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Abstract
In the new industrial contexts, the workers’ well-being is the central pillar. Therefore, research on methods and technics
to improve the workers’ user experience in a human–robot collaborative environment is necessary. While the effects of
kinematic variables, such as speed and acceleration, on human safety have been extensively studied, their impact on human
perception has not been fully explored. This study investigates the effects of the robot’s speed and acceleration on humans.
An experimental research approach was used, where 20 participants (10 women and 10 men) performed an assembly task
collaborating with a robot. An experiment was defined with two procedures, and the participants were evenly distributed:
in the first experiment, the participants started by performing the task at a slow robot speed and then performed the same
task at a faster speed. In the second experiment, the other half followed the opposite procedure. Key Performance Indicators
(KPIs), physiological values (via EEG and EDA), and perceptual values (using the standardised UEQ-S questionnaire) were
collected. The results showed that the robot’s speed and acceleration impact the task’s completion time and participants’
emotional responses. Our results lead to a new concept, “HRI speed bell”, which indicates that it is necessary to investigate
the optimal speed and acceleration to ensure good trust and perceived safety. Furthermore, the task sequence also influences
participants’ expectations and performance. Finally, the results are examined according to gender perspective.

Keywords Human–robot Interaction (HRI) · User Experience (UX) · Human Factors · Assembly · Physiological
monitorisation

1 Introduction

Robots are increasingly implemented in industry [1–5]. The
recent paradigm in advanced industrial systems emphasizes
prioritizing the well-being of workers within the production
process [6]. Human–Robot Interaction (HRI) aims to com-
bine the strengths of the robots with unique human skills by
allowing safe and profitable task sharing in a fenceless and
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common workspace [7]. This enables close and safe interac-
tion between humans and robots, leveraging the benefits of
both sides. Optimized communication between human oper-
ators and robots can improve results in a robust collaboration
framework.

Humans’ rolewill remain important in a collaborative con-
text. The relationship between humans and robots results in a
robust collaboration framework that positively impacts flex-
ibility and productivity. The user must perceive the robot
as an ally so that they leverage the strengths of both. For
robots to become allies in the day-to-day lives of operators,
they need to provide positive and fit-for-purpose experi-
ences through smooth and satisfying interactions [8–11].
Therefore, analysing the user experience (UX) in these envi-
ronments is relevant [12]. ISO 9241–210 [13] defines UX
as “a person’s perceptions and responses resulting from the
use or anticipated use of a product, system, or service”. This
statement includes user emotions, beliefs, preferences, per-
ceptions, physical and psychological responses, behaviours,

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s12369-025-01224-7&domain=pdf
http://orcid.org/0000-0002-9426-4546
http://orcid.org/0000-0002-2424-5526
http://orcid.org/0000-0003-0848-2131
http://orcid.org/0000-0002-3305-8108
http://orcid.org/0000-0001-9938-673X
http://orcid.org/0000-0001-6511-8542
http://orcid.org/0000-0001-7843-2274


212 International Journal of Social Robotics (2025) 17:211–256

and achievements that occur before, during, and after use
[13]. Similarly, human perception encompasses a multi-
faceted array of elements, comprising emotions, beliefs,
preferences, and psychological responses, all of which wield
profound influence over the efficacy of collaborative inter-
actions between humans and robots. When users have a
positive perception of robots and engage with them in a
similar manner as they would with human counterparts, it
enhances the overall user experience and leads to favorable
outcomes in collaborative efforts. Therefore, understanding
and examining human perception within the realm of HRI is
of utmost importance, as it serves as a linchpin for the design
and implementation of robots that seamlessly integrate into
human environments while augmenting productivity, safety,
and holistic well-being.

Previous studies have provided different viewpoints on
HRI. This study is in line with the framework proposed by
Schmidtler et al. [14],which classifiesHRI into three primary
categories:

• Human–Robot Coexistence, where both humans and
robots operate simultaneously within a shared workspace.

• Human–Robot Cooperation, indicating that both humans
and robots work together in the same environment to
achieve a shared objective.

• Human–Robot Collaboration (HRC), which necessitates
not only cooperation but also direct physical interaction
between two entities.

