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Abstract
Within the context of Industry 4.0 and of the new emerging Industry 5.0, human factors are becoming increasingly important, 
especially in Human-Robot Collaboration (HRC). This paper provides a novel study focused on the human aspects involved 
in industrial HRC by exploring the effects of various HRC setting factors. In particular, this paper aims at investigating the 
impact of industrial HRC on user experience, affective state, and stress, assessed through both subjective measures (i.e., 
questionnaires) and objective ones (i.e., physiological signals). A collaborative assembly task was implemented with differ-
ent configurations, in which the robot movement speed, the distance between the operator and the robot workspace, and the 
control of the task execution time were varied. Forty-two participants were involved in the study and provided feedbacks on 
interaction quality and their affective state. Participants’ physiological responses (i.e., electrodermal activity and heart rate) 
were also collected non-invasively to monitor the amount of stress generated by the interaction. Analysis of both subjective 
and objective responses revealed how the configuration factors considered influence them. Robot movement speed and control 
of the task execution time resulted to be the most influential factors. The results also showed the need for customization of 
HRC to improve ergonomics, both psychological and physical, and the well-being of the operator.

Keywords  Affective state · Human-robot collaboration · Industry 5.0 · Manufacturing · Physiological signals ·  
User experience

1  Introduction

Human-Robot Collaboration (HRC) represents one of the 
cornerstones of Industry 4.0 and of the newly emerging 
Industry 5.0. HRC aims at combining the skills of the human 
with those of robots. On the one hand, humans have innate 

intelligence, flexibility, and problem-solving capabilities; 
on the other hand, robots provide repeatability, power, and 
precision [1]. Unlike classic industrial robots, collaborative 
robots (or cobots) are designed to work alongside humans, 
thus enabling the removal of confinement barriers in facto-
ries. As a result, production lines implementing HRC can be 
more flexible and easily reconfigurable, becoming capable 
of changing and adapting quickly to new products [2–4]. 
For an effective implementation of HRC, it is necessary to 
study and analyze its various aspects, focusing not only on 
the technical aspects of the robot, but also on the humans 
involved [5, 6]. The integration of new technologies is usu-
ally associated with a change in the way tasks are performed, 
with a trend toward increasingly passive and cognitive work 
[7–9]. Moreover, working closely with a robot may lead 
to the creation of stressful situations for operators, which 
can negatively affect the interaction and performance of a 
collaborative task. Industry 5.0 highlights the necessity of 
implementing a human-centric approach in future factories, 
where human needs and interests are placed at the center 
of the production process [10]. Therefore, human factors 
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need to be carefully analyzed when implementing HRC to 
preserve operators’ well-being.

In order to best support the operator’s well-being, it is 
first necessary to understand the operator’s mental and phys-
ical state during HRC. To study these aspects, besides ana-
lyzing feedback obtained with classical self-assessment tools 
(e.g. questionnaires), the implementation of physiological 
measures represents an important resource. Through them it 
is possible to obtain information about the operator’s state in 
real-time during the task execution, even revealing possible 
unconscious reactions. So far, a rather limited number of 
works have integrated physiological measures to understand 
the state of the operator in HRC [11–13]. Moreover, in such 
studies the interaction with the robot is often rather limited.

This paper aims to provide a novel study on how different 
configurations of a collaborative robotic system affect the 
user experience, determining the proficiency of HRC. The 
research questions that will be investigated in this paper are 
the following: (i) In industrial HRC, what is the impact of 
different robot configuration factors (i.e., movement speed, 
distance from robot workspace, and control of execution 
time) on user experience?; and (ii) Which robot configura-
tion factors affect operator stress?

To address these research questions a collaborative assem-
bly task of a mechanical component was implemented using 
the collaborative robot UR3e and involving 42 participants. 
Perceived interaction quality (i.e., perceived robot helpful-
ness, safety, naturalness, efficiency, fluency, comfort, and robot 
trustworthiness), participant affective state, and physiological 
response (i.e., Electrodermal Activity (EDA) and Heart Rate 
Variability (HRV)) were collected and analyzed to explore 
the joint effects of various HRC setting factors (i.e., robot 
movement speed, distance from robot workspace, and control 
of execution time). The inclusion of physiological response 
allowed to derive an objective measure for stress during HRC.

The major contributions of this paper can be summarized 
in the following elements:

	 (i)	 a novel study on the relationships among several 
HRC setting factors, perceived interaction quality, 
affective state, and stress,

	 (ii)	 preliminary results on the use of non-invasive biosen-
sor to collect of participants’ physiological response,

	 (iii)	 preliminary and qualitative insights on interaction 
effects of considered factors,

	 (iv)	 preliminary exploration of the effect of time (i.e., 
number of experimental trials performed) on 
response variables.

The results of this kind of study will have implications for 
collaborative task design, contributing to the identification of 
possible guidelines to improve cognitive ergonomics and make 
HRC more profitable from a human-centered perspective.

The paper is organized as follows. Section 2 provides an 
overview on HRC problem and challenges. In Section 3, 
experimental design and methodology are described. Sec-
tion 4 contains preliminary results of the experiment, provid-
ing insights of the influence of the considered configuration 
factors on the perceived interaction quality, the participant’s 
affective state and physiological responses. In addition, 
preliminary insights are provided on the interaction effects 
among factors and the influence of the habituation process 
on response variables. Section 5 focuses on discussion of the 
study results and possible implications for the improvement of 
HRC. Finally, Section 6 covers conclusions and future work.

2 � Literature Review

HRC is a paradigm characterized by multiple aspects, both 
related to the robotic system and humans. The introduc-
tion of collaborative robots has allowed physical interac-
tion with people, removing barriers between the human and 
robot workspace. However, the removal of these barriers 
also introduced new potential hazards to humans, requiring 
an evolution of safety standards. The introduction of ISO 
10218-1 [14] and ISO 10218-2 [15] provided guidelines on 
workspace design and implementation of industrial robots, 
identifying a list of safety hazards. The subsequent ISO/TS 
15066 [1] expanded the possibilities of HRC, allowing for 
the implementation of higher levels of robot autonomy in 
close proximity to humans.

HRC makes it possible to provide greater flexibility to 
manufacturing processes by combining human and robot 
skills. However, to exploit the full potential of HRC it is not 
enough just to comply with safety standards. Careful plan-
ning of the interaction is required so that it can best assist 
humans in the most demanding operations. Inkulu et al. [16] 
provided a review on HRC, highlighting some main chal-
lenges and opportunities. Natural modes of communication, 
such as voice and gestures, allow intuitive interaction with 
robots and potentially reduce idle time, but these recogni-
tion methods need to be made more robust to possible envi-
ronmental disturbances. Power force limiting techniques 
are useful to efficiently collaborate with low-payload robot, 
however they may be not suitable for high-speed and high-
payload robots which requires the implementation of addi-
tional flexible safety methods to allow collaboration with 
humans. Collaborative robots represent enabling technolo-
gies for reconfigurable production systems, however more 
research is needed on more advanced adaptive robot systems 
to reduce potential production downtime.

