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Abstract
The number of industrial robots and collaborative robots on manufacturing shopfloors has been rapidly increasing over the
past decades. However, research on industrial robot perception and attributions toward them is scarce as related work has
predominantly explored the effect of robot appearance, movement patterns, or human-likeness of humanoid robots. The
current research specifically examines attributions and perceptions of industrial robots—specifically, articulated collaborative
robots—andhow the typeofmovements of such robots impact humanperception andpreference.Wedeveloped and empirically
tested a novel model of robot movement behavior and demonstrate how altering the movement behavior of a robotic arm leads
to differing attributions of the robot’s human-likeness. These findings have important implications for emerging research on
the impact of robot movement on worker perception, preferences, and behavior in industrial settings.

Keywords HRI · Industrial robots · Articulated robot · Collaborative robots · Human-likeness · Anthropomorphism ·
Acceptance ·Movements

1 Introduction

According to the International Federation of Robotics’ (IFR)
2021 World Robot Report, the robot density in manufactur-
ing nearly doubled from 66 robots per 10,000 employees
in 2015 to 126 robots while the market grew by 12% for
professional service robots and by 16% for consumer ser-
vice robots in 2020 [1,2]. Since the number of robots is
increasing in both private and business contexts, the design
of more ergonomically and psychologically pleasing inter-
actions between humans and robots is gaining increased
importance. This is especially true for collaborative robots
that are explicitly built for close (physical) collaborationwith
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humans in the absence of classical protective equipment [3–
7].

Existing research in the human–robot interaction (HRI)
field focuses on the effects of appearance and behavior of
humanoid and service robots that exhibit human-like char-
acteristics such as gaze or voice [7,8]. However, given the
increasing deployment of collaborative industrial robots on
shopfloors, more research on the downstream effects on
worker perception in industrial contexts is needed. With this
study, we specifically examine the effects of different move-
ment behaviors on the perception and attributions toward
industrial collaborative robots.

In contrast to humanoid robots with their human-like
characteristics, articulated robots have only limited human-
like features and cannot interact through facial expression
or voice cues. Industrial articulated robots are character-
ized by rotary joints and have limited degrees of freedom
(DoF), depending on the number and arrangement of their
joints. They are used for several applications on industrial
shopfloors such as material handling, packaging, assem-
bly, welding, or painting. Unlike conventional industrial
robots, collaborative robots (cobots) do not require protec-
tive devices such as fences, as they have sensors that prevent
injuries to their human co-workers. The objecive of this paper
is to provide a first systematic test of the movement patterns
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of such cobots impact the subjective perceptions of the human
observer.

This paper is structured as follows. After a review of
related work in the HRI field (Sect. 2), we outline the design
and procedures of a causal experiment that isolates distinct
movement behaviors of robotic arms and the effects of these
distinct movement modalities on perceived human-likeness
as well as preference (Sect. 3). We then present the empirical
results in Sect. 4, a general discussion in Sect. 5, and discuss
limitations in Sect. 5.1. Finally, we conclude and provide an
outlook on future work in Sect. 5.2.

2 RelatedWork

Several studies have investigated the relationship between a
robot’s appearance, behavior, human-likeness, and effects of
these dimensions on resulting interactions with humans. This
line of research across technology, psychology, sociology,
and economics investigates effects such as that humans com-
municate and observe their and others’ internal states through
how they perform certain actions or the influence of co-
verbal gestures and eye gaze on interactions between humans
and humanoid robots. The findings of this line of research
includes, inter alia, that people tend to anthropomorphize
robots that use co-verbal gestures more [9] and that human
responses to robot vs. human gaze differs [10], even for
infants, as demonstrated byManzi et al. [11]. In order to influ-
ence the perception of industrial cobots by humans through
a modulation of their movement behavior, a deeper under-
standing of how these movements are perceived by humans
is required. Regarding planning of robot movements, several
streams of research [6,12–14] focused on transparency per-
ceptions, proposing strategies to improve the predictability
and legibility of robot movements to enable more ergonomic
robot–human interactions. Apart from effects on and percep-
tions of the individual, adjacent research fields investigated
the acceptance of robots and automation in general on actual
shopfloors and with real workers. Lotz et al. [5] found work-
ers’ concerns such as job loss and safety issues to be relevant
to hinder acceptance, while enjoyment and output qual-
ity reinforced robot acceptance. For the present study, this
indicates the potential to increase individuals’ evaluation of
industrial robots if movement behaviors are more intention-
ally designed and modulated in a way that reduce (at lest
some of) these obstacles such as enhacing their perceived
safety or enjoyment.

We survey themain relevant results from these fields along
with a brief discussion of human-human interactions in the
following section (Sect. 2.1), and discuss specifically the
importance of human-likeness attributions. Subsequently, in
Sect. 2.2 we discuss relevant key constructs, followed by a
discussion of related studies that modulated robot behavior

and serve as groundwork for the design of manipulations in
our context (see Sect. 2.3).

2.1 Human-Likeness and the Anthropomorphization
of Objects

Many research fields try to explain the human–machine rela-
tionship based on findings from studying interactions among
people. Many of the identified mechanisms are applicable to
robots as well and can be used to better design human–robot
interactions. For example, media equation theory articulates
that people tend to attribute human behavior and emotions to
technical devices. Reeves and Nass [15] were able to show
that people are not only polite to people but also to computers,
and that social rules apply to inanimate media as well, even
though the computer “showed plain text on a plain black-
and-white screen” and did not have any artificial intelligence,
virtual reality, or “any other obvious display of social pres-
ence” [15]. Interactions, i.e. “the capacity to react towhatwas
and is being said and done” [16] therefore have the poten-
tial to be designed to have robots behave in more desirable
ways when collaborating with humans. Anthropomorphism
refers to people relating with non-human entities in similar
ways as if these were humans and, with regard to humans,
“involves the tendency to attribute human characteristics to
robots” [17]. These effects exist with different objects and
in different situations, e.g., even natural disasters or diseases
may be “described in anthropomorphic terms” if an individ-
ual is personally affected [18]. Airenti discusses that “we
may also anthropomorphize objects that we see as obstacles
to our action, such as a door that does not open” and “we
feel as an obstacle the fact that something that should coop-
erate with us actually does not”. Since all objects that are
able to cooperate with us or hinder our activities “may be
the target of an anthropomorphic attitude” and since robots
“are purposefully constructed to interact with humans”, these
effects are hypothesized to be even stronger when interacting
with robots. In addition, such effects underlie individual and
cultural differences: a lonely person without social contacts
establishes more imaginary relations with non-human enti-
ties [18]. Moreover, these effects are also moderated by prior
experiences:Mohammad andNishida [19] demonstrates that
only a few minutes of interaction with a robot can make a
difference with regard to the effect on the assessment of the
robot’s human-likeness.

With regards to the attribution of human characteristics
to robots, we need to understand the circumstances and fea-
tures that result in the perception of human-likeness. The
dimensions of “(de)humanization”—uniquely human char-
acteristics (UH) and human nature (HN) [20]—can be used
as guidance when attempting to humanize robots and their
behavior. Considering that “UH imply higher cognition,
civility, and refinement” whereas “HN involve emotional-

123



International Journal of Social Robotics

ity, warmth, desire, and openness” [19], we focus on lacking
HN which is referred to as mechanistic dehumanization and
means that entities are considered “inert, cold, rigid, fungible
and lacking agency” [20]. In a similar sense, “mind percep-
tion”, based on Theory of Mind (ToM), refers to the question
of who or what is perceived to have a mind [21]. Gray et
al. [22] identified two factors when assessing the perception
of different characters’ minds (the characters were young
children, animals, social robots, and God): Experience and
Agency. Using these concepts, desired characteristics of a
robot can be modulated, and it might be possible to improve
the perceived human-likeness not only of social robots with
humanoid features, but also of industrial articulated robot
arms. Several studies demonstrated that perceived human-
likeness has an influence on positive interactions: Koda and
Maes [23] shows that an agent with a human-like face is
considered more likeable and engaging than an agent with-
out face. Powers andKiesler [24] demonstrates how different
face and verbal configurations (such as male voice or short
chin) lead people to create certainmentalmodels of the robot.
Through these models, people then assess the “robot’s credi-
bility as an advisor” based on the consistency of the model’s
traits (e.g., matching of (male) voice and (long) chin) and
their “similarity to people and machines, gender, and social
and intellectual traits”. Hinds et al. [25] compares human-
like andmachine-like robots and finds differences in people’s
intention to feel responsible for a task. Riek et al. [26] finds
that people are more empathetic toward human-like robots,
compared tomechanical-looking robots, further emphasizing
our argument that the manipulation of robot behavior might
be used to positively influence preferred outcomeparameters.