In this line, the research community on social robots has
recently recognised the role ofUXdesign in ensuring positive
interaction [12]. A negative experience can prevent humans
from taking advantage of the robots’ features or reject inter-
action with them. Only the accurate study of the UX from the
initial design phase can guarantee an acceptable and pleasant
interaction, capable of improving the interaction’s efficiency
and effectiveness [14]. Considering how the operator inter-
acts with the robot and understanding its UX is difficult,
especially in the industrial context. A structured human-
centred approach like those based on UX techniques can be
a solution. A theoretical framework of HRI from the UX
perspective was created by Prati et al. [12], but it had short-
comings in the evaluation phase. To date, no validated model
to assess UX in HRI was identified [15].

The robot’s kinematic variables, such as speed and accel-
eration, play an essential role in how humans perceive a robot
[16–20]. While there are existing research studies that exam-
ine the influence of a robot’s kinematic variables on human
factors [21–24], to the best of the authors’ knowledge, there
is a notable absence of comprehensive analyses that incorpo-
rate emotional factors objectively, such as through the use of
Electroencephalography (EEG). By examining factors such
as communication, task allocation, and Reliability between

humans and robots, researchers can identify potential chal-
lenges and opportunities for improving collaboration and
enhancing performance.

The rest of the paper is organised as follows. Section 2
exposes a brief description of related works. Section 3
presents the methodology followed to assess the UX in
an HRI assembly workspace. Section 4 shows the results
obtained in the case study. Section 5 provides an outline of
the main headings to consider for future research, providing
points for discussion and reflection. Lastly, Sect. 6 concludes
with a summary of the knowledge gained.

2 Literature Review

2.1 Human Factors in HRI

When any human being interacts with an object, a machine,
or a system, two types of responses are generated: (i)
behavioural and cognitive, and (ii) information and mean-
ings flow from the user to the system in different ways [25,
26]. According to Peruzzini et al. [27], such responses auto-
matically occur when a task is accomplished, regardless of its
type and nature. Indeed, any time a human acts, his/her body
and his/her brain generate behaviours and cognitive feed-
back, which affect his/her cognitive and physical workload
[27].When collaboratingwith a robot, the human response in
the workplace could bemore delicate, since it is usually char-
acterised by the lengthy execution of tasks, repetitive actions
merged with stressful conditions, and the lack of knowledge
of the robot’s intentionality.

Regarding the human factors that are most likely to influ-
enceworkers’ acceptance in collaborative contexts,Meissner
et al. [28] conducted an exploratory study. They identified
primary factors that include (i) perceived risk, (ii) perceived
benefits, (iii) negative emotions, and (iv) positive emotions.
In addition, they identified several secondary factors: object-
related factors, subject-related factors, and context-related
factors. All these factors influence the attitude towards accep-
tance of the system and the fact that they are closely related
factors. Therefore, they also influence each other.

The study by Hopko et al. [29] systematically reviewed
the human factors literature in shared-space HRC, the met-
rics used to measure human factors, and the implications
of human factors on HRC. They found that trust, cogni-
tive workload, and anxiety are the most frequently examined
human factors in shared-space HRC, primarily assessed
through subjective questionnaires, although alternativemeth-
ods such as bioinstrumentation, objective behavioural anal-
yses, and mathematical models were also utilized. Hopko
et al. [29] also concluded that most studies treated human
factors as dependent variables influenced by robot factors
or environmental conditions. The authors also indicated that
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demographic factors, such as age and gender, were found to
be insufficiently studied within the context of shared space,
with over half of the reviewed studies omitting demographic
participant information.

According to Yan et al. [30], one of the major affecting
factors is the comfort of humans in HRC, which is usu-
ally less emphasized in COBOT development; however, it
is critical to the user acceptance during HRC. They clas-
sified human comfort factors under HRC scenarios can be
classified in four categories: (i) ergonomic factors, (ii) robot
motion-based factors, (iii) anthropomorphism, and (iv) robot
sociability factors.