In recent years, increased attention has been focused on 
human factors involved in HRC. In addition to physical ergo-
nomics, psychological and cognitive ergonomics play a key 
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role in the effective implementation of HRC, analyzing the 
cognitive processes required to fulfill a given task as well 
as the psychological stressors involved [17, 18]. Galin and 
Meshcheryakov [19] focused on how to efficiently imple-
ment HRC, leading to the identification of the influencing 
factors for both cobots and humans. The perception of the 
robot by the human, as well as his/her emotional and cog-
nitive aspects, were found influential for the effectiveness 
of HRC. Khalid et al. [20] presented an approach for the 
development of safe and cyber-secure HRC in the domain of 
heavy payload industrial robots. This led to the proposal of 
an integrated cyber-physical production system (CPPS) with 
also the identification of hazard sources. The main hazard 
categories for CPPS included hazards from the collaborating 
robot (e.g., robot characteristics, speed, and force), from the 
industrial process (e.g., ergonomic design and environmental 
conditions), and from the CPPS control layer malfunction 
(e.g., misuse of the system, cyber-attacks, and obstacles for 
active sensors).

Wang et al. [21] introduced the concept of symbiotic 
HRC. In traditional automation practice, humans must com-
ply with rigid work procedures like the rest of the automated 
manufacturing environment. This rigidity is also present in 
some industrial HRC applications. To overcome this limita-
tion a more responsive, intelligent and accessible collabora-
tive system is required. In particular, symbiotic HRC aims 
to provide: (i) a multi-modal, intuitive programming envi-
ronment that does not require in-depth knowledge of the 
system; (ii) natural communication with the robot through 
the use of inputs such as voice and gestures, potentially 
even allowing new tasks to be programmed; (iii) an immer-
sive collaboration, allowing the operator to be involved in 
the tasks also through the use of wearable devices, such as 
Augmented Reality (AR) glasses or smart watches; (iv) an 
increased context dependency, where the system should be 
able to understand with the support of sensors the situation 

based on human and robotic conditions and actions, adapt-
ing accordingly.

In order to achieve an “advanced” HRC, several recent 
works have focused on proposing methods for dynamic 
adaptation of robot control during HRC. Mohammed et al. 
[22] presented a novel approach for effective online colli-
sion avoidance in an augmented environment, where virtual 
3D models of robots and real images of human operators 
from depth cameras are used for monitoring and collision 
detection. Liu et al. [23] introduced a dynamic speed and 
separation monitoring (SSM) method for ensuring safe 
HRC while maintaining productivity as high as possible. 
The system included a dynamic risk-assessment and safe 
motion control based on the virtual model of the robot and 
human skeleton point data acquired from a vision sensor. 
In addition, through an augmented reality environment, the 
operator was able to visualize the risk-field around the robot, 
providing more transparency on the activation of the colli-
sion avoidance system. Roveda et al. [24] presented a model-
based reinforcement learning variable impedance controller 
to assist human operators in collaborative tasks, such as a 
collaborative lifting. A set of neural networks was used to 
learn a human-robot interaction dynamic model, capturing 
also uncertainties. Subsequently, the learned model was kept 
updated through new information from collaborative tasks 
execution. Joseph et al. [25] proposed an aggregated “digital 
twin” solution for a collaborative workcell, which employed 
a collaborative robot and human workers. The architecture 
provides mechanisms to aggregate data and functionality 
in a manner that reflects reality; thereby enabling the intel-
ligent, adaptive control of a collaborative robot.

2.1 � Physiological Measures in HRC

In order to better understand and support the operator during 
HRC, cognitive and psycho-physical aspects should also be 

Fig. 1   (a) The collaborative 
robot UR3e with the gripper 
end-effector [34]. (b) Schema of 
the mechanical component with 
its components
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taken into account. Concepts like mental workload, stress, 
demand, strain and fatigue have been widely discussed in 
literature, being particularly interesting for the manufactur-
ing context [9, 26, 27]. Assessment of these constructs is 
often performed through self-reporting tools, such as the 
NASA-TLX [28] and the Subjective Workload Assessment 
Technique (SWAT) [29]. However, this kind of tools may 
suffer from post-task retrospective bias (i.e., a bias intro-
duced by recalling an event) and are poorly suited to contin-
uous monitoring in naturalistic settings, such as production 
lines [30, 31]. To overcome these limitations, in recent years 
there has been an increasing focus on physiological meas-
ures for the comprehension of the operator’s state [32, 33]. 
So far, different works on this topic have been presented, 
however only few of them are focused on industrial HRC. 
Kulic and Croft [13] evaluated the impact of an industrial 
robot motion on subjective and physiological responses (i.e., 
Heart Rate Variability (HRV) and ElectroDermal Activity 
(EDA)) with various trajectory types presented to human 
participants. Results revealed an increased mental stress for 

fast and closely passing movements, but the scenario was 
static in terms of interaction with the robot. Arai et al. [11] 
conducted a similar study with an industrial manipulator, 

Table 1   Operation list of the collaborative assembly task

Operation No. Operation Operation allocation

Control: Human Control: NoHuman

OP1 Placement of the square flange on the base. Robot Robot
OP2 Fixing the square flange to the base with a pair of screws and nuts. Human Human
OP3 Commanding to continue the task. Human − 
OP4 Placement of the oval flange on the base. Robot Robot
OP5 Fixing the oval flange to the base with a pair of screws and nuts. Human Human
OP6 Commanding to continue the task. Human − 
OP7 Placement of the assembled component in another working area. Robot Robot

Fig. 2   Operations of the col-
laborative assembly task: (a) the 
UR3e picks up the square flange 
and places it on the base; (b) 
the operator takes the screws, 
inserts them into the holes and 
tightens them; (c) the robot 
takes the oval flange and places 
it on the base; (d) the opera-
tor takes the other two screws, 
inserts them into the holes and 
tightens them; (e) the robot 
takes the assembled component 
and places it in another area

Fig. 3   The Empatica E4 biosensor used for the experiment [35]
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evaluating the impact of robot movement at different speeds 
and distances from the operator on EDA. However, also in 
this scenario, participants were not actively involved in the 
interaction with the robot and the number of participants 
was quite limited. Kühnlenz et al. [12] studied the impact 
of different trajectory profiles of a standard industrial robot 
on users’ mental stress, assessed through HRV and EDA. 
Although the participant was actively involved in the task 
compared to other studies, there was still limited interaction 
with the robot.

3 � Method

Building upon findings within the literature, we explored the 
differences in physiological response, self-reported affec-
tive state, and interaction quality to variations in HRC con-
figuration throughout the implementation of a collaborative 
assembly task.