A related area of research examining the impact of robot
movements is the kinematics field and more specifically how
certain actions (or movements) convey social signals to an
interaction partner. These action dynamics—called ‘vitality
forms’ by Stern [27] allow the sender to express their inter-
nal state as well as the receiver to understand other’s internal
states [28]. For example, the objective evaluation method of
Motor Inference (MI) assesed how“face-to-face observation
of a different (incongruent) movement of another individual
leads to a higher variance in one’s own movement trajec-
tory”. Given the lack of an anthropomorphic appearance,
interactions with industrial robots are arguably less intu-
itive and, according to Kupferberg et al., motor inference
may disappear when observing an industrial robot’s piece-
wise constant velocity [29]. However, humans are not only
able to understand what and why of others’ actions—i.e.,
the expressed goal-direction—, but also how these actions
are performed—the vitality form [30]. It is therefore con-
ceivable that individuals infer social signals from industrial
robots even in the complete absence of any anthropomorphic
cues.

To summarize, humans have a tendency to anthropo-
morphize robots and exhibit a general preference for more
human-like robots.We therefore hypothesize that human-like
movements and behaviors of an industrial cobot may lead to
more desirable interactions between robots and individuals.
We are specifically interested in examining this hypothesis
in the context of industrial robots due to their complete lack
of human-like characteristics.

2.2 Assessing Robot Perception and
Human-Likeness

Several measurement scales to investigate the effect of robot
behavior and characteristics, both qualitatively and quantita-
tively, have been proposed in the past. Bartneck et al. [31]
presents a series of questionnaires—called Godspeed—to
measure human perception of robots, using the constructs
of anthropomorphism, animacy, likeability, perceived intelli-
gence, and perceived safety. With regards to human-likeness
and ToM, “the attribution of internal states to the robot, i.e.,
to have a mind, is widely used and very promising in HRI”
[32]. An adjusted Attribution of Mental States (AMS) ques-
tionnaire was used in a study of Manzi et al. investigating the
effect of different robot designs on children, consisting of the
five dimensions: perceptive, emotive, desires and intentional,
imaginative, and epistemic.

To align our experiment with the above-mentioned human
preference for human-like robots, we use the Godspeed
anthropomorphism scale to measure perceived human-
likeness when interacting with a robot. The semantic dif-
ferential can be used to measure whether a manipulation of
robot behavior affected participant’s perceptions of a robot
and is further described in Sect. 3.4.

To inform the design of such manipulations, the following
section reviews prior research that modulated the appear-
ance,movements and behavior of (predominantly) humanoid
robots.

2.3 Manipulation of Robot Appearance and
Behavior

Investigations of the effects of robot characteristics on their
interactions with humans also have a long record in HRI
research and can be divided into several distinct fields. Robert
et al. [33] assesses the current state of human–robot person-
ality research in an extensive literature review that surveys
83 articles and 84 separate studies and summarizes key
dimensions that were used to investigate the impact of robot
personality: Robot behavior “was the most common inde-
pendent variable used to invoke robot personality”, including
physical (gestures, movement patterns, facial expression and
gaze) and communicative behavior (audio style, written text,
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linguistic style, voice gender voice speed and responsive-
ness) [33]. The appearance of robots “largely depended
on the robot used” and included robots with faces—either
physically simulated or displayed on a screen—and different
physical sizes [33]. We attempt to transfer existing findings
from humanoid robots to the expressive abilities of industrial
robots, in line with Elprama et al. who mention “consider-
ing the expected growth of the cobot market, it is surprising
how little research focuses on factory workers that are or
will be working with these cobots and the impact on their
working practices” [7] and Onnasch & Hildebrandt’s state-
ment that “research is needed to understand the effect of a
robot’s anthropomorphic features in work-related domains”
[34]. The following paragraphs provide a succinct overview
of existing research on the effect of different robot behav-
iors and appearances, with a focus on human-like design
elements.

With regard to robot appearance, one of the earliest
findings is the Uncanny Valley effect, i.e. the non-linear per-
ception of robots with human-like appearance [35]. With
regards to an industrial robot, it remains open if these find-
ings can be replicated using an articulated robot arm. On the
other hand, Marchetti et al. [36] discusses the relevance of
artificial agents’ anthropomorphic cues to recognize quali-
ties such as mind, particularly face and gaze, and the positive
effect on interactions with agents. However, our aim in the
present study is to exclude human-like appearance features
like adding a face to an industrial robot. For the sake of com-
pleteness, existing findings on the effect of such features will
still be presented hereafter. More recent studies investigated
effects of face displays on mind and personality perception
[37] and found a preference for robots with a human-like face
display versus silver-face or no-face on-screen displays. In
addition, robots with a human-like face were rated as “hav-
ing most mind, being most human-like, alive, sociable and
amiable”. With regards to human-like appearance, Phillips
et al. [38] proposes a database (ABOT) that decomposes
robots’ human-like appearance and allows researchers to pre-
dict how human-like new robots will be perceived based
on various appearance dimensions and features. Onnasch
& Hildebrandt [34] investigated the impact of anthropo-
morphism on trust and visual attention allocation using an
industrial cobot with a display that “showed an abstract face
consisting of two eyes and according eyebrows” as a surro-
gate humanoidization mechanism. “In contrast to numerous
positive results of anthropomorphic design in social HRI”,
they found no positive effects of anthropomorphism [34].
This result goes in line with our aim to only use a cobot’s
arm without any other human-like cues and to isolate the
effect of movement behaviors exclusively.

On the other hand, the design and effect of robot move-
ments evolved in various studies, including gesture expres-
sivity for virtual agents [39] with the result that “identical

gesture type may convey very different meanings depending
on its quality” and for robot movements, Castro-Gonzalez et
al. [40] demonstrates that naturalistic movement character-
istics determine people’s responses to a robot’s likeability.
Regarding the design of ergonomic hand-over tasks between
robots and humans that result in safe, legible, and socially
acceptable robot behavior [41–43], Mainprice et al. [41]
finds three human constraints to be relevant to compute the
most suitable place for an object transfer: distance, visibility,
and comfort. Several studies investigated anthropomorphic
industrial robotmotions and their effects on transparency and
human predictability [6,12–14] and demonstrated “shorter
prediction time and fewer errors when using anthropomor-
phic speed profiles” [6]. Salem et al. [9] reports that specific
co-verbal hand and arm gestures of humanoid robots have
an effect on perceived anthropomorphism, likeability, shared
reality and “increased future contact intentions than when
the robot gave instructions without gestures”. Bortot et
al. [44] investigates predictability characteristics of robot
movements and finds that variation in robot velocity has neg-
ative effects on human performance and well-being, and that
constant, linearmotion of the robot’s end effector “seem[s] to
be the most promising way to program the robot if you want
to reach high levels of human well-being and performance”
[44].

With regard to vitality forms, a kinematic study of Di
Cesare et al. demonstrated a rude and a gentle vitality form in
visual, auditory, and mixed modalities [28] where the visual
stimuli were based on manipulating velocity and trajectory
of actors’ arms. Their results indicated that “the perception
of vitality forms modulated the kinematic parameters (i.e.,
velocity and trajectory) of the subsequent actions performed
by the participants”. In contrast to constant velocity profiles,
Kupferberg et al. used a “minimum-jerk” velocity profile that
“starts slowly, accelerates smoothly to a peak velocity near
the midpoint, and then decelerates slowly”. Based on these
designs, we therefore expect that manipulations of trajecto-
ries and velocity profiles have the potential to have important
effects on human preference andwill be revisited in themeth-
ods Sect. 3.