The research conducted by Bröhl et al. [31] delves into
the acceptance of HRC based on Technological Acceptance
Models (TAMs). TAMsprovide foundational frameworks for
comprehending how individuals perceive and adopt emerg-
ing technologies, such as robots, into their daily interactions.
Within the field of HRI, TAMs play a crucial role in facilitat-
ing a nuanced comprehension of user needs and expectations
from a human-centred perspective. Evaluating user accep-
tance and human factors with robots in industrial settings can
yield insights for enhancing the implementation of robotic
systems. In this context, our study is grounded in the prin-
ciples of human-centered design, aiming to explore the
acceptance of robotic systems from a user-centric approach.
Through the integration of diverse methods and metrics,
our research seeks to evaluate the impact of kinematic vari-
ables on user perception and overall user experience during
human–robot interactions.

2.2 Methods andMetrics for Assessing Human
Factors in HRI

The assessment of human factors impacting HRI acceptance
in industrial settings involves a wide range of methods and
measures, ranging from the subjective to the objective dimen-
sion of interaction. The appropriate choice and combination
of these approaches depends on the specific research objec-
tives and the desired depth of human factors analysis in this
context.

ANEMONE methodology is a phased and iterative pro-
cedure that assesses the effectiveness of HRI by focusing on
understanding and predicting a robot’s intention and actions
[11]. It provides insight into why something works or does
not work in a particular context and guides the identification
of UX issues in HRI. Steinfeld et al. [32] presented measures
and metrics for task-oriented HRI and standard metrics for
overall HRI performance. Schillaci et al. [27] aimed to iden-
tify the physical and behavioural characteristics that ensure
a good UX in HRI and to measure the UX when interacting
with a robot. To do so, they adopted two techniques: 1) UX
measured by means of qualitative and quantitative question-
naires, and 2) proxemics, estimated from videos recorded

during interactions. Prati et al. [12] proposed a UX-centric
approach to investigate human–robot dialogue, with an iter-
ative process that places the user persona at the centre of the
design. However, this method has limitations by not provid-
ing clear guidelines for conducting structured evaluations.

Coronado et al. [33] provided an overview of the factors,
metrics, and measures employed in the robotics community
to assess both the performance and quality of human-
related well-being in HRI contexts. In their analysis, they
highlight one relevant point: most tools aimed at assess-
ing humans-related factors require observational techniques.
This underscores the need to incorporate monitoring into
these processes to achieve more accurate assessments, thus
minimizing any potential bias arising from assessor subjec-
tivity and human error. Therefore, in our study, we aim to
incorporate physiological monitoring as well, as it repre-
sents an intriguing approach to objectively evaluate human
factors without retrospective bias. This aligns with the find-
ings in a previous study [15, 34], where we underscored
the importance of incorporating monitoring techniques into
assessments of human-related factors to achieve amore accu-
rate evaluations and minimize potential retrospective bias
arising.

[15] describes an HRI evaluation metrics and measure-
ments classification in terms of performance, posture, robot-
related factors, and emotions-related factors. They concluded
that themost frequently used evaluation technique is task exe-
cution time. The questionnaires to evaluate UX in HRI are
a particularly efficient method of application and analysis
and are commonly used for user-driven assessments of the
system’s quality and usability [35]. Nevertheless, the ques-
tionnaires are prone to retrospective bias. To reduce the bias,
in recent years, there has been an increasing focus on the
use of physiological devices [24, 36–38]. The combination
of performance indicators, questionnaires and physiological
devices makes it possible to carry out a more human-centred
evaluation.

2.2.1 Physiological Measurements

In the ongoing quest to comprehend the intricate interaction
between humans and technology, the utilization of psy-
chophysiological devices has emerged as a fundamental tool
in assessing UX and technological acceptance. According to
Neumann andWestbury [38], psychophysiological measures
are more objective than self-report measures like question-
naires. The opportunities presented by physiological signals
are increasing due to advancements in sensor technology and
signal processing [39]. Psychophysiological devices operate
at the intersection of psychology and physiology, primarily
aiming to measure and quantify the responses the human
body undergoes in reaction to various stimuli. These devices
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can encompass a variety of parameters, ranging from heart
rate and skin conductance to EEGand other relevantmarkers.

One of the primary attributes distinguishing psychophys-
iological devices is their ability to provide objective mea-
surements of emotional and cognitive responses. Unlike
assessments solely reliant on self-reports, which can be
susceptible to biases and individual variations, psychophysi-
ological devices offer a direct window into the physiological
responses of the user. Moreover, the real-time nature of psy-
chophysiological measurements adds substantial value to the
assessment, allowing the capture of these responses as they
occur, providing a detailed understanding of real-time emo-
tional and cognitive changes.