3.1 � Experimental Design

In the present study, a collaborative assembly task was 
designed and implemented within the “Mind 4 Lab” (Man-
ufacturing Industry 4.0 Laboratory) at the “Politecnico di 
Torino” to investigate user experience, operator affective 

state and stress in industrial HRC. The collaborative assem-
bly task implemented was designed to recreate a worksta-
tion of a production cycle in an industrial context. The task 
consisted of assembling two mechanical flanges onto a base 
by tightening two pairs of screws (Fig. 1b) with the support 
of the collaborative robot UR3e [34] (Fig. 1a). The list of 
operations of the task is reported in Table 1. The collabora-
tive robot began by picking up the square flange and placing 
it on the base in the correct position (Fig. 2a). Then, the 
operator took the screws, inserted them into the holes and 
tightened them (Fig. 2b). Next, the robot took the oval flange 
and placed it correctly on the base (Fig. 2c). The operator 
took the other two screws, inserted them into the holes and 
tightened them (Fig. 2d). Finally, the robot took the assem-
bled mechanical component and placed it in another work 
area (Fig. 2e).

The study implemented a three-factor within-subjects 
design approach to investigate the effects of varying robot 
movement speed, distance between robot workspace and 
operator, and control of the task execution time on the per-
ceived interaction quality, self-reported affective state, and 
physiological response. The UR3e robot is an articulated 
arm whose movement is managed by the action of six rotat-
ing joints. Therefore, the movement speed of the robot’s 
joints (Speed) was varied over three levels: Low (30∘/s), 
Medium (90∘/s), and High (270∘/s). Speed levels were set by 

Table 2   Levels of prior 
experience with collaborative 
robots

Level Statement

L0 I have never interacted with a cobot and I did not know them before now.
L1 I have never interacted with a cobot but I know what they are.
L2 I have interacted at least once with a cobot.
L3 I have already programmed and interacted with a cobot.

Table 3   English ve rsion of 
NARS

 Reverse items are indicated with “*”

Sub-scale Questionnaire item

S1: Negative Attitudes toward I would feel uneasy if I was given a job where I had to use robots.
Situations and Interactions The word “robot” means nothing to me.
with Robots I would feel nervous operating a robot in front of other people.

I would hate the idea that robots or artificial intelligence were making 
judgements about things.

I would feel very nervous just standing in front of a robot.
I would feel paranoid talking with a robot.

S2: Negative Attitudes I would feel uneasy if robots really had emotions.
toward Social Influence Something bad might happen if robots developed into living beings.
of Robots I feel that if I depend on robots too much, something bad might happen.

I am concerned that robots would be a bad influence on children.
I feel that in the future society will be dominated by robots.

S3: Negative Attitudes I would feel relaxed talking with robots.*
toward Emotions in Interaction If robots had emotions, I would be able to make friends with them.*
with Robots I feel comforted being with robots that have emotions.*
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accentuating the differences between them as much as possi-
ble. The distance between the robot workspace and the oper-
ator’s chest (Distance) represents how close the robot can 
move in front of the operator during the task. It was varied 

on two levels so that the task was feasible: Close (30cm) 
and Far (40cm). Finally, the control of the task execution 
time (Control) was made to vary on two levels: Human (the 
operator has a button to communicate to the robot that he/

Fig. 4   Self-Assessment Manikin 
(SAM) with its three dimen-
sions: valence, arousal, and 
dominance

Table 4   Questionnaire for the 
quality of interaction

Item No. Questionnaire item Dimension

Q1 The robot was helpful in accomplishing the task. Robot helpfulness
Q2 I felt the interaction was not safe. Interaction unsafety
Q3 The collaboration felt natural. Interaction naturalness
Q4 The robot and I worked efficiently together. Team efficiency
Q5 The robot and I worked fluently together. Team fluency
Q6 I felt uncomfortable with the robot. Discomfort
Q7 The robot was trustworthy. Robot trustworthiness

Fig. 5   Flow-chart of the experi-
mental procedure Explanation of 

the experiment

Empatica E4 
setting

(~15 min)

Initial
questionnaire
Age
Sex
Prior experience with 
cobots
NARS

Baseline of 
physiological

signals (2 min)

HRC configuration
selection (Speed, 
Distance, Control)

Performing the 
collaborative task 

(Trial i)

Post-
questionnaire

SAM
Interaction
Quality

Debriefing
(2 min)

Were all 12
trials 

performed?
End

Yes

No
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she has finished his/her task and that it can continue) and 
NoHuman (the robot automatically continues with its opera-
tions after a predetermined waiting time of 25s). This factor 
distinguishes between two kinds of situations: one in which 
the operator completely manages the task time and another 
in which the task time is predetermined.

3.2 � Equipment

The Empatica E4 biosensor wristband [35] (Fig. 3) was used 
to collect EDA data at 4Hz, heart data through Photopletis-
mogram (PPG) at 64Hz, and 3-axis accelerometer data at 
32Hz. The device also provided the heart rate NN-intervals. 
PPG and EDA data were used as arousal and stress indica-
tors, evaluating HRV and average skin conductance response 
in each HRC configuration.

In addition to the physiological biosensor, the materials 
also included a questionnaire capturing previous experience 
with cobots and demographic data, the Negative Attitude 
toward Robots Scale (NARS) [36], the Self-Assessment 
Manikin (SAM) [37, 38], and a questionnaire for the inter-
action quality. Based on similar previous studies [39–41], the 
level of experience was evaluated on a four-level scale shown 
in Table 2, asking the participant to select which statement 
best represented his/her degree of experience with cobots.

The NARS [36] was used to further characterize the 
participant, evaluating his/her attitudes towards robot. The 
NARS was developed for measuring humans’ attitudes 
toward robots, i.e., feelings or ways of thinking that affects 
a person’s behavior toward robots. It is a 5-point Likert-scale 
(from “strongly disagree” to “strongly agree”) composed 
by 14 items (Table 3). The NARS items are divided in the 

Table 5   Summary of the variables involved in the study

Type of Variable Variable Description
variable category name

Independent variables Configuration factor Speed Robot movement speed (Low, Medium, High)
Distance Distance between the robot workspace and the operator (Close, Far)
Control Control of the task execution time (Human, NoHuman)

Response variables Interaction quality Q1_Helpful Evaluation of perceived robot helpfulness
Q2_NotSafe Evaluation of perceived interaction unsafety
Q3_Natural Evaluation of perceived interaction naturalness
Q4_Efficient Evaluation of perceived team efficiency
Q5_Fluid Evaluation of perceived team fluency
Q6_Uncomfortable Evaluation of perceived discomfort
Q7_Trustworthy Evaluation of perceived robot trustworthiness

Self-reported affective state Valence SAM dimension representing how much pleasant is an emotion
Arousal SAM dimension representing how much excited/agitated a person 

feels
Dominance SAM dimension representing how strong is the dominance feeling

Physiological response Mean_SCR Average of Skin Conductance Response amplitudes (EDA indicator)
RMSSD Root Mean Square of Successive Differences between adjacent heart 

rate NN-intervals (HRV indicator)

Fig. 6   Distribution of the 
three NARS scores: Negative 
Attitudes toward Situations 
and Interactions with Robots 
(S1), Negative Attitudes toward 
Social Influence of Robots(S2), 
and Negative Attitudes toward 
Emotions in Interaction with 
Robots (S3)
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following three sub-scales: (i) Negative Attitudes toward 
Situations and Interactions with Robots (S1) (scoring from 
6 to 30), (ii) Negative Attitudes toward Social Influence of 
Robots (S2) (scoring from 5 to 25), and (iii) Negative Atti-
tudes toward Emotions in Interaction with Robots (S3) (scor-
ing from 3 to 15) [36].