Regarding proximity to industrial robots and its effect on
human acceptance, Eimontaite et al. [3] reports that work-
ing in close proximity to a robot increases mental workload
and time pressure, but also satisfaction and perceived perfor-
mance. We therefore include approach movements towards
the participants, further explained in Sect. 3 as well. In addi-
tion, they found the correspondence of task cycle times and
robot task speed to be a key design aspect for improved
production quality and satisfaction. In their study evaluat-
ing a humanoid robot’s human-likeness in shadowing tasks
byMohammad and Nishida [19], the relevance of taking dif-
ferent situations into account (simple shadowing vs. more
complex imitation scenarios) was highlighted and demon-
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strated correlations between accuracy (imitative skills) and
perceived human-likeness. In addition to studies focusing on
either appearance or movements, some research focuses on
combinations of both: Zlotowski et al. [45] reports on an
experiment to research the effect of human-likeness of robot
companions (manipulating appearance as well as behavior)
and found “that a highly human-like robot is perceived as less
trustworthy and empathetic than a more machine-like robot”
whereas “negative behaviour of a machinelike robot reduces
its trustworthiness and perceived empathy stronger than for
highly humanlike robot[s]”. This seems to confirm to a cer-
tain extent findings from [34] as well as the Uncanny Valley.
However, with regards to social cues of a collaborative robot
in a pick-and-place task, Elprama et al. [7] shows that “the
presence of more social cues increased perceived enjoyment
and intention to work with cobots”. Comparing a robot with
different levels of anthropomorphism and smooth vs. mech-
anistic movements, Castro-Gonzàlez et al. [40] found that
“movement characteristics influenced the robot’s apparent
animacy, likeability, and unpleasantness.” In addition, they
found interdependencies between movements and appear-
ance for animacy and unpleasantness.

Zanatto et al. [46] investigates how human-like social
behavior of two robots affects perceived credibility of the
robot, comparing more or less human-like conditions. Even
though “people are more socially engaged with robots when
they are more-humanlike”, they found that “if users were
first primed with anthropomorphic robots they would be
more accepting of their less-humanlike, but more func-
tional, robotic relations”. Investigating the effect of social vs.
economic function on mind perception, Wang and Krumhu-
ber [47] found that robots with a social function “were
perceived to possess greater ability for emotional experi-
ence” and demonstrated “a dissociation between function
type (social vs. economic) and ascribed mind (emotion vs.
cognition)”.

Further research investigates similar mechanisms, for
instance thatmore anthropomorphic features resulted inmore
trust for autonomous vehicles to perform more competently
[48] or increased satisfaction with UI designs that match the
user’s personality type preferences [49]. Even though many
studies focus on robot personality and human personality
and how these explain robot perception [33,50–55], only few
findings exist on moderating factors, i.e., relevant human
characteristics explaining effects on varying robot accep-
tance. Regarding the influence of human and robot attributes
for successful integration of social robots, Bishop et al. [56]
reports that gender and education were not associated with
acceptance, whereas age and mood correlated partly with
the acceptance items used. In addition, results showed cor-
relations for robot familiarity and displayed robot emotion
with acceptance.With regard to gender differences in the per-
ception of anthropomorphic and robotic movements, Abel et

al. [57] finds that males were sensitive to the different manip-
ulations of anthropomorphic and robotic movements while
females were not; however, female participants in their study
attributed more anthropomorphic features to robotic move-
ments overall. To consider these findings, we also examine
potential moderation effects related to demographic differ-
ences. Szczepanowski et al. [58] investigates the influence of
education, attitudes toward, and familiarization with robots
on social robot perception and reports relations; for instance,
students with engineering education evaluated robots more
favorably than students of psychology. Regarding the general
use of robots, gender, age and urban/rural places of residence
seem to play a role in shaping a person’s attitude towards
robots [59–61].

In summary, the majority of these studies—motion-
oriented, appearance-oriented, and combined—consider
human-likeness to structure either the design of the interac-
tion or to measure its outcome. Although some studies found
contradicting effects, human-likeness seems to be valuable
to understand how specific robot movements impact attri-
butions of human-likeness. Since we test the ability of an
articulated robot without any human-like cues except its arm
to represent human-likeness, we expect that the uncanny val-
ley effect examined in earlier work lacks face validity and
relevance in the current work.

2.4 Hypotheses

As described and summarized in Sects. 2.1–2.3, we test
several key hypotheses in the current research. The objec-
tive of this research is to test two key hypotheses that assess
the extent to which movement patterns of industrial robots
impact individual’s perception and subsequent preference.
The focus of this research is to modulate the behavior of an
articulated robotic arm without any human-type affordances
such as face, mimic, or voice but with distinct movement
abilities that are limited by the robot’s DoF.

Based on the cumulative evidence and research summa-
rized earlier, we seek to test two key hypotheses:
• H1: The movement behavior of an articulated robot can
be manipulated such that the perceived human-likeness
of the robot increases.

• H2: Higher perceived human-likeness of robot move-
ments leads to an increase in preference for that robot.

In the following, we discuss the stimuli and how we
manipulate the robot’s specific pattern of movement.

3 Methods

In this study, we isolate the distinct effects of movements of
industrial collaborative robots observed by humans, focusing
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Table 1 Demographic summary of participants

Sample Counts Group

Age, median age group = 30–39 years old

Under 19 7 1

20–29 33 2

30–39 25 3

40–49 14 4

50–59 14 5

60–69 7 6

Gender

Female 63

Male 33

Other 2

Prefer not to answer 2

Experience with Domestic robots Military robots Medical robots Service robots Industrial robots

No 75 99 94 94 98

Yes 25 1 6 6 2

Location

North America 18

Europe 39

Africa 32

Australia 10

Prefer not to answer 1

Education

5–12 years of schooling 3

Some secondary school 1

Senior secondary schooling 10

Post-high school training 10

Some college 20

College graduate 54

Prefer not to answer 1

Total number of participants 100

on perception of human-likeness and individual preferences.
To test our hypotheses we have conducted a Web-based
experiment using videos of actual industrial robots that per-
form specific movements, e.g., grabbing of an object. In
Sect. 3.1 we describe our sample and in Sect. 3.2 we present
the stimuli used in our experiment, i.e. how we manipulated
themovement of an industrial collaborative robot. Section3.3
explains the procedures and design of the study and finally,
we report the key measures used in Sect. 3.4.

3.1 Participants

100 participants were recruited using Prolific Academic and
were pre-screened for English being their first language.
We used a within-subjects design to ensure greater statis-
tical power and the final sample size was determined by
apriori power calculations (G*Power 3.1) assuming interme-

diate effect sizes with repeated measures. Table 1 provides a
detailed description of the sample.

3.2 Stimuli: Manipulation of Robot Movement

To design effective movement manipulations, existing find-
ings and logical deduction fromhuman-likemovementswere
used to generate ideas and implemented within the limits of
the robot’s DoF. Kuz et al. [62] tested different speed pro-
files (anthropomorphic vs. constant). Castro-Gonàlez [40]
tested mechanistic vs. smooth movement types, where in the
mechanistic condition, “it executed a series of short, perpen-
dicular movements” and in the smooth condition, “the arm
followed a relatively efficient trajectory toward its goal–a
shallow arc”. Walther et al. [63] demonstrates how robots’
approach directions were perceived, resulting in preferences
for front-left and front-right approaches, whereas approaches
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Fig. 1 Example frame of the
generated video

from the rear were rated as being the least comfortable.
In addition, personality research from adjacent research
areas suggests that several gestures and features such as
leaning backwards, turning away, frequency of body move-
ments, narrow gesture amplitude, inward gesture direction,
expansive/broad gestures and speed affect human perception
[64–66]. Using these indications on how to design distinctive
movement behaviors, we have conducted several iterations
with expert HRI researchers and implementations using a
Universal Robots UR10e’s1 six DoF. Based on these theory-
driven and phenomenon-driven iterations alongwith theDoF
of industrial robots, we focused on six separable, distinct
movement parameters: speed, part approach, smoothness,
rotation, movement range, and approach direction. Each of
these parameters can be manipulated in isolation while all
others can be held constant (avoiding potential confounds of
movement patterns). This corresponds to the discussed con-
cept of vitality forms, where only the how of the movement
varies whereas the what—the trajectory—remains constant.
We then modulated a robot to exhibit two highly discrimi-
nating conditions per parameter as follows (we provide the
actual stimuli along with all scales used in this research in
the corresponding OSF data respository):

• Speed: 40% vs. 100% of the robot’s maximum speed and
acceleration.