The use of psychophysiological devices not only enriches
data collection but also opens the possibility of capturing
subtle, non-conscious responses. Users may not be able to
accurately verbalize their emotional and cognitive states dur-
ing interaction with technology. Physiological indicators,
such as changes in brain electrical activity or skin conduc-
tance, can reveal internal aspects thatwould otherwise remain
concealed, offering a more comprehensive perspective of the
user’s experience.

In the context of HRI in industrial environments, psy-
chophysiological devices emerge as an emerging tool for
assessing UX and robot acceptance by workers. They enable
the real-time examination of how the presence and behaviour
of robots influence the subjective experience of workers.

Cardiac activity reflects the response of the autonomic
nervous system to external or internal physical or emotional
stimuli, such as stressful situations [40]. It is typically mea-
sured using electrocardiography (ECG), which records the
electrical activity of the heart through electrodes applied in
standard positions or viawearable devices like smartwatches.
Within this context, the key parameter obtained through car-
diac activity evaluation is Heart Rate Variability (HRV),
encompassing both heart rate (beats per minute) and oscilla-
tions in the time interval between consecutive R-waves in the
ECG signal [41]. Additionally, other measurements such as
heart rate (HR), individual oxygen consumption (VO2), and
maximal oxygen consumption (VO2max) are common.

Electrodermal activity (EDA), also known as Galvanic
Skin Response (GSR) or skin conductance (SC), reflects the
changing electrical properties of the skin, resulting fromfluc-
tuations in sweat production by the human body. The EDA
signal can be divided into tonic and phasic components. The
tonic component, known as Skin Conductance Level (SCL),
pertains to long-term variations in the EDA signal, stemming
from individual psychophysiological characteristics. On the
other hand, the phasic component of the signal, termed Skin
Conductance Response (SCR), represents the skin conduc-
tance’s reaction to short-term stimuli and is considered a
valuable indicator of experienced stress levels [42]. Bitbrain
[43] has established a connection between EDA/GSR and the

user’s Activation and Impact [44–48], highlighting its rele-
vance in assessing UX and emotional responses. Therefore,
incorporating EDA sensor into the current study using the
Bitbrain Ring device [49], offers the advantage of capturing
real-time data on the user’s Activation and Impact during the
interaction with the robot.

Respiration is particularly influenced by emotional states
and stress events and has been recognized as more sensi-
tive than other physiological measures [50]. Peruzzini et al.
[27, 51] calculated respiratory frequency, measuring breaths
per minute (RPM), in combination with skin temperature
(ST) measurement, conducting a comprehensive analysis of
the operator’s health conditions in the workplace to evaluate
stress and fatigue.

Typically, brain activity is recorded using EEG, which is a
technique employed for recording the electrical activity gen-
erated by the brain. Data is collected by applying electrodes
to the scalp, usually following standard positioning configu-
rations [40]. Each electrode measures the voltage produced
by neuronal activity in the specific brain region it is placed.
Bitbrain [43] has established a connection between brain
activity and various emotions, such as emotional Valence
[52–54], Memorisation [55–58], Mental Workload [59–62],
and Engagement [63–65]. This correlation underscores the
utility of EEG in discerning the cognitive and affective
responses of individuals during HRI. Integration of the Dia-
dem EEG device by Bitbrain [43] into this study offers an
opportunity to explore in-depth the cognitive processes.

Electromyography (EMG) and nerve conduction studies
are tests that assess the electrical activity present in muscles
and nerves. These tests analyse how nerves emit electrical
signals to generate specific responses inmuscles. Thesemus-
cular responses, in turn, generate detectable signals. In the
case of electromyography, it investigates the electrical sig-
nals emitted bymuscles both at rest and during action. On the
other hand, nerve conduction studies measure the speed and
efficiency with which electrical signals travel through nerves
in the body. While this modality is primarily used in device
testing, ergonomics, and human factors testing, when con-
nected to facial muscles, it can also serve as another means
of measuring emotions.