The SAM [37, 38] is a widely used image-based assess-
ment tool to measure the affective reaction to a certain situa-
tion or event. It is based on the Pleasure-Arousal-Dominance 
(PAD) model, which represents affective states on three dimen-
sions: valence, arousal, and dominance. Valence (or pleasure) 
describes the positivity or negativity of an elicited emotion 
(e.g., fear, anger, or boredom tend to be negative emotions, 

whereas relaxation or joy tend to be positive emotions). 
Arousal refers to how excited a person is, regardless of whether 
the excitement derives from a positive or negative emotion 
(e.g., boredom and relaxation are characterized by low arousal, 
whereas euphoria, fear, or anger tend to have a high arousal). 
Finally, dominance describes how much one feels in control 
of a situation, i.e., a feeling of control and influence over one’s 
surroundings and others (e.g., fear or anxiety are usually char-
acterized by low dominance, while relaxation or anger by a 
high dominance). Figure 4 shows the original 9-point scale 
SAM, which was used in the study to collect affective state of 
the participants during the different task configurations.

Fig. 7   Median ratings with interquartile range of interaction quality dimensions for the configuration factors Speed, Distance, and Control 
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A questionnaire on interaction quality (Table 4) based on 
Baraglia et al. [42] and Hoffman [43] was also administrated 
to the participant at the end of each trial. The questionnaire 
is composed of 7 items, in order to have a quick administra-
tion tool during the experiment that can collect different 
aspects of the interaction with the cobot. The 7 items col-
lect participant’s perception of robot helpfulness, interaction 
safety and naturalness, team efficiency and fluency, comfort, 
and robot trustworthiness. Robot helpfulness represents how 
helpful the robot is in accomplishing a certain task. Interac-
tion safety refers to how safe the HRC is perceived. Inter-
action naturalness concerns the easiness of the interaction 
with the robot. Team efficiency represents how efficient the 
collaboration is. Team fluency refers to the level of coordina-
tion during the collaborative task. Comfort represents how 
at ease a person feels during HRC. Robot trustworthiness 
represents how reliable the robot is perceived to be during 
HRC. Each item was evaluated using a 7-point scale (from 
“strongly disagree” to “strongly agree”).

3.3 � Procedure

Figure 5 outlines the experiment procedure. Initially, the 
objectives of the study and its procedure were explained 
to the participant. The researcher subsequently seated the 
participant in the experiment location and explained the 
various steps of the collaborative assembly task, also illus-
trating the various configurations. After any questions were 
discussed, the Empatica E4 biosensor was firmly placed on 
the participant’s left wrist and 15 minutes were waited for 
the electrodes to adhere well to the skin and to obtain reli-
able EDA data. The participant was asked to fill an initial 
questionnaire, which included demographics (gender and 
age), prior experience with cobots, and the NARS. Next, 
the participant was invited to relax and remain still to record 
2 minutes of physiological signals at rest (i.e., the baseline of 
the physiological signals). After this phase was completed, 
the participant performed the collaborative assembly task 

Fig. 8   Distribution of the perceived robot helpfulness (Q1_Helpful) for the configuration factors Speed, Distance, Control. Note that Q1_Helpful 
ranges from 1=“Strongly disagree” to 7=“Strongly agree”
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with all the 12 possible configurations in a random order. 
The researcher supervised each trial and, between trials, set 
up the HRC configuration and the workpieces. At the end 
of each trial, the participant reported his/her affective state 
during the trial through the SAM, filled the questionnaire on 
the quality of interaction with the cobot, and was involved 
in a quick debriefing. At the conclusion of the experiment, 
the participant was asked for a general unstructured feedback 
about the overall experience. The entire experimental ses-
sion lasted 90 minutes on average.

3.4 � Data Processing

Table 5 summarizes the response and independent variables 
considered in the study. Physiological data were checked 
and cleaned of possible artifacts. EDA data were processed 
using the MATLAB-based software “Ledalab” [44]. Con-
tinuous Decomposition Analysis (CDA) [45] was performed 
to decompose the EDA signal into continuous signals of 

phasic and tonic activity. Tonic activity refers to long-term 
fluctuations in EDA that are not specifically elicited by 
external stimuli and is best characterized by changes in Skin 
Conductance Level (SCL). In contrast, phasic activity refers 
to short-term fluctuations in EDA which have been elicited 
by a usually identified and externally presented stimulus. 
Through the analysis of the phasic activity signal, Skin Con-
ductance Responses (SCRs) (i.e., amplitude changes from 
the SCL to a peak of the response) can be identified. In this 
study, the average SCR was used as an arousal and stress 
indicator in each HRC configuration. From heart data, HRV 
measures can be derived and used as an arousal and stress 
indicator. In this study, the Root Mean Square of Succes-
sive Differences between adjacent NN-intervals (RMSSD) 
was considered as measure of HRV due to its common use 
[9, 46].

Fig. 9   Distribution of the perceived interaction unsafety (Q2_NotSafe) for the configuration factors Speed, Distance, Control. Note that Q2_Not-
Safe ranges from 1=“Strongly disagree” to 7=“Strongly agree”
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4 � Results and Analysis

In this section, the obtained results from the experiment are 
reported. After an overview of the participants involved in 
the study, analysis of the influence of the configuration fac-
tors on each response variable will be presented.

4.1 � Participants

The study involved 42 participants (71.4% males and 28.6% 
females), with a mean average age of 28.24 years (sd = 8.1), 
who were recruited from the “Politecnico di Torino” and 
surrounding community. Regarding prior experience with 
cobots, 28.6% of participants had never interacted with a 
cobot and did not know them before the experiment; 45.2% 
of participants had never interacted with a cobot but knew 
them; 16.7% of participants had already interacted with a 

cobot; 9.5% of participants had already programmed and 
interacted with a cobot.

Figure 6 shows the distributions of the three NARS 
scores of the participants. The average score for Negative 
Attitudes toward Situations and Interactions with Robots 
(S1) was 11.64 (sd= 3.07), which is less than half of the 
maximum score (i.e., 30). Regarding Negative Attitudes 
toward Social Influence of Robots (S2), the average score 
was 13.95 (sd= 3.20), revealing some worries for the poten-
tial social influence of robots. Finally, the average score 
for Negative Attitudes toward Emotions in Interaction 
with Robots (S3) is 8.98 (sd= 2.54), showing some con-
cern towards affective interaction with robots. These results 
show that the sample of participants is quite willing to 
interact with robots, however it seems to show some doubts 
about the social role of robots and the strong involvement 
of emotions during the interaction with them.