• Part Approach: Speed reduction before gripper opens,
quick stop before lowering, lowering at reduced speed,
lifting up at reduced speed vs. no stop and no speed reduc-
tion when gripping the part.

• Smoothness: Rounding of curves and steady movement
vs. “connecting dots” with quick stops at 5 coordinates.

• Rotation: Three rotations vs. six rotations of the wrist
joint, other joints rotating accordingly.

1 See https://www.universal-robots.com/products/ur10-robot/.

• Movement Range: 20% (of the robot’s maximum) x-axis
and z-axis movements (towards the camera and upward)
vs. 80% x-axis and 50% z-axis movements.

• Approach Direction: Movement to the side and approach
from the right vs. movement straight towards the cam-
era/participant.

3.3 Design and Procedures

Using the described setup, we conducted aWeb-based exper-
iment with video stimuli of aUR10e robot due to the inability
to conduct in-person lab studies during the COVID-19 pan-
demic.

The experimental setup was a within-subject design
assigning the participants to all parameters and conditions
with full randomization to counter order effects. We used a
within-subjects design to ensure greater statistical power to
detect the effect [67]. All participants were asked to watch
the six videos of the robot and each video was split left/right
according to condition A/B, playing consecutively. To avoid
dependencies, the placement and order (left/right) of con-
ditions was fully randomized. In addition, the order of the
videos 1–6 as well as the order of the semantic differential
scale’s dimensions was fully randomized as well. The full
questionnaire as well as the datasets generated during and
analysed during the current study are available in the OSF
data repository.2

To use these manipulations in Web-based experiments,
videos of all movements were recorded resulting in two
videos per parameter (conditions A and B) and the two
recordings of each parameter were combined into six videos
(see Fig. 1; see also OSF repository). We chose this experi-
mental paradigm to allow a larger-sized sample and increase

2 See https://osf.io/qu4bv/?view_only=a1e79435c3194bcf834146350
d97db5a.
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Table 2 Stimuli, intuitively
named for simpler referencing,
no value statement intended

Parameter Condition A Condition B

Speed Slow Fast

Part approach With care Without care

Smoothness Calm Nervous

Rotation Conventional rotations Unconventional rotations

Movement range Small movement range Large movement range

Approach direction From the side Straight towards participant

statistical power of our findings. All recordings were con-
ducted under tightly controlled settings (same recording
angles, ecological industrial setting, etc.). Since people spon-
taneously make social inferences with others (and machines)
not only “in face-to-face interactions, but also in technology-
mediated settings—e.g., when observing people in a video”
[51], we assume that the recognition of human-likeness of
the robot’s movements resembles an ecological test setting
also when using videos as stimuli. Table 2 summarizes the
parameters and conditions (condition labels in what follows
were chosen only for exposition purposes).

3.4 Measures

To ensure that all manipulations work as intended, a manip-
ulation check was conducted. Accordingly, we asked all
participants about their general perception of the manipula-
tion, detached from further questions regarding the perceived
human-likeness. All participants were asked to rate the two
conditions for all parameters in order to assess whether
the manipulation works as intended (using a 5-point Likert
scale). For instance, for the speed parameter: “Please indi-
cate your perception of the robot’s speed for movement A
with the five response options very slow, slow, neutral, fast,
very fast” (and similarly for movement condition B). Like-
wise, for the parameter approach direction, the question was
“Please indicate your perception of approachA towards you”
with the response options from the side, a little from the side,
neither from the side nor straight towards you, a little straight
towards you and straight towards you, and similarly for con-
dition B as well as accordingly for all parameters.

The second block of questions investigating perceived
human-likeness of the movement parameters consisted of a
semantic differential scale, surveyed for both conditions A
and B separately. The semantic differential scale assessed
human-likeness based on the Godspeed Questionnaire (see
Table 3) and participants were asked to rate each dimen-
sion on a 1–5 scale consisting of two opposite adjectives
at each end of the scale. The last question investigated the
participants’ preference for one of the movement behaviors

Table 3 Semantic differential—human-likeness

Fake 1 2 3 4 5 Natural

Machinelike 1 2 3 4 5 Humanlike

Unconscious 1 2 3 4 5 Conscious

Artificial 1 2 3 4 5 Lifelike

Moving rigidly 1 2 3 4 5 Moving elegantly

(A/B) for each parameter with the question “Which move-
ment behavior do you prefer?”.

In addition to the participants’ evaluation of the robot
movements, demographic data (age, gender, location, edu-
cation) as well as prior experience of the participants with
robots (across the robot categories domestic, military, med-
ical, service, and industrial) was recorded to check for
potentially moderating effects.

3.5 Data Analysis Procedures

Rating scores were analyzed using repeated measures
ANOVAs to assess the main effects of robot movements.
In addition, we checked for interactions between movement
parameters (Speed, Part Approach, etc.), conditions (A/B),
and questionnaire items (manipulation check & human-
likeness items). Finally, we further assessed potential three-
way interactions andwhether the condition effectsweremod-
erated by demographic characteristics (see Tables 7, 8, 9, 10,
11 and 12 in the appendix for additional statistical results).
Due to the slightly unequal gender distribution and prior
knowledge differences, we also carried out several addi-
tional robustness checks on specific sub-samples of the data.
Greenhouse–Geisser correction was used if the sphericity
assumption was violated. We report LSD corrections for
multiple comparisons, only running pairwise comparisons
in case of a significant higher-order interaction effects. The
dataset contained no influential outliers as the value range
for all human-likeness items was inside the 3rd quartile +
3*interquartile range and the 1st quartile − 3*interquartile
range (visually gleaned via a series of Boxplots).
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Table 4 Two-way interactions
between conditions and
questionnaire items per
movement parameter

Repeated measures ANOVA Results

2 (Conditions)×6 (Speed) F(5, 495) = 74.711, p < 0.001, ηp2 = 0.430

2 (Conditions)×6 (Part approach) F(5, 495) = 26.649, p < 0.001, ηp2 = 0.212

2 (Conditions)×6 (Smoothness) F(5, 495) = 153.446, p < 0.001, ηp2 = 0.608

2 (Conditions)×6 (Rotation) F(5, 495) = 23.515, p < 0.001, ηp2 = 0.192

2 (Conditions)×6 (Movement range) F(5, 495) = 32.689, p < 0.001, ηp2 = 0.248

2 (Conditions)×6 (ApproachDirection) F(5, 495) = 79.096, p < 0.001, ηp2 = 0.444

4 Results

The rating scores were analyzed using 2 (conditions)×6
(questionnaire items) repeated measures ANOVAs, sepa-
rately for each movement parameter. The first pair of the
six questionnaire items represented the manipulation check
items, whereas the other 5 pairs represented the human-
likeness scale. The analysis demonstrates that there were
significant two-way-interactions between conditions A/B
and the questionnaire items for each of themovement param-
eters (with all p < 0.001, see Table 4).

Since all interactions reached significance, we further
assessedmultiple pairwise comparisons of the two conditions
across the six items, separately for each movement param-
eter. For each movement parameter’s questionnaire items,
paired sample t-tests were performed. Consistent with the
presented interactions, participants perceived the two con-
ditions significantly different for all manipulation checks
across all movement parameters with all p < 0.001. The
depicted Partial eta-squared (ηp2) represents the strength of
the respective effect.