In previous studies [34], a comprehensive review exam-
ined the integration of psychophysiological monitoring in
UX studies. Despite none of the identified case studies in that
review being from the context of HRI, it was concluded that
the interest in incorporating psychophysiological measures
in UX tests is growing, with EEG being the most utilized
in UX studies. Although none of the identified case studies
within that review were situated in the realm of HRI, it was
evident that there is a growing inclination towards incorpo-
rating psychophysiological measures into UX assessments,
with EEG emerging as the most prevalent modality in UX
research.Nevertheless,within the domainofHRIUXstudies,
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as highlighted in [15], EEG remains conspicuously absent.
Consequently, the combination of devices such as EDA, the
most utilized among physiological monitoring devices in
HRI studies [15], along with EEG, the dominant modality
in UX studies albeit underutilized during robot interactions,
presents an intriguing avenue for exploration.

2.2.2 User Perception Measurements

Questionnaires are widely used tools for assessing user
perception, as well as the quality and usability of soft-
ware programs [35, 66]. They enable efficient quantitative
measurement of product characteristics and are often mea-
sured using Likert scales or semantic differential pairs [67].
Questionnaires are particularly effective for application and
analysis, meeting the evaluation requirements proposed by
Väänänen-Vainio-Mattila et al. [68].

The evaluation of UX in the context of HRI presents
particular challenges, and so far, no specific questionnaires
designed exclusively for this area have been identified. This
reflects a gap in the literature and available tools for mea-
suring and understanding the quality of UX in interactions
with robots. Due to its interdisciplinary nature, HRI often
incorporates and adapts tools and approaches from related
disciplines such as Human–Computer Interaction (HCI) and
ergonomics. In the analysis of experimental studies, ques-
tionnaires like NASA-TLX [69] are included, which, while
not specifically designed to evaluate interaction with robots,
focus on aspects related to the perceived workload of users.
However, it is important to note that NASA-TLX [69] may
not fully capture the overall UX. This questionnaire tends to
focus more onworkload and efficiency aspects, leaving aside
more hedonic or emotional elements related to user satisfac-
tion and emotional experience when interacting with robots.
This means that while NASA-TLX [69] can provide valu-
able information about the Mental Workload aspect, it may
not be sufficient to evaluate the overall emotional perception
of users regarding the robot.

More comprehensive UX questionnaires like the UEQ
questionnaire [70] have not yet been applied inHRI. This gap
underscores the need to develop and apply specific assess-
ment tools to understand the quality of interactions more
accurately and comprehensively between humans and robots.
Instead of creating entirely new questionnaires, adapting
and extending existing questionnaires like the UEQ [70] to
address specific dimensions of HRI could be considered.

Although industrial processes are increasingly automated,
human performance remains the primary driver of product
quality and factory productivity. In this context, under-
standing how workers interact with production systems and
experience the factory environment is essential for properly
modelling human interaction and optimizing processes [71].

The SE-HRI questionnaire [72] evaluates users’ self-
efficacy perception in the human–robot relationship. In this
regard, the questionnaire’s applicability in the context of
industrial HRC could be observed.

The human factors assessed in the identified experimental
studies can also be evaluated usingUXquestionnaires. In this
sense, trust could be measured using SUPR-Q [73] or UEQ
+ [70], satisfaction could be measured, for example, using
the USE questionnaire [74] or UMUX [75]. Learnability, in
addition to the SUS questionnaire [76], could also be mea-
sured using QUIS [77], SUMI [78], PUTQ [79], WAMMI
[80], USE [74], UEQ [35], AltUsability [81] and UEQ +
[70].

Furthermore, in the identified experimental studies in
Table 1, other questionnaires have been used. For exam-
ple, the Godspeed questionnaire [82], has been used on two
occasions, measuring perceived anthropomorphism, anima-
tion, sympathy, perceived intelligence, and safety of robots.
The SUS questionnaire [76], has also been used once,
measuring usability and learnability. The NASA-TLX ques-
tionnaire [69], which assesses Mental Workload, has been
used three times (Table 1). Additionally, the experimental
studies include non-standardized questionnaires that mea-
sure constructs such as trust, satisfaction, perceived safety
and comfort, physical and mental stress, and perceived risk.

In the context ofHRI studies, questionnaires serve as valu-
able instruments for assessing UX, to gather perceptual data
from the user.However, despite the absence of questionnaires
specifically tailored for UX in industrial HRI settings [15],
UX questionnaires present an opportune avenue for under-
standing user perceptions within the framework of Industry
4.0 [66]. Among these, integrating the UEQ-S question-
naire [83] alongside established tools in HRI research holds
promise for enhancing our comprehension of user percep-
tions.