Fig. 10   Distribution of the perceived interaction naturalness (Q3_Natural) for the configuration factors Speed, Distance, Control. Note that Q3_
Natural ranges from 1=“Strongly disagree” to 7=“Strongly agree”
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4.2 � Interaction Quality

In this section, a descriptive analysis of the perceived 
interaction quality is presented. Figure 7 provides an over-
all graphical comparison between the different levels of 
the configuration factors Speed, Distance, and Control for 
each interaction quality dimension. Additionally, signifi-
cant differences in response variables by fixed factors is 
also highlighted through the Wilcoxon signed-rank test 
[47]. This test is suitable for analyzing paired ordinal data, 
hence allowing to consider the within-subject effect [48]. 
Since multiple pairwise comparisons were needed for the 
Speed factor to assess the differences between its three 
levels, Bonferroni’s post-hoc correction has been applied 
[49, 50].

Figure 8 shows data distribution of perceived robot help-
fulness (Q1_Helpful) as the configuration factors are varied. 
It can be observed that:

–	 As the level of Speed increased, the perceived robot 
helpfulness increased too. A great difference in the dis-
tributions can be seen when comparing the Low speed 
with the other two levels (see also Fig. 7). This result 
is confirmed by the Wilcoxon signed-rank test with 
Bonferroni correction, showing a highly significant dif-
ference between Low and Medium speeds (p < 0.001) 
and Low and High speeds (p < 0.001). The difference 
between Medium and High, instead, resulted not sig-
nificant (p = 0.471).

–	 A slight difference can be seen between the two Dis-
tance levels, with a higher perceived robot helpfulness 
when the robot was closer to the operator. However, 
through the Wilcoxon signed-rank test, this difference 
was not found to be significant (p = 0.144) (Fig. 7).

–	 When the participant had no control of the task execu-
tion time (i.e., Control=NoHuman), robot helpfulness 
was perceived to be lower (Fig. 7). A highly signifi-

Fig. 11   Distribution of the perceived team efficiency (Q4_Efficient) for the configuration factors Speed, Distance, Control. Note that Q4_Effi-
cient ranges from 1=“Strongly disagree” to 7=“Strongly agree”
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cant difference was also highlighted by the Wilcoxon 
signed-rank test (p < 0.001).

Regarding the perceived interaction unsafety (Q2_Not-
Safe), Fig. 9 shows the response distributions for each con-
figuration factor, and the following can be inferred:

–	 A high robot movement speed (Speed) resulted in a 
degradation in the perceived safety. The Wilcoxon 
signed-rank test with Bonferroni correction showed a 
significant difference between Low and High levels (p 
= 0.007), however the comparisons Low-Medium and 
Medium-High did not lead to a significant difference (p 
= 0.645 and p = 0.159, respectively).

–	 When the robot workspace was closer to the partici-
pant, the perceived unsafety was slightly higher. How-
ever, the response distributions for the two Distance 
levels are almost identical, and indeed the Wilcoxon 

signed-rank test confirmed a non-significant difference 
(p = 0.171).

–	 Not controlling the task execution time led to an increase 
of the perceived unsafety. Moreover, the difference 
resulted highly significant by the Wilcoxon signed-rank 
test (p < 0.001) (Fig. 7).

The influence of the configuration factors on the per-
ceived interaction naturalness with the cobot (Q3_Natural) 
can be observed in Fig. 10:

–	 A low robot movement speed led to a consistent degrada-
tion of perceived interaction naturalness compared to the 
other two Speed levels, even changing the mode of the 
distribution. The Wilcoxon signed-rank test confirmed a 
highly significant difference between Low and Medium 
speed (p < 0.001) and between Low and High speeds (p 

Fig. 12   Distribution of the perceived team fluency (Q5_Fluid) for the configuration factors Speed, Distance, Control. Note that Q5_Fluid ranges 
from 1=“Strongly disagree” to 7=“Strongly agree”
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< 0.001). In contrast, the Medium-High comparison did 
not lead to a significant difference (p = 1).

–	 The Distance factor did not have a significant influence 
on the perceived interaction naturalness. This was also 
confirmed by the Wilcoxon signed-rank test (p = 0.807).

–	 Interaction in configurations without control of task exe-
cution time by the participant was perceived less natural. 
This can be observed in Fig. 10, with even a decrease 
in the mode of the response distribution. The Wilcoxon 
signed-rank test showed also a highly significant differ-
ence between the two Control levels (p < 0.001).

With respect to team efficiency (Q4_Efficient), Fig. 11 
shows the response distributions as the configuration fac-
tors are varied:

–	 A consistent degradation of team efficiency can be 
observed for a low robot movement speed. Moreover, 
the Wilcoxon signed-rank test with Bonferroni correc-

tion confirmed a highly significant difference between 
Low and Medium speed (p < 0.001) and between Low 
and High speeds (p < 0.001). The difference between 
Medium and High resulted not significant (p = 0.268).

–	 The distance of the robot workspace from the operator 
did not have a significant influence on the perceived 
team efficiency, as can be seen by the almost identical 
distribution (Fig. 11). This was also confirmed by the 
Wilcoxon signed-rank test (p = 0.922).

–	 Not controlling the task execution time slightly decreased 
the perceived efficiency. This difference resulted highly 
significant by the Wilcoxon signed-rank test (p < 0.001).

Figure 12 shows data distribution of perceived team flu-
ency (Q5_Fluid) for the configuration factors, and it can be 
noticed that:

–	 Medium or High robot speeds were associated with 
greater team fluency compared to the low one. The Wil-

Fig. 13   Distribution of the perceived discomfort (Q6_Uncomfortable) for the configuration factors Speed, Distance, Control. Note that Q6_
Uncomfortable ranges from 1=“Strongly disagree” to 7=“Strongly agree”



Journal of Intelligent & Robotic Systems          (2022) 106:36 	

1 3

Page 15 of 30     36 

coxon signed-rank test with Bonferroni correction con-
firmed a highly statistical difference between Low and 
Medium speeds (p < 0.001) and between Low and High 
speeds (p < 0.001). The difference between Medium and 
High speeds was not found statistically significant (p 
= 0.268).

–	 A slight degradation of the perceived team fluency 
occurred when the robot workspace was closer to the 
participant. However, the Wilcoxon signed-rank test 
revealed a not significant difference between the two 
levels of Distance (p = 0.542).

–	 Team fluency in configurations without execution time 
control by the participant was negatively affected. More-
over, the Wilcoxon signed-rank test showed a significant 
difference between the two Control levels (p < 0.001).

The influence of the configuration factors on perceived 
discomfort (Q6_Uncomfortable) can be observed in Fig. 13:

–	 A high robot movement speed led to slightly more 
discomfort compared to lower ones. The Wilcoxon 
signed-rank test with Bonferroni correction confirmed 
a significant difference between Low and High speeds 
(p = 0.009), however the differences between Low and 
Medium speeds and between Medium and High speeds 
were not statistically significant (p = 1 and p = 0.229, 
respectively).