With regard to perceived human-likeness, measured using
the semantic differential scale, three parameters reached sta-
tistical significance when comparing the per-item means of
Condition A vs. Condition B across all participants: Speed,
Smoothness, and Rotation, see Figs. 2 and 3 on the next
pages. Detailed statistics can be found in the appendix in
Tables 13, 14, 15, 16, 17 and 18. The results of the critical
tests remain significant also after using a more conservative
Holm–Bonferroni correction for multiple comparisons. We
also performed further robustness checks and assessed poten-
tial demographic and prior experience moderation effects,
which led to robustness of results and no consistent boundary
conditions across age groups or conditional on prior expe-
rience (see Tables 7, 8, 9, 10, 11 and 12 in the Appendix).
Regarding the parameters Part Approach, Movement Range,
and Approach Direction, only some of the semantic dif-
ferential outcomes were perceived significantly more/less
human-like,even though movement range reached an overall
significant effect for 4 out of 5 Godspeed-items.

To assess whether preference was greater for condition
A or B, we performed additional Chi-Square tests for the

participant preference data across all movement parameters.
In line with the preceding results, we observed significant
differences in choice shares for the same three movement
parameters that were perceived as more human-like: Speed,
Smoothness, and Rotation. The conditions for the other three
movement parameters were not significantly different (see
Table 5).

To confirm the correlations between human-likeness rat-
ings and preference choices (as hypothesized in H2), point
biserial correlations were calculated. We did this by sum-
ming up the differences of the human-likeness items scores
for each movement parameter and comparing them to the
preference choices per movement parameter (A/B). Thus,
difference scores were summed over all items to create a
composite score of human-likeness. These analyses revealed
positive correlations for all movement parameters with all
p < 0.001, demonstrating medium to high correlations of
all preference choices and perceived human-likeness (see
Table 6).

5 General Discussion

The results presented in the previous section show that three
of the six movement parameters that we investigated were
perceived significantly different in terms of human-likeness.
Based on the participants’ evaluations, human-likeness can
be increased by having the robot:

• move slower (at 40% speed, compared to 100% speed),
• employ smooth, round curves (compared to more rigid,
“nervous”, movement patterns), and

• rotate conventionally (compared to additional, unneces-
sary rotations).

Referring to our hypotheses in Sect. 2.4, we can summa-
rize that an articulated robot’s movement behavior can be
manipulated in order to increase perceived human-likeness
of industrial robots: Even though the robotic arm has no face,
voice or other human characteristics, the perceived human-
likeness of the articulated robot arm increased significantly,
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Fig. 2 Semantic differential: perceived human-likeness; asterisk (*) indicates statistical significant group differences at the p < 0.05 significance
level
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Fig. 3 Semantic differential: perceived human-likeness; asterisk (*) indicates statistical significant group differences at the p < 0.05 significance
level
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Table 5 Chi square tests

Preferences
Chi-square Asymp. Sig.

Speed 6.76 0.009

Part approach 1.44 0.23

Smoothness 60.84 <0.001

Rotation 11.56 <0.001

Movement range 0.16 0.689

Approach direction 0.36 0.549

Table 6 Point Biserial Correlations Between Movement Dimensions
and Preference

Correlations
Spearman’s ρ Sig (2-tailed)

Speed 0.367 <0.001

Part approach 0.541 <0.001

Smoothness 0.361 <0.001

Rotation 0.452 <0.001

Movement range 0.462 <0.001

Approach direction 0.485 <0.001

solely by manipulating well-defined dimensions of a robot’s
movement behavior.

In terms of theory (see Sect. 2.1), we thus showed that
the mechanism of people attributing higher human-likeness
unfolds for industrial robots as well. H1 can therefore
be accepted for the movement parameters (lower) Speed,
(higher) Smoothness, and (more conventional)Rotation. This
contributes to several seminal theories outlined in Sect. 2.1
and sheds light on the ability of an industrial robot to be
attributed human characteristics through distinct movement
behaviors. In view of HN [20] it can even be assumed that
the applied movement behaviors enable industrial robots to
address mechanistic dehumanization and serve as frame-
work to let them avoid being perceived as “inert, cold, rigid,
fungible and lacking agency”. Also, the current results are
also consistent with prior work on vitality forms, as differ-
ent levels of human-likeness of the robot’s behavior were
perceived even though the functional movement remained
similar. With regards to behaviors and movements such as
gestures, ergonomic trajectories, and eye contact, the major-
ity of existing studies found human-likeness to be relevant for
positive evaluations of HRI. However, some studies indicate
deviating results [34,37], and the uncanny valley might be a
relevant issue in industrial HRI as well. Relating to our study,
the relevance of human-likeness can partially be confirmed
by our results, even though not all movement parameters
reached statistical significance, e.g., manipulated approach
directions had no effect on perceived human-likeness in our
study, differing from Bortot et al.’s findings [44].

Moreover, our results do support the positive effect of
human-likeness on human perception. As demonstrated for
the appearance of several humanoid robots, the preference
for human-likeness when interacting with robots was exam-
ined by asking for participants’ preferences, even though
our UR10e robot had no human-like features (except its
robotic arm). As expected, we found that observer prefer-
ence and human-likeness were significantly correlated. The
results show that for those three parameters that were per-
ceived as more human-like, participants indicated a strong
preference for those movement patterns, thereby confirming
H2.

5.1 Limitations

As with any study, also the current study is not without limi-
tations. Due to COVID-19 restrictions, we were only able to
run web-based experiments and had to video-tape our indus-
trial robot implementation.We expect that this less involving
study setting led to somewhat more conservative results and
that in-person experiments and direct interactionswith indus-
trial robots should result in stronger effects and permit to
generalize our findings in the future.

To generalize our results, investigations of different robot
tasks and applications, different industrial robot types, addi-
tional movement parameters and dependent variables as well
as different demographic and cultural samples are required.
In addition, as for most HRI studies [68] our study addresses
the topic from a robot-related point of view whereas Weiss
et al. [69] mentions human-related and contextual factors
to be relevant to enable human trust in robots. It is there-
fore crucial to take into account individual differences as
well as specific tasks in future industrial HRI studies. Future
work may also employ higher powered samples. We also
acknowledge that the sample in the current research was
demographically unbalanced (underrepresentation of male
participants and 98% of our study participants had not had
any prior interactions with industrial robots, etc.). Although
men represent the majority of manufacturing employees,
gender-specific results might help the manufacturing indus-
try to address women, being “the largest pool of untapped
talent” [70]. Thus, despite the unbalanced sample character-
istics, the current findings do havemerit to inform future HRI
research on industrial robots and potential gendermoderation
effects.

Future work may also expand the range of outcomes and
processes that are examined.Given thewide range of technol-
ogy acceptance frameworks and measures, future work may
further assess variation as a function of the type of measure-
ment. The technology acceptance framework for example
has led to a varity of conceptual lenses and measurements,
such as the United Theory of Acceptance and Use of Tech-
nology (UTAUT) as a further development of the Technology
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Acceptance Model (TAM) [71]. Heerink et al. [72] further
adapts and extends UTAUT to test the acceptance of assis-
tive social agents by elderly users, establishing theALMERE
model. Focusing on HRI, the USUS evaluation framework
addresses usability (U), social acceptance (S), user experi-
ence (U) and societal impact (S) of humanoid robots [73].
We propose that future research can likely benefit from link-
ing our results onmovementmanipulations to these validated
concepts of acceptance.

We also acknowledge that the current research was con-
ducted with one specific type of robot (UR 10e). Future work
may therefore model movement behaviors across a broader
range of implementation settings on industrial shopfloors.

5.2 Conclusions and Future Research

The current experiment—to the best of our knowledge—
is one of the first systematic assessments to investigate
the relationship between movement behavior of industrial
robots, perceived human-likeness and human preference.
This research sheds light on how to modulate movement
behaviors of a robotic arm in order to increase perceived
human-likeness based on six distinct movement parame-
ters. Although not all movement parameters were perceived
significantly different, the findings support the hypothesis
that specific movement behaviors of an industrial robot
significantly influence perceived human-likeness and that
human-likeness has a systematic effect on subsequent prefer-
ences for that robot. Three out of six parameters were found
to have a significant influence on perceived human-likeness:
Speed, Smoothness, and Rotation.