The rationale behind selecting the UEQ-S questionnaire
lies in its comprehensive nature, as identified in a prior study
[67], which positions the UEQ as one of the most thorough
questionnaires for evaluating UX. However, a fundamen-
tal requirement, as outlined by [68], is the necessity for a
swift assessment method. Consequently, there is a prevalent
inclination towards utilizing shorter questionnaire versions
[67]. This trend is particularly pertinent in contexts where
detailed information is deemed unnecessary, or when users
are required to complete the same questionnaire multiple
times for comparative analysis across various study objects
[67].

Shorter questionnaire iterations, typically comprising 2 to
8 items, are favoured for their expedited completion time.
Yet, it is essential to acknowledge that these condensed ver-
sionsmay sacrifice nuanced aspects found in their full-length
counterparts. For instance, while the original UEQ [70]
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offers detailed insights into dimensions such as learnabil-
ity, efficiency, controllability, attractiveness, and originality,
the abbreviated UEQ-S [70] delineates between pragmatic
and hedonic quality [56]. Nonetheless, empirical evidence
suggests that the UEQ-S demonstrates predictive validity
concerning pragmatic and hedonic quality when compared
to the full version.

2.2.3 Analysis of the Experimental Studies to Measure
Human Factors in HRI

Table 1 presents a comparative analysis of studies employing
an experimental approach to assess human factors in HRI. A
total of 17 studies conducted over the past decade, spanning
from 2013 to 2023, are examined. These studies encompass a
broad spectrum of research conducted throughout the last ten
years, allowing us to observe both the evolution and trends
in the field of HRI during this period. The heterogeneity
observed among these diverse studies suggests a need for
greater standardization and the exploration of more compre-
hensive approaches to evaluate HRI in industrial settings.

The inclusion of performance indicators serves to pro-
vide valuable insights into the efficiency and effectiveness
of HRI. As can be seen in Table 1, 8 out of the 17 stud-
ies incorporated assessments related to performance. The
most commonly used performance metric in these studies
is the “task completion time”, also according to a previous
study [84]. Additionally, tracking errors duringHRI provides
crucial information about the quality and accuracy of task
execution. Errors can encompass a range of issues, includ-
ingmisinterpretations of instructions, incorrect actions taken
by the robot, or user errors. While error collection was only
conducted in the study by Almeida et al.[85] among those
reviewed in Table 1, the analysis of errors provides insights
into areas requiring improvement, facilitating the refinement
of the process to enhance performance and UX.

Regarding physiological measurements, it is notable that
four of the studies have incorporated such evaluations into
their methodologies. What is particularly striking is that
these studies are notably recent, with publication dates in
the years 2022 and 2023, underscoring how technological
advancements and the development of more sophisticated
wearables are enabling the integration of physiological mon-
itoring in research. However, it is important to highlight that
the recorded physiological measures primarily focus on ECG
and EDA. In fact, three out of the four studies utilize the
Empatica E4 biosensor wristband device. While effective
for collecting physiological data, Gervasi et al. [86], indi-
cated some limitations: (1) the accuracy of themeasurements
obtained from the Empatica E4 may be influenced by factors
such as motion artifacts or skin contact issues, which could
affect the reliability of the data; (2) the battery life of the
device limited the duration of the data collection; (3) while it

captures EDA and HR data, it does not provide a comprehen-
sive range of physiological parameters for a detailed analysis
of the operator’s physiological state.

Thus far, no study has been identified that has utilized
EEG in conjunction with these physiological measurements
to assess human factors in experimental HRI studies in
industrial settings. Nevertheless, EEG offers direct insights
into cognitive processes and emotional responses during the
interaction. According to a systematic review on the use
of psychophysiological devices in UX studies [34], EEG
emerged as the most commonly employed tool. The exten-
sive presence of EEG in various studies indicates its growing
application in UX testing and its significant potential for
extracting emotional insights, despite its complex applica-
tion protocols and interpretation. Nevertheless, it appears
that its utilization in UX studies within domains such as
HRI has yet to be fully realized. This may be attributed to
its potentially more intricate implementation in multifaceted
environments like HRI, prompting current HRI studies to
favor less invasive and more straightforward devices. Inte-
grating EEG can greatly enhance our understanding of UX
in HRI studies, as it gives us direct insights into cognitive
processes and emotional responses during interactions, com-
plementing information from EDA.