–	 Even if the Close level received slightly higher ratings, 
the distance of the robot workspace from the operator 
did not have a significant influence on the perceived 
discomfort, (Fig. 13). This was also confirmed by the 
Wilcoxon signed-rank test (p = 0.204).

–	 Perceived discomfort increased when the participant 
had no control of the task execution time. In addition, 
the Wilcoxon signed-rank test revealed a highly sig-
nificant difference in perceived discomfort between the 
two Control levels (p < 0.001).

Fig. 14   Distribution of the perceived trustworthiness (Q7_Trustworthy) for the configuration factors Speed, Distance, Control. Note that Q7_
Trustworthy ranges from 1=“Strongly disagree” to 7=“Strongly agree”
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As regard robot trustworthiness (Q7_Trustworthy), 
Fig. 14 shows how the configuration factors influenced 
the response distribution:

–	 Higher robot movement speeds implied a slight 
decrease in robot trustworthiness. However, the Wil-
coxon signed-rank test with Bonferroni correction 
revealed that this effect was not significant for any 
pairwise comparison (Low-Medium: p = 1; Low-High: 
p = 0.564; Medium-High: p = 1).

–	 A greater distance between the participant and robot 
workspace was associated with the cobot being more 

trustworthy. The Wilcoxon signed-rank test confirmed 
a significant difference between the two levels of Dis-
tance (p = 0.022).

–	 The lack of time execution control by the participant 
was associated with a loss of robot trustworthiness. 
This effect was confirmed to be highly significant by 
the Wilcoxon signed-rank test (p = 0.001).

4.3 � Participant’s Affective State

In this sub-section, the relationships between the experi-
mental factors and the self-reported affective state through 

Fig. 15   Median ratings with 
interquartile range of SAM 
dimensions for the configuration 
factors Speed, Distance, Control 
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the SAM are presented. Figure 15 provides an overall 
graphical comparison between the different levels of the 
configuration factors Speed, Distance, and Control for 
each SAM dimension. Additionally, significant differences 
in response variables by fixed factors is also highlighted 
through the Wilcoxon signed-rank test. Also in this case, 
Bonferroni’s post-hoc correction has been applied for the 
Speed factor.

Regarding Valence dimension, Fig. 16 shows how the 
configuration factors influenced the response distribution:

–	 A low robot movement speed led to more unpleasant 
emotions compared to the other two Speed levels. The 
Wilcoxon signed-rank test with Bonferroni correction 
confirmed a highly significant difference between Low 
and Medium speeds (p < 0.001) as well as between Low 
and High speeds (p < 0.001). The difference between 
Medium and High speeds was not significant (p = 1).

–	 When the robot workspace was farer from the partici-
pant, slightly less positive emotions were perceived. 

However, the Wilcoxon signed-rank test highlighted 
that the difference was not significant (p = 0.879).

–	 Configurations lacking time execution control by par-
ticipant were associated with less pleasant emotions 
(see also Fig. 15). Moreover, the Wilcoxon signed-rank 
test highlighted a significant difference between the two 
control configurations (p < 0.001).

The influence of the configuration factors on Arousal 
can be observed in Fig. 17:

–	 Increasing robot speed had a general positive effect, 
meaning that participants got more aroused as the 
robot speed increased. This result is confirmed by the 
Wilcoxon signed-rank test with Bonferroni correction, 
where all the pairwise comparisons led to significant 
differences (Low-Medium: p < 0.001; Low-High: p 
< 0.001; Medium-High: p = 0.004).

–	 The distance of the robot workspace from the opera-
tor seemed to not have a significant influence on par-

Fig. 16   Distribution of Valence for the configuration factors Speed, Distance, Control.
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ticipants arousal. The Wilcoxon signed-rank test high-
lighted indeed a not significant difference between the 
two Distance levels (p = 0.711).

–	 The absence of time execution control by the participant 
was associated with an increase in participants arousal. 
This effect resulted significant according to the Wilcoxon 
signed-rank test (p < 0.001).

Figure 18 shows data distribution of Dominance for the 
configuration factors, and it can be observed that:

–	 Increasing the speed of the robot resulted in a slight low-
ering of the participant’s sense of dominance. The Wil-
coxon signed-rank test with Bonferroni correction high-
lighted a significant difference between Low and Medium 
speeds (p = 0.039), however not between Low and High 
speeds (p = 0.180) or between Medium and High speeds 
(p = 1).

–	 Even a slight degradation in the sense of dominance can 
be observed for the Close setting, the factor Distance 
seemed to not be particularly influential, and this was 
confirmed by the Wilcoxon signed-rank test (p = 0.449).

–	 In configurations without time execution control by par-
ticipant, the sense of dominance was considerably lower 
(see also Fig. 15). The Wilcoxon signed-rank test con-
firmed a highly significant difference between the two 
Control levels (p < 0.001).

4.4 � Physiological Responses

In this sub-section, the relationships between the experi-
mental factors and physiological responses are presented. 
Figure 19 shows the distribution of the average SCR data for 
the configuration factors, while Fig. 20 allows to better com-
pare with boxplots the response differences across the levels 
of each configuration factor. As can be observed, the data 
distribution has a high skewness and the hypothesis of the 

Fig. 17   Distribution of Arousal for the configuration factors Speed, Distance, Control 
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average SCR following a normal distribution was rejected by 
a Shapiro-Wilk test [51] (p < 0.001). It can be observed that:

–	 Low robot movement speed led to slightly lower average 
SCR, leading to slightly less mental strain. According to 
the Wilcoxon signed-rank test with Bonferroni correc-
tion, this difference resulted significant with respect to 
the Medium speed (p = 0.039), but not when compared 
with the High one (p = 0.180). The difference between 
Medium and High was also not significant (p = 1).

–	 The distance of the robot workspace from the operator 
seemed to not have a significant influence on the average 
SCR. This was also confirmed by the Wilcoxon signed-
rank test (p = 0.816).

–	 Configurations without task execution control tended 
to generate slightly more stressful situations for the 
participant, leading to a slight increase in the average 
SCR. However, the Wilcoxon signed-rank test revealed 

an almost significant difference between the two set-
tings (p = 0.071).

With respect to HRV, Fig. 21 provides the distribution 
of the RMSSD data for the configuration factors, while 
Fig. 22 shows boxplot comparisons of the response across 
the levels of each configuration factor. As can be noted, the 
data distribution has a high skewness and the hypothesis of 
the RMSSD following a normal distribution was rejected 
by a Shapiro-Wilk test (p < 0.001). It can be noted that:

–	 As the robot movement speed increased, a slight 
decrease in RMSSD was observed. This means that 
slightly more stressful situations happened with higher 
robot speed. However, the Wilcoxon signed-rank test 
with Bonferroni correction revealed that this effect 
was not significant for any pairwise comparison (Low-

Fig. 18   Distribution of Dominance for the configuration factors Speed, Distance, Control 
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Medium: p = 1; Low-High: p = 1; Medium-High: p 
= 1).