From a practical viewpoint, since the purpose of industrial
robots is typically to contribute to increasing productivity, a
reduction of speed might be contrary to this objective (even
for collaborative robots). On the other hand, smoothness, i.e.
the rounding of movement curves, does not affect the robot’s
productivity, and omitting unnecessary rotations supports the

economic application of the robot. This emphasizes the need
for further investigations of the effect of human-likeness for
specific tasks.

Summarizing, our results demonstrate promising effects
that can help to adapt robot movements to human prefer-
ences and future work may further explore whether these
changes in preference subsequently enhance actual accep-
tance of industrial articulated robots. Enriching the existing
findings with additional movement behaviors and including
differentiating human characteristics would then promote the
idea of devices that are able to adapt autonomously and in real
time to relevant individual differences, andmight in turn even
increase individual user and worker acceptance. Such future
work may also further explore the robustness of these effects
across cultures and study actual worker responses in indus-
trial shopfloor settings. We hope that our findings provide a
fruitful foundation for future work examining both industrial
robot settings as well as the critical role of robot movements
on the attribution of human-likeness and on acceptance mov-
ing forward.
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Appendix

RepeatedMeasures ANOVAs

See Tables 7, 8, 9, 10, 11 and 12.

Table 7 Repeated measures ANOVAs for movement parameter speed

Repeated measures ANOVA Results

2 (Conditions)×6 (Speed) F(5, 495) = 74.711, p < 0.001, ηp2 = .430

2 (Conditions)×6 (Speed)×6(Age) F(25, 470) = 1.100, p = 0.338, ηp2 = 0.055

2 (Conditions)×6 (Speed)×4 (Gender) F(15, 480) = .265, p = 0.998, ηp2 = 0.008

2 (Conditions)×6 (Speed)×2 (domestic robots) F(5, 490) = 1.113, p = 0.352, ηp2 = 0.011

2 (Conditions)×6 (Speed)×2 (Military robots) F(5, 490) = 0.532, p = 0.752, ηp2 = 0.005

2 (Conditions)×6 (Speed)×2 (Medical robots) F(5, 490) = 2.337, p = 0.041, ηp2 = 0.023

2 (Conditions)×6 (Speed)×2 (Service robots) F(5, 490) = 0.678, p = 0.640, ηp2 = 0.007

2 (Conditions)×6 (Speed)×2 (Industrial robots) F(5, 490) = 0.056, p = 0.998, ηp2 = 0.001

2 (Conditions)×6 (Speed)×5 (Location) F(20, 475) = 0.501, p = 0.966, ηp2 = 0.021

2 (Conditions)×6 (Speed)×7 (Education) F(35, 460) = 1.271, p = 0.142, ηp2 = 0.088
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Table 8 Repeated measures ANOVAs for movement parameter part approach

Repeated measures ANOVA Results

2 (Conditions)×6 (PartAppr.) F(5, 495) = 26.649, p < 0.001, ηp2 = 0.212

2 (Conditions)×6 (PartAppr.)×6 (Age) F(25, 470) = 1.758, p = 0.014, ηp2 = 0.086

2 (Conditions)×6 (PartAppr.)×4 (Gender) F(15, 480) = 1.465, p = 0.114, ηp2 = 0.044

2 (Conditions)×6 (PartAppr.)×2 (Domestic robots) F(5, 490) = .709, p = 0.617, ηp2 = 0.007

2 (Conditions)×6 (PartAppr.)×2 (Military robots) F(5, 490) = 0.964, p = 0.439, ηp2 = 0.010

2 (Conditions)×6 (PartAppr.)×2 (Medical robots) F(5, 490) = .442, p = 0.819, ηp2 = 0.004

2 (Conditions)×6 (PartAppr.)×2 (Service robots) F(5, 490) = 0.472, p = 0.797, ηp2 = 0.005

2 (Conditions)×6 (PartAppr.)×2 (Industrial robots) F(5, 490) = 0.355, p = 0.879, ηp2 = .004

2 (Conditions)×6 (PartAppr.)×5 (Location) F(20, 475) = 0.748, p = 0.776, ηp2 = 0.031

2 (Conditions)×6 (PartAppr.)×7 (Education) F(35, 460) = 2.081, p < 0.001, ηp2 = 0.057

Table 9 Repeated measures ANOVAs for movement parameter smoothness

Repeated measures ANOVA Results

2 (Conditions)×6 (Smoooth) F(5, 495) = 153.446, p < 0.001, ηp2 = 0.608

2 (Conditions) x 6 (Smoooth)×6 (Age) F(25, 470) = 1.352, p = 0.121, ηp2 = 0.067

2 (Conditions)×6 (Smoooth)×4 (Gender) F(15, 480) = 1.326, p = 0.182, ηp2 = 0.040

2 (Conditions)×6 (Smoooth)×2 (Domestic robots) F(5, 490) = 0.432, p = 0.826, ηp2 = 0.004

2 (Conditions)×6 (Smoooth)×2 (Military robots) F(5, 490) = 0.290, p = 0.918, ηp2 = 0.003

2 (Conditions)×6 (Smoooth)×2 (Medical robots) F(5, 490) = .267, p = 0.931, ηp2 = 0.003

2 (Conditions)×6 (Smoooth)×2 (Service robots) F(5, 490) = .272, p = 0.929, ηp2 = 0.003

2 (Conditions)×6 (Smoooth)×2 (Industrial robots) F(5, 490) = 0.748, p = 0.588, ηp2 = 0.008

2 (Conditions)×6 (Smoooth)×5 (Location) F(20, 475) = 0.438, p = 0.985, ηp2 = 0.018

2 (Conditions)×6 (Smoooth)×7 (Education) F(35, 460) = 0.793, p = 0.797, ηp2 = 0.057

Table 10 Repeated measures ANOVAs for movement parameter rotation

Repeated measures ANOVA Results

2 (Conditions)×6 (Rotation) F(5, 495) = 23.515, p < 0.001, ηp2 = 0.192

2 (Conditions)×6 (Rotation)×6 (Age) F(25, 470) = 0.678, p = 0.879, ηp2 = 0.035

2 (Conditions)×6 (Rotation)×4 (Gender) F(15, 480) = 0.886, p = 0.580, ηp2 = 0.027

2 (Conditions)×6 (Rotation)×2 (Domestic robots) F(5, 490) = 0.225, p = 0.952, ηp2 = 0.002

2 (Conditions)×6 (Rotation)×2 (Military robots) F(5, 490) = 1.625, p = 0.145, ηp2 = 0.017

2 (Conditions)×6 (Rotation)×2 (Medical robots) F(5, 490) = 1.727, p = 0.127, ηp2 = 0.017

2 (Conditions)×6 (Rotation)×2 (Service robots) F(5, 490) = 1.071, p = 0.376, ηp2 = 0.011

2 (Conditions)×6 (Rotation)×2 (Industrial robots) F(5, 490) = 1.715, p = 0.130, ηp2 = 0.017

2 (Conditions)×6 (Rotation)×5 (Location) F(20, 475) = 0.641, p = 0.882, ηp2 = 0.026

2 (Conditions)×6 (Rotation)×7 (Education) F(35, 460) = 0.870, p = 0.684, ηp2 = 0.062
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Table 11 Repeated measures ANOVAs for movement parameter movement range

Repeated measures ANOVA Results

2 (Conditions)×6 (Mov.Range) F(5, 495) = 32.689, p < 0.001, ηp2 = 0.248

2 (Conditions)×6 (Mov.Range)×6 (Age) F(25, 470) = 0.629, p = 0.919, ηp2 = 0.188

2 (Conditions)×6 (Mov.Range)×4 (Gender) F(15, 480) = 0.554, p = 0.909, ηp2 = 0.054

2 (Conditions)×6 (Mov.Range)×2 (Domestic robots) F(5, 490) = 0.621, p = 0.684, ηp2 = 0.006

2 (Conditions)×6 (Mov.Range)×2 (Military robots) F(5, 490) = 0.717, p = 0.611, ηp2 = 0.007

2 (Conditions)×6 (Mov.Range)×2 (Medical robots) F(5, 490) = 0.667, p = 0.648, ηp2 = 0.007