Out of the 17 identified studies, 15 of them incorporate at
least one questionnaire as part of their evaluation methods.
Among the variety of questionnaires used, the NASA-TLX
[69] stands out, being employed in 3 of the studies. This
frequent choice of the NASA-TLX [69] suggests that it is
a well-recognized and widely validated tool for measuring
perceived workload and other aspects related to HRI. How-
ever, it’s important to note that the NASA-TLX [69] does not
address hedonic aspects of the interaction experience with a
robot, underscoring the need to identify or develop a more
comprehensive questionnaire that allows for the assessment
of users’ perceptions.

Regarding the sample size used in the case studies, Table 1
shows that it ranges from 4 to 85. The wide variability in
sample size among the case studies primarily depends on
the methodology employed in each of them. According to a
previous study [34], physiological monitoring is a relatively
emerging technology in usability and UX studies, thus an
ideal estimation for the sample size in such studies is not
readily available. However, several studies [87–89] suggest
that the commonly known “magic number 5” may suffice to
uncover approximately 80%of usability issues in technology
acceptance.Nevertheless, employing small sample sizesmay
result in significant variability in test outcomes that cannot
be adequately mitigated [90].

As for gender representation, the studies reviewed indi-
cate a significant underrepresentation of women. Only 33%
of the total sample across the studies are women, while 62%
are men. Although more recent studies are starting to use
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gender-balanced samples, the obtained results are often not
disaggregated by gender, resulting in a lack of a gender per-
spective in the research. Regardless of whether there are
actual gender differences or not, it is crucial to explore and
acknowledge the potential gender disparities in the findings.
This is further underscored by the results obtained by Hopko
et al. [29] and Apraiz et al. [15].

2.3 Kinematic Variables and Human Factors in HRI

The robot’s kinematic variables influence human perception
and, therefore, his/her experience and performance. Human
operators have mental strain when industrial robots move,
even though they would get accustomed to the robots [18].
The speed and acceleration of movements have been consid-
ered in collaborative robots mainly for safety reasons. This
causes researchers and developers to disregard the operator’s
emotional responses when specifying the robot’s kinematic
variables [16].

Kulic and Croft [110] investigated the potential impact of
an industrial robot’s movements on the physiological state
of humans. They utilized measures such as HR and EDA
to assess this effect. The study revealed that the robot’s
proximity and speed had a significant influence on human
physiological responses. Unlike their work, the present study
endeavours to delve not only into physiological responses
such as HR and EDA, but also into EEG. As identified in
Sect. 2.2.3, there are no existing HRI studies in industrial set-
tings that incorporate this measure. Furthermore, this study
aims to concurrently investigate perceptual measurements
and performance during HRI.

Arai et al. [18] found that the speed of a robot moving
toward a human operator should be less than 500 mm/s.
However, their focus was primarily on mental strain, with
less consideration given to more emotional factors. Simi-
larly, Koppenborg et al. [17] studied the effects of movement
speed and path predictability on human operators using a vir-
tual reality set-up. They found that fastermovements resulted
in higher ratings for task load and anxiety. In this case, the
authors centered their evaluation on mental workload, risk
cognition, and risk perception through the NASA-TLX [69],
leaving aside emotional aspects. They also collected data on
mean Interbit Intervals (IBI).

Kühnlenz et al. [111] explored the impact of different tra-
jectory patterns executed by an industrial robot on human
subjects. They assessed these effects by measuring HRV and
EDA in the participants. Their results revealed a rise in both
average HRV and average skin resistance when participants
were exposed to the trapezoidal trajectory pattern, indicating
a reduction inmental stress. However, their study did not take
into account more emotional aspects. Unlike their approach,
our research aims to incorporate these emotional factors.

