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Abstract

Artificial intelligence (AI) and sensor technology have made collaborative robots (cobots)
more relevant in the industry. However, an understanding of how human-cobot interaction
differs from human-human interaction is vital, as cobots become more adaptive to workers’ be-
haviour and needs. We conducted a controlled and incentivized “field-in-the-lab” experiment in
a realistic production environment. In all treatments, there was a human Worker 1 at Station
1 in a two-station production line. We varied whether Worker 2 at Station 2 was a human or a
robot. The teams produced electronic motor components, and Worker 1 could submit interme-
diate products to Worker 2 or a “waiting queue.” All components that completed the queue or
were finished by Worker 2 counted toward the team payoff. Worker 1’s production speed was
classified as “high” (H), “medium” (M), or “low” (L). In line with this speed, in the “adaptive”
treatments, the robot was set to production speed H>M>L, Worker 2 received productivity
feedback H>M>L, or Worker 2 received piece rate H>M>L. We find strong robotic aversion
and blame shifting toward the robots. Adaptivity increased productivity and mildly reduced
robotic aversion. It also reduced the allocation of blame, but this reduction was not statistically
significant. This study has important implications for using cobots and can inform the adaptive

design of effective human-robot collaboration, which can enhance workplace productivity.
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Collaborative robots (cobots) become more common in industrial settings (Graetz and Michaels,
2018; |Cheng et al., 2019). Thus, it is crucial to understand how human-cobot interaction differs
from human-human interaction. Cobots are designed to work safely alongside and in close physical
proximity to human workers, allowing the cobots and human workers to interact. Cobots can thus
be a valuable workforce addition, especially for repetitive, dangerous, and physically more strenuous
tasks. On the one side, this means human-cobot interaction will become more frequent in industrial
settings. Thus, it is important that human workers accept the cobots as coworkers and that they
are willing to actively include them in the production process. On the other side, the focus on safe
interaction implies that the social impact of the human-cobot interaction in the workplace is not
the primary focus in cobot design. Thus, it is also important to understand whether the cobots’
inclusion in the production process induces a diffusion of responsibility with the cobots receiving
more blame for negative work outcomes than the human coworkers. Human workers might feel
an inhibition to blaming their human coworkers—a behavioural convention potentially not (yet)
applying when interacting with a cobot. We thus want to investigate whether (i) human workers
prefer human coworkers over cobots when working on a joint task and (ii) whether human workers
have a lower inhibition to shifting blame to a cobot as compared to shifting it to a human coworker,

when the blame allocation has real (monetary) consequences.

To answer the first question, we start out from previous findings that suggest that a “lack of
control” and a perceived “black box nature” of algorithms, artificial intelligence (AI), and machines
more generally can lead to lower acceptance of algorithms, or even to aversion (Dietvorst et al.,
2015} 2018} Dietvorst and Bharti, 2019). However, Al has become increasingly adaptive in recent
years to react to worker behaviour. As a result, cobots are now increasingly being operated using
AT technology, mainly to enhance their safety when reacting to what workers do, but consequently
also increasing their capabilities for adaptivity. In a broad definition, adaptivity in terms of worker
behaviour refers to the ability of a system or machine to adjust its behavior based on the actions
and preferences of the worker. If workers realise their influence on the cobots through this channel,
this could give them an increased feeling of control. Therefore, it is crucial to investigate whether
the adaptive design of human-cobot interactions can increase robot acceptance or reduce robot
aversion. For our second research question, we investigate whether this change in perceived control
also leads to a change in perceived responsibility and, in turn, a change in blame allocation.

We conducted a “field-in-the-lab” experiment (Kandler et al., [2021) to investigate human-robot
collaboration in a controlled, incentivised, and realistic production environment. In all treatments,

we set up a production line with two stations and there always was a human participant in the role



of Worker 1 at Station 1. We varied whether Worker 2 at Station 2 was a human participant or a
robotf_-] These production teams produced an electronic motor component. Worker 1 could submit
intermediate products to Worker 2 or a neutral “waiting queue.” All components that completed
the waiting queue—after a certain time elapsed—or were finished by Worker 2 counted toward the
payoff of all human workers in the team. We used a team piece rate with 60 ECU for each counted
component at an exchange rate of 1 ECU=€0.01. Worker 1’s production speed was classified to
be “High,” “Medium,” or “Low.” In the Human-Static and Robot-Static treatments, this had
no effect on Worker 2. In the Adaptive treatments, in line with Worker 1’s production speed,
(a) the robot was set to a production speed H>M>L (Robot-Adaptive), (b) Worker 2 received
productivity feedback H>M>L (Human-Feedback), or (c) Worker 2 received piece rate H>M>L
(Human-Incentive). Worker 1 was informed about the setup in each treatment. We tested whether
this adaptivity affected Worker 1’s behaviour. Subsequently, we elicited blame in an incentivised
decision. We analysed the ratio of intermediate products passed to team members relative to the

waiting queue to test for “robotic aversion” and allocation of blame between team members.

We find strong evidence for both robotic aversion and a higher blame allocation to the robotic
compared to the human coworkers. Adaptivity had a strong positive effect on productivity. Con-
trolling for team productivity, we find mild evidence for more intermediate products being passed
to the robotic coworker in the Robot-Adaptive than the Robot-Static treatment. We also find mild
evidence that participants passed more intermediate products to human coworkers in the adaptive
(Human-Feedback and Human-Incentives) than the Human-Static treatment. Thus, adaptivity in-
creases the degree to which Worker 1 integrates Worker 2 into the production process (irrespective
of whether Worker 2 is a human or robotic coworker). Regarding the allocation of blame, adap-
tivity qualitatively reduces the amount of blame shifted to Worker 2—again irrespective of whether

Worker 2 is a human or robotic coworker—but this difference is not statistically significant.

We mainly relate to two strains of the literature. One is the economics and psychology literature
of human-machine interaction (HMI), mainly using lab and field experiments. |(Chugunova and Sele
(2020)) and [Jussupow et al.| (2020) provide excellent literature surveys on the more recent studies
within this methodological framework. Recent studies that have received particular attention are
those relating to the phenomena of algorithm aversion (Dietvorst et al., 2015, 2018; Dietvorst
and Bharti, [2019) and algorithm appreciation (Logg et al., 2019). The aforementioned literature
surveys suggest that aversion is more pronounced in moral and social domains, whereas appreciation

(and lower aversion) is more likely to be found when people have some degree of control over the
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automated agent. |Savela et al.| (2021) report evidence from a vignette study suggesting that humans
in mixed human-robot teams have a lower in-group identification than those in purely human teams.
Leo and Huh! (2020) suggests that participants would attribute more blame to themselves than to
a robot. This connects the literature on HMI to the economic literature on blame shifting (Oexl

and Grossman, 2013} Feier et al., [2022), that we also inform with our experiment.

Our study has important implications for the design and implementation of cobots in the work-
place. Adaptive design of effective human-robot collaboration needs to consider that humans may
prefer to work with human team members over cobots. Adaptivity can play an important role in
moderating such preferences. Additionally, it is important to recognise that humans may allocate
blame differently between human and robot team members. With an increasing amount of ‘agentic’
technology (AlI, chatbots, robots/cobots) being employed in the work context, this could become a

barrier to personal and social responsibility.
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