2 (Conditions)×6 (Mov.Range)×2 (Service robots) F(5, 490) = 0.727, p = 0.603, ηp2 = 0.007

2 (Conditions)×6 (Mov.Range)×2 (Industrial robots) F(5, 490) = 0.928, p = 0.462, ηp2 = 0.009

2 (Conditions)×6 (Mov.Range)×5 (Location) F(20, 475) = 0.786, p = 0.732, ηp2 = 0.032

2 (Conditions)×6 (Mov.Range)×7 (Education) F(35, 460) = 1.324, p = 0.106, ηp2 = 0.092

Table 12 Repeated measures ANOVAs for movement parameter approach direction

Repeated measures ANOVA Results

2 (Conditions)×6 (Appr.Dir.) F(5, 495) = 79.096, p < 0.001, ηp2 = 0.444

2 (Conditions)×6 (Appr.Dir.)×6 (Age) F(25, 470) = 1.213, p = 0.220, ηp2 = .061

2 (Conditions)×6 (Appr.Dir.)×4 (Gender) F(15, 480) = 0.882, p = 0.585, ηp2 = 0.027

2 (Conditions)×6 (Appr.Dir.)×2 (Domestic robots) F(5, 490) = 0.358, p = 0.877, ηp2 = 0.004

2 (Conditions)×6 (Appr.Dir.)×2 (Military robots) F(5, 490) = 0.383, p = 0.860, ηp2 = 0.004

2 (Conditions)×6 (Appr.Dir.)×2 (Medical robots) F(5, 490) = 0.270, p = 0.929, ηp2 = 0.003

2 (Conditions)×6 (Appr.Dir.)×2 (Service robots) F(5, 490) = 0.271, p = 0.929, ηp2 = 0.003

2 (Conditions)×6 (Appr.Dir.)×2 (Industrial robots) F(5, 490) = 0.422, p = 0.833, ηp2 = 0.004

2 (Conditions)×6 (Appr.Dir.)×5 (Location) F(20, 475) = 2.194, p = 0.002, ηp2 = 0.085

2 (Conditions)×6 (Appr.Dir.)×7 (Education) F(35, 460) = 0.866, p = 0.690, ηp2 = 0.062

Paired Samples T-Tests

See Tables 13, 14, 15, 16, 17 and 18.
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Table 13 Paired samples T-tests for movement parameter speed

Speed Paired differences
Meana Std. Dev. Std. Error Mean 95% CI of � t df Significance

Lower Upper One-sided p Two-sided p

Manipulation check − 1.660 0.927 0.093 − 1.843 − 1.476 − 17.908 99 <0.001 <0.001

Fake–natural 0.457 1.337 0.134 0.192 0.723 3.421 99 0.000 0.001

Machinelike–humanlike 0.550 1.507 0.151 0.251 0.849 3.650 99 0.000 0.000

Unconscious–conscious 0.321 1.418 0.142 0.040 0.603 2.267 99 0.013 0.026

Artificial–lifelike 0.490 1.411 0.141 0.210 0.770 3.474 99 0.000 0.001

Moving rigidly–moving elegantly 0.760 1.793 0.179 0.404 1.116 4.239 99 0.000 0.000

Table 14 Paired samples T-tests for movement parameter part approach

Part approach Paired differences
Meana Std. Dev. Std. Error Mean 95% CI of � t df Significance

Lower Upper One-sided p Two-sided p

Manipulation check − 1.343 0.828 0.083 − 1.507 − 1.178 − 16.214 99 <0.001 <0.001

Fake–natural − 0.095 1.361 0.136 − 0.365 0.175 − 0.700 99 0.243 0.485

Machinelike–humanlike 0.140 1.712 0.171 − 0.200 0.480 0.818 99 0.208 0.415

Unconscious–conscious 0.380 1.448 0.145 0.093 0.667 2.624 99 0.005 0.010

Artificial–lifelike − 0.170 1.729 0.173 − 0.513 0.173 − 0.983 99 0.164 0.328

Moving rigidly–moving elegantly − 0.170 2.015 0.202 − 0.570 0.230 − 0.844 99 0.200 0.401

Table 15 Paired samples T-tests for movement parameter smoothness

Smoothness Paired differences
Meana Std. Dev. Std. Error Mean 95% CI of � t df Significance

Lower Upper One-sided p Two-sided p

Manipulation check − 2.034 1.205 0.120 − 2.273 − 1.795 − 16.881 99 <0.001 <0.001

Fake–natural 1.754 1.453 0.145 1.466 2.042 12.068 99 0.000 0.000

Machinelike–humanlike 1.810 1.509 0.151 1.511 2.109 11.996 99 0.000 0.000

Unconscious–conscious 0.910 1.634 0.163 0.586 1.234 5.571 99 0.000 0.000

Artificial–lifelike 1.600 1.435 0.144 1.315 1.885 11.146 99 0.000 0.000

Moving rigidly–moving elegantly 2.520 1.642 0.164 2.194 2.846 15.346 99 0.000 0.000

Table 16 Paired samples T-tests for movement parameter rotation

Rotation Paired differences
Meana Std. Dev. Std. Error Mean 95% CI of � t df Significance

Lower Upper One-sided p Two-sided p

Manipulation check 1.558 1.191 0.119 1.321 1.794 13.077 99 <0.001 <0.001

Fake–natural 0.824 1.179 0.118 0.590 1.058 6.986 99 0.000 0.000

Machinelike–humanlike 0.660 1.281 0.128 0.406 0.914 5.152 99 0.000 0.000

Unconscious–conscious 0.360 1.150 0.115 0.132 0.588 3.129 99 0.001 0.002

Artificial–lifelike 0.742 1.216 0.122 0.501 0.984 6.103 99 0.000 0.000

Moving rigidly–moving elegantly 0.460 1.438 0.144 0.175 0.745 3.198 99 0.001 0.002
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Table 17 Paired samples T-tests for movement parameter movement range

Movement range Paired differences
Meana Std. Dev. Std. Error Mean 95% CI of � t df Significance

Lower Upper One-sided p Two-sided p

Manipulation check −1.393 1.190 0.119 −1.629 − 1.157 −11.713 99 <0.001 <0.001

Fake–natural −0.240 1.129 0.113 −0.464 − 0.016 −2.125 99 0.018 0.036

Machinelike–humanlike −0.280 1.045 0.105 −0.487 − 0.073 −2.679 99 0.004 0.009

Unconscious–conscious −0.174 0.948 0.095 −0.362 0.014 −1.835 99 0.035 0.069

Artificial–lifelike −0.209 0.998 0.100 −0.407 − 0.011 −2.091 99 0.020 0.039

Moving rigidly–moving elegantly −0.280 1.256 0.126 −0.529 − 0.031 −2.229 99 0.014 0.028

Table 18 Paired samples T-tests for movement parameter approach direction

Approach direction Paired differences
Meana Std. Dev. Std. Error Mean 95% CI of � t df Significance

Lower Upper One-sided p Two-sided p

Manipulation check − 2.784 1.151 0.115 −3.013 − 2.556 − 24.191 99 <0.001 <0.001

Fake–natural − 0.350 1.629 0.163 −0.673 − 0.027 − 2.148 99 0.017 0.034

Machinelike–humanlike − 0.140 1.752 0.175 −0.488 0.208 − 0.799 99 0.213 0.426

Unconscious–conscious 0.030 1.642 0.164 −0.296 0.356 0.183 99 0.428 0.855

Artificial–lifelike − 0.002 1.781 0.178 −0.356 0.351 − 0.012 99 0.495 0.990

Moving rigidly–moving elegantly 0.160 1.968 0.197 −0.230 0.550 0.813 99 0.209 0.418

References

1. IFR: Executive Summary WR 2021—Service Robots (2021).
https://ifr.org/img/worldrobotics/Executive_Summary_WR_
Service_Robots_2021.pdf

2. IFR: Executive Summary WR 2021 Industrial Robots (2021).
https://ifr.org/img/worldrobotics/Executive_Summary_WR_
Industrial_Robots_2021.pdf

