety system, to what extent to you think that this 

worker …? 
 

 1=Not at all 2 3 4 5 6 7 = Very 
Is saHsfied with the job ○ ○ ○ ○ ○ ○ ○ 
Finds the job meaningful ○ ○ ○ ○ ○ ○ ○ 
Finds the job socially useful ○ ○ ○ ○ ○ ○ ○ 

 
10. After the implementation of the new safety system, what do you think is an appropriate 

monthly gross salary for this worker? Assume a 40-hour workweek and a salary 
excluding bonuses. 

Less than €1,500 
€1,500–1,999 
€2,000–2,499 
€2,500–2,999 
€3,000–3,499 
€3,500–3,999 
€4,000 or more 

 
11. How much would you trust the new safety system to do the following…? 

 

 1= Completely 
distrust 2 3 4 5 6 7 = Completely 

trust   
Prevent workplace accidents ○ ○ ○ ○ ○ ○ ○ 
Improve mental health at work ○ ○ ○ ○ ○ ○ ○ 
Improve physical health at work ○ ○ ○ ○ ○ ○ ○ 
Provide targeted safety 
recommendaHons ○ ○ ○ ○ ○ ○ ○ 

        
12. How effective do you think the new safety system is in improving workplace safety? 

1 = Not Effective – 7 = Very Effective 
 

 
13. Based on the description, to what extent do you think this new safety system respects 

the following? 
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 1 = Not at all  2 3 4 5 6 7 = Completely 
Workers’ privacy ○ ○ ○ ○ ○ ○ ○ 
Workers’ dignity ○ ○ ○ ○ ○ ○ ○ 
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