–	 Increasing the distance between the robot workspace 
and the participant increased the RMSSD, leading to 
potentially slightly less stressful situations. However, 
the Wilcoxon signed-rank test showed that this differ-
ence was not statistically significant (p = 0.897).

–	 The absence of time execution control by the par-
ticipant tended to generate more stressful situations, 
leading to a slight decrease of RMSSD. However, the 
Wilcoxon signed-rank test revealed that this effect was 
not statistically significant (p = 0.769).

4.5 � Exploration of Two‑Way Interactions

This section presents a preliminary and exploratory analysis 
of potential factor interactions on response variables.

Figure 23 shows interaction plots for interaction qual-
ity. Some interaction effects between robot movement speed 
(Speed) and distance from robot workspace (Distance) are 
present in perceived robot helpfulness (Q1_Helpful), team 
fluency (Q5_Fluid), and discomfort (Q6_Uncomfortable). 
For low movement speeds, the robot was perceived to be 
more helpful when working closer to the operator. For 
medium speeds, the interaction was perceived to be slightly 
smoother when the workspace was further from the operator. 
In sessions with high speeds greater proximity to the robot 
workspace was associated with a slight increase in discom-
fort. Some interaction effects between Speed and Control 
are present in perceived robot helpfulness (Q1_Helpful), 
interaction unsafety (Q2_NotSafe), naturalness (Q3_Natu-
ral), team efficiency (Q4_Efficient), fluency (Q5_Fluid), and 
discomfort (Q6_Uncomfortable). For low movement speeds 
the robot was perceived to be less helpful when the partici-
pant was not in control of execution time. However, when 
the execution time control was absent, perceived interaction 

Fig. 19   Distribution of the average SCR (Mean_SCR) by the configuration factors Speed, Distance, Control 
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unsafety and discomfort were greater for medium and high 
speeds. Moreover, an improvement in perceived interaction 
naturalness, team efficiency and fluency were observed for 
medium and high speeds when the participant had execu-
tion time control. No interaction effects between Control and 
Distance are present in the dimensions of interaction quality, 
except in perceived robot helpfulness (Q1_Helpful). When 
the robot workspace was more distant from the participant, 
the absence of time execution control the robot implied a 
slight decrease in perceived helpfulness of the robot.

Interaction plots for SAM dimensions are reported in 
Fig. 24. Some interaction effects between Speed and Dis-
tance can be observed in Valence and Arousal. When the 
robot workspace was closer to the participant, low speeds led 
to slightly more positive emotions and lower arousal, attrib-
utable to a slightly greater sense of relaxation. Interaction 
effects between Speed and Control are present in Valence 
and Arousal. In general, as Speed increased, an increase in 
Valence and Arousal can be noticed. When the participant 
was in control of execution time, more positive emotions 
were perceived with medium robot speeds. The absence of 
execution time control caused a general increase of arousal, 
but for low speeds a smaller difference can be noticed. No 
interaction effects between Control and Distance can be 
observed in the SAM dimensions.

Figure 25 contains the interaction plots for physiologi-
cal responses. Some interaction effects between Speed 
and Distance can be observed in both the HRV indicator 
RMSSD and the average SCRs (Mean_SCR). When the 

robot workspace was closer to the participant, a slight 
decrease in HRV was observed for medium and high 
speeds, potentially leading to slightly increased stress. 
This effect was also observed in the average SCRs for 
medium speeds, where a slight increase was present. When 
the speed was low, HRV was slightly higher than in con-
figurations where the robot workspace was further from 
the participant, leading to potentially less stressful situa-
tions. However, this effect does not seem to be confirmed 
by the average SCRs, as it was slightly higher in these 
configurations.

Some interaction effects between Speed and Control are 
present in RMSSD and Mean_SCR. When the participant 
was not in control of execution time, a slight increase of 
average SCRs was observed for low robot speeds, lead-
ing to potentially more stressful situations. However, this 
effect is not confirmed by the HRV.

Some small interaction effects between Distance and 
Control can be observed in RMSSD and Mean_SCR). 
When the participant was closer to robot workspace, the 
absence of execution time control caused a slight decrease 
in HRV and an increase in mean SCRs, thus leading to 
slightly more stressful situations.

4.6 � Exploration of Time (Trial) Effect

In this subsection, a preliminary analysis of the effect of 
time (i.e., the progression of experimental trials) on response 
variables is presented.

Fig. 20   Boxplot comparison of 
the average SCR (Mean_SCR) 
for each configuration factor.
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Figure 26 shows the evolution of the interaction quality 
dimensions with respect to the progression of the experiment 
(Trial). As the experiment progressed through the trials, the 
perception of various aspects related to interaction quality 
tended to improve. It can be noticed that there is a generally 
positive effect in perceived robot helpfulness (Q1_Helpful), 
interaction naturalness (Q3_Natural), team efficiency (Q4_
Efficient), fluency (Q5_Fluid), and robot trustworthiness 
(Q7_Trustworthy). Moreover, a general decrease in interac-
tion unsafety (Q2_NotSafe) and discomfort (Q6_Uncomfort-
able) can be observed.

In Fig. 27 the evolution of affective state collected through 
the SAM is presented. It can be seen that as the experiment 
progressed, the sense of control and relaxation generally 
increased. In fact, Arousal gradually decreased, while Domi-
nance gradually increased. For Valence, the effect is not clear. 
However, a slight negative trend can be noticed, which can be 
attributed to a potential increasing sense of boredom.

Figure 28 shows the evolution of physiological response 
with respect to Trial. A progressive decrease in the aver-
age SCRs (Mean_SCR) and its dispersion can be observed. 
This phenomenon can be interpreted as a gradual decrease 
in stress level probably due to the task-related habituation 
effect. Regarding HRV, no particular trend can be noticed 
for the RMSSD.

5 � Discussion

The analysis revealed some interesting relationships among 
the configuration factors and both subjective and objective 
responses. Among the configuration factors, Speed and Con-
trol were found to be most significant overall.

Several significant differences emerged between Low and 
higher robot movement speed levels (Fig. 7). Low speed 
was associated with lower perceived robot helpfulness, 

Fig. 21   Distribution of the HRV indicator RMSSD by the configuration factors Speed, Distance, Control 
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team efficiency, interaction naturalness, and team fluid-
ity. However, a significant increase in the perceived safety 
and comfort was also observed compared to High speed. 
Interestingly, no significant differences in the dimensions of 
interaction quality emerged between the Medium and High 
levels. The Low robot movement speed was also associated 
with lower valence, implying more negative emotions such 
as boredom (Fig. 15). In addition, as the speed of the robot 
increased, there was a significant increase in participants 
arousal. This effect was also partially detected physiologi-
cally, with an increase of average SCRs (Mean_SCR). This 
result is in agreement with findings form previous stud-
ies, such as Kulić and Croft [13, 52] and Arai et al. [11]. 
In addition, unstructured feedback from participants con-
firmed these findings, showing a preference for Medium and 
High robot movement speeds. Low speed led participants 
to become bored and distracted more easily. From a task 
design perspective, a low speed may be useful in the begin-
ning to familiarize with robot movements. However, once 
the operator is familiar with the task, higher robot speeds 
can improve efficiency and operator involvement.