3. Eimontaite I, JaksicC, Fletcher S, JohnsonT,OostveenA-M(2020)
Will operatorswork in close proximity to industrial robots?A study
of acceptance using psychological and physiological responses.
SSRN Electronic Journal. https://doi.org/10.2139/ssrn.3718020

4. Weiss A,Wortmeier AK, Kubicek B (2021) Cobots in Industry 4.0:
a roadmap for future practice studies on human–robot collabora-
tion. IEEE Transactions on Human-Machine Systems. https://doi.
org/10.1109/THMS.2021.3092684

5. Lotz V, Himmel S, Ziefle M (2019) You’re my mate-acceptance
factors for human–robot collaboration in industry. In: International
conference on competitive manufacturing. Stellenbosch, South
Africa (February)

6. Kuz S, Mayer MP, Müller S, Schlick CM (2013) Using anthropo-
morphism to improve the human–machine interaction in industrial
environments (Part I). In: Lecture notes in computer science
(including subseries lecture notes in artificial intelligence and lec-
ture notes in bioinformatics), vol 8026. LNCS. https://doi.org/10.
1007/978-3-642-39182-8_9

7. Elprama SA,Makrini IE, Vanderborght B, Jacobs A (2016) Accep-
tance of collaborative robots by factory workers: a pilot study on
the importance of social cues of anthropomorphic robots. In: 2016
25th IEEE international symposiumon robot and human interactive
communication (ROMAN)

8. Hostettler D (2022) Increasing the acceptance of industrial robots
by adapting movement behavior to individual user differences,
manuscript submitted for publication. In: CHI Conference on

human factors in computing systems extended abstracts. https://
doi.org/10.1145/3491101.3503812

9. SalemM, Eyssel F, Rohlfing K, Kopp S, Joublin F (2013) To Err is
human(-like): effects of robot gesture on perceived anthropomor-
phism and likability. Int J Soc Robotics. https://doi.org/10.1007/
s12369-013-0196-9

10. Admoni H, Scassellati B (2017) Social eye gaze in human–robot
interaction: a review. J HumRobot Interact 6(1):25. https://doi.org/
10.5898/jhri.6.1.admoni

11. Manzi F, Ishikawa M, Dio CD, Itakura S, Kanda T, Ishiguro H,
Massaro D, Marchetti A (2020) The understanding of congruent
and incongruent referential gaze in 17-month-old infants: an eye-
tracking study comparing human and robot. Sci Rep. https://doi.
org/10.1038/s41598-020-69140-6

12. Kuz S, Heinicke A, Schwichtenhoevel D, Mayer MP, Schlick CM
(2012) The effect of anthropomorphic movements of assembly
robots on human prediction. In: Advances in ergonomics in man-
ufacturing. https://doi.org/10.1201/b12322

13. Brecher C, Müller S, Kuz S, Lohse W (2013) Towards anthro-
pomorphic movements for industrial robots. In: Lecture notes in
computer science (including subseries lecture notes in artificial
intelligence and lecture notes in bioinformatics), vol 8026. LNCS.
https://doi.org/10.1007/978-3-642-39182-8_2

14. Dragan AD, Lee KCT, Srinivasa SS (2013) Legibility and pre-
dictability of robot motion. In: ACM/IEEE International con-
ference on human–robot interaction. https://doi.org/10.1109/HRI.
2013.6483603

15. Reeves B, Nass C (1996) The media equation: how people treat
computers, television, and new media

16. Klowait N (2018) The quest for appropriate models of human-
likeness: anthropomorphism in media equation research. AI Soc.
https://doi.org/10.1007/s00146-017-0746-z

17. Ruijten PAM, Bouten DHL, Rouschop DCJ, Ham J, Midden CJH
(2014) Introducing a Rasch-type anthropomorphism scale. In:

123

https://ifr.org/img/worldrobotics/Executive_Summary_WR_Service_Robots_2021.pdf
https://ifr.org/img/worldrobotics/Executive_Summary_WR_Service_Robots_2021.pdf
https://ifr.org/img/worldrobotics/Executive_Summary_WR_Industrial_Robots_2021.pdf
https://ifr.org/img/worldrobotics/Executive_Summary_WR_Industrial_Robots_2021.pdf
https://doi.org/10.2139/ssrn.3718020
https://doi.org/10.1109/THMS.2021.3092684
https://doi.org/10.1109/THMS.2021.3092684
https://doi.org/10.1007/978-3-642-39182-8_9
https://doi.org/10.1007/978-3-642-39182-8_9
https://doi.org/10.1145/3491101.3503812
https://doi.org/10.1145/3491101.3503812
https://doi.org/10.1007/s12369-013-0196-9
https://doi.org/10.1007/s12369-013-0196-9
https://doi.org/10.5898/jhri.6.1.admoni
https://doi.org/10.5898/jhri.6.1.admoni
https://doi.org/10.1038/s41598-020-69140-6
https://doi.org/10.1038/s41598-020-69140-6
https://doi.org/10.1201/b12322
https://doi.org/10.1007/978-3-642-39182-8_2
https://doi.org/10.1109/HRI.2013.6483603
https://doi.org/10.1109/HRI.2013.6483603
https://doi.org/10.1007/s00146-017-0746-z


International Journal of Social Robotics

ACM/IEEE international conference on human–robot interaction.
https://doi.org/10.1145/2559636.2559825

18. Airenti G (2018) The development of anthropomorphism in inter-
action: intersubjectivity, imagination, and theory of mind. Front
Psychol. https://doi.org/10.3389/fpsyg.2018.02136

19. MohammadY,NishidaT (2014)Human-likemotion of a humanoid
in a shadowing task. In: 2014 International conference on collab-
oration technologies and systems, CTS 2014 . https://doi.org/10.
1109/CTS.2014.6867553

20. Haslam N (2006) Dehumanization: an integrative review. https://
doi.org/10.1207/s15327957pspr1003_4

21. Waytz A, Gray K, Epley N, Wegner DM (2010) Causes and con-
sequences of mind perception. https://doi.org/10.1016/j.tics.2010.
05.006

22. Gray HM, Gray K, Wegner DM (2007) Dimensions of mind per-
ception. Science. https://doi.org/10.1126/science.1134475

23. Koda T, Maes P (1996) Agents with faces: the effect of person-
ification. In: Robot and human communication—proceedings of
the IEEE international workshop. https://doi.org/10.1109/roman.
1996.568812

24. Powers A, Kiesler S (2006) The advisor robot: tracing people’s
mental model from a robot’s physical attributes. In: HRI 2006:
proceedings of the 2006 ACM conference on human–robot inter-
action, vol 2006

25. Hinds PJ, Roberts TL, Jones H (2004) Whose job is it any-
way? A study of human–robot interaction in a collaborative task.
Hum Comput Interact 19(1):151–181. https://doi.org/10.1207/
s15327051hci1901&2_7

26. Riek LD, Rabinowitch TC, Chakrabarti B, Robinson P (2008) How
anthropomorphism affects empathy toward robots. In: Proceedings
of the 4th ACM/IEEE international conference on human–robot
interaction, HRI’09. https://doi.org/10.1145/1514095.1514158

27. Stern DN (2010) Forms of vitality: exploring dynamic experi-
ence in psychology, the arts, psychotherapy, and development.
Oxford University Press, Oxford. https://doi.org/10.1093/med:
psych/9780199586066.001.0001

28. Di CesareG,De Stefani E, GentilucciM,DeMarcoD (2017)Vital-
ity forms expressed by others modulate our own motor response:
a kinematic study. Front Hum Neurosci. https://doi.org/10.3389/
fnhum.2017.00565

29. Kupferberg A, Glasauer S, Huber M, Rickert M, Knoll A, Brandt
T (2011) Biological movement increases acceptance of humanoid
robots as human partners in motor interaction. AI Soc. https://doi.
org/10.1007/s00146-010-0314-2

30. CesareG,DiDioC,RochatM, SinigagliaC,Bruschweiler-SternN,
SternD, Rizzolatti G (2013) The neural correlates of ‘vitality form’
recognition: an fMRI study. Soc Cogn Affect Neurosci. https://doi.
org/10.1093/scan/nst068
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