The lack of control of the task execution time had a sig-
nificant negative effect on the interaction quality (Fig. 7) and 
participants’ affective state (Fig. 15). In this kind of configura-
tions, the robot was perceived by participants less helpful and 
trustworthy. Moreover, the interaction was felt significantly 
less natural, efficient, safe, fluid, and comfortable. Regarding 

the participants’ affective state, control of the task execution 
time was associated with higher levels of valence and domi-
nance and with a lower level of arousal. This means that par-
ticipants were more relaxed during this kind of configuration, 
thus leading to less stressful situations for the participants. 
From a physiological point of view, an almost significant 
increase in average SCRs was observed in configurations 
without control of the task execution time. This result is in line 
with the findings of Arai et al. [11], in which it was pointed 
out that the absence of information regarding the robot motion 
speed generated more stress in the operator. Participants’ 
unstructured feedback supported these findings, showing a 
preference for having control of the task execution time. When 
they did not have control of task timing, participants tended 
to experience more pressure and anxiety. However, some par-
ticipants who finished their operation well ahead of schedule 
had to wait for the robot to continue, and this also negatively 
impacted the experience. From a task design perspective, it is 
important for the operator to have control of the task execu-
tion time to avoid possible process defects or idle time. This 
form of control, however, does not exclude the possibility for 
the robot to make autonomous decisions. For instance, the 
introduction of a robot adaptivity system based on the state of 
advancement of the operations of the human would allow to 
reach a more advanced form of HRC, while maintaining the 
operator in control of the task.

Fig. 22   Boxplot comparison of 
the HRV indicator RMSSD for 
each configuration factor
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Fig. 23   Interaction median plots 
of interaction quality dimen-
sions for the configuration fac-
tors Speed, Distance, Control.
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The distance between the operator and the robot work-
space was generally found to be not particularly influential 
(Figs. 7 and 15). However, a significant slight increase in 
robot trustworthiness was observed with a higher distance. 

Indeed, from the unstructured feedback, it was apparent that 
the distance factor was mostly a matter of preference and 
that, for the purposes of the collaborative task, it did not par-
ticularly affect the experience. This is partially in contrast to 

Fig. 24   Interaction median 
plots of SAM dimensions for 
the configuration factors Speed, 
Distance, Control 
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what was shown in Arai et al. [11], where greater proximity 
of the operator to the moving robot induced greater stress. 
It should be noted, however, that the size and type of robot 
implemented were different from those in the present study. 
In fact, the low significance of Distance on many response 
variables may also be due to the rather small size of the 

UR3e robot. Future studies will be needed to confirm this 
hypothesis.

A qualitative analysis on factor interactions revealed 
some potential effects on response variables. Some slight 
interaction effects between Speed and Distance emerged in 
perceived robot helpfulness, interaction fluency, discom-
fort, valence, and arousal. For Low speed, a general pref-
erence for configurations where the operator is closer to 
the robot workspace emerged. However, for higher speeds, 
greater discomfort was felt with greater proximity. Physi-
ologically, no clear effect on stress emerged. Interaction 
effects between Speed and Control revealed that with the 
absence of control of task execution time, increased speed 
had an overall negative effect on user experience, with a 
degradation of most dimensions of perceived interaction 
quality. For the interaction between Distance and Control, 
a slight effect on physiological response was noted. Specifi-
cally, when the robot workspace was closer to the operator, 
slightly more stress was observed in configurations where 
the participant was not in control of the execution time. 
These preliminary results provide a starting point for fur-
ther investigation through in-depth quantitative analysis 
in future work.

Experimental outcomes revealed potential effects of time 
(Trial) on response variables. As the experimental trials 
progressed, a gradual improvement in user experience was 
observed. Various dimensions of interaction quality gradu-
ally improved, with also an increasing feeling of control and 
relaxation by participants. This phenomenon indicates an 
influence of the habituation process, which will be further 
investigated in future work through in-depth quantitative 
analysis.

Overall, the need for customization of the HRC was hinted 
from the participant comments. Technology that can adapt 
to the user’s needs and preferences can provide a significant 
ergonomic benefit, both physically and psycho-cognitively. 
Further investigation on this front is needed, also exploring 
possible relationships with operator characteristics.

6 � Conclusions

The aim of this research was to present a preliminary study 
focused on user experience in industrial HRC, by exploring 
the relationships among the perceived interaction quality, 
operator’s affective state, physiological response and several 
HRC setting factors.Fig. 25   Interaction mean plots of physiological response for the con-

figuration factors Speed, Distance, Control 
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The study results revealed an important influence of the 
robot movement speed and the participant’s control of the 
task execution time, but not of the distance between the 
operator and the robot workspace.

Medium and High speeds were found to be the most 
appreciated. Although most participants initially appreci-
ated slower speeds, once they understood the trajectory 
of the robot’s movements they wanted higher speeds to be 
more efficient and feel more engaged. This fact highlights 

that when the trajectories of the robot are not known to the 
operator, it is preferable to maintain slower speeds. However, 
higher robot speeds can be preferable to maintain engage-
ment once the operator feels confident with the task.

Configurations without human control of execution time 
were less appreciated and tended to generate more anxiety. 
However, interestingly, some participants appreciated the 
absence of direct control as not having to press the button 
represented one less operation for them. This fact seems to 

Fig. 26   Effect of time (Trial) on interaction quality dimensions
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presage that a system capable of automatically recogniz-
ing when the operator has finished their operations may be 
preferable to a traditional control system. In fact, such a 
modality would allow to approach the natural human-human 
collaboration.

The distance between the operator and the robot work-
space turned out to be not particularly influential and from 
participant feedback it seemed to be simply a matter of 
preference. This fact may be due to the rather small size 
of the UR3e robot, however this hypothesis needs more 
investigation.

The introduction of physiological measures to analyze 
user experience in the HRC allowed for a better understand-
ing of participant reactions, while also capturing uncon-
scious ones. Through the analysis of HRV and EDA, physi-
ological responses provided some initial insights, partially 
confirming the self-reported affective state and the unstruc-
tured feedback of participants. More studies on the imple-
mentation of non-invasive biosensors will be necessary and 
useful to achieve a profitable and human-centered HRC.

Future work will provide a deeper and quantitative analysis of 
the HRC configuration factors, also exploring their interactions. 
Moreover, further investigation on the relationship between 
affective state and physiological response in HRC will be neces-
sary. Unstructured interviews with participants revealed different 
opinions about the preferred HRC configuration, which may hint 
to the need for a more personalized HRC. For this reason, the 
effects of the habituation process and participant’s characteristics 
will be deeply explored in following studies.
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