Lasota and Shah [16] and Beschi et al. [101] also explored
the effects of motion. Nevertheless, they did not explore with
an integral human-centred approach considering cognitive
and perceptual aspects. The study by Rubagotti et al. [22]
identified the main factors related to the robot’s motion and
characteristics that determine perceived safety. Among other
things, they concluded that the lower the robots speed is,
the safer it is perceived. In contrast to their work, our study
expands the scope beyond just safety considerations. Our
research aims to explore the impact of kinematic variables,
speed and acceleration, on a broader range of human factors,
including physiological and perceptual aspects.

Based on the analysis of the current literature, the HRI
within the manufacturing sector has yet to fully incorporate
human perception into its design and implementation [12].
Notably, the effect of kinematic variables, such as speed and
acceleration, on human perception during HRI still needs
to be explored from a brain activity and gender perspective
approach. Although motion levels have been widely stud-
ied in the literature, to date, no study has been identified
that explores its effects from a cognitive and experiential
approach.

The objective of affective robotics is to alleviate the cog-
nitive burden on users when they are faced with tasks that
exceed their mental capacities. This is achieved by adapt-
ing the robot’s behaviour and incorporating an appropriate
level of autonomy [112]. Affective robotics holds the poten-
tial to provide an intuitive interface, thus easing the cognitive
demands placed on users as the robot dynamically adjusts to
their circumstances. However, prior to implementing affec-
tive robotics, it is essential to gain insight into individuals’
emotional responses to various robot behaviours. In this con-
text, the introduction of EEG together with an EDA as a
tool to assess human’s perceptions in response to distinct
kinematic variables of the robot presents an intriguing and
previously unexplored opportunity. It is imperative to initiate
the exploration of users’ reactions before employing affec-
tive robotics, specifically investigating the impact of robot
kinematic variables on users’ physiological and perceptual
responses. Furthermore, it is noteworthy that existing lit-
erature has generally overlooked the gender perspective in
human–robot interactions, warranting additional investiga-
tion in this regard.

Given the growing importance of HRI, it is imperative to
understand how kinematic variables affect this interaction.
A thorough investigation of these factors would allow the
identification of improvements in the interaction design and
could enhance the effectiveness and efficiency of HRI. Addi-
tionally, a more comprehensive understanding of cognitive
and experiential variables would provide valuable insights
into the development of user-centred design strategies for
robots, which could ultimately increase their adoption and
use in a variety of contexts. In light of these considerations,
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the execution of an experiment to evaluate the effects of speed
and acceleration on human perception during a robot assem-
bly task, while taking into account gender perspectives, is
warranted. Such an endeavour would contribute to a more
comprehensive understanding of the kinematics of HRI and
could inform the development of more effective and efficient
interaction.

3 ResearchMethodology

The experiment aims to find out how kinematic variables
(speed and acceleration) influence human factors. We used a
multi-method and human-centred approach, considering data
of diverse nature: performance values, physiological values,
and perceptual values. This research also relies on observa-
tion.

3.1 Research Questions and Hypothesis

This paper aims to provide a study on howdifferent kinematic
variables of a robotic system affect the UX, determining the
acceptance of the robot by the user. The research questions
that will be investigated in this paper are the following:

Research Question 1 (RQ1) In the context of industrial
HRI assembly task, what is the impact of different robot
kinematic variables (i.e., movement speed and acceleration)
on human factors?

To provide amore refined focus for theRQ1, the following
hypotheses have been formulated:

Hypothesis 1 (H1) Within the context of industrial HRI
assembly task higher values of robot kinematic variables (i.e.,
speed and acceleration) will lead to an increased cognitive
workload.

Hypothesis 2 (H2) Within the context of industrial HRI
assembly task higher values of robot kinematic variables (i.e.,
speed and acceleration), will decrease the user’s emotional
responses.

Research Question 2 (RQ”) Do these kinematic variables
have a different impact on men and women?

To address this question, H1 and H2 will be examined,
considering the gender perspective. In essence, an equitable
sample will be employed, and the collected data will be dis-
aggregated based on gender for further analysis.

To answer these RQs, a collaborative assembly task was
implemented where 20 participants (10 men and 10 women)
worked together with a KUKA iiwa collaborative robot.
We observed how well the participants performed, checked
their emotional state, and measured their physical responses
like Electrodermal Activity (EDA), Heart Rate Variability
(HRV), and brain activity (by means of an EEG).

3.2 Experimental indicators

As can be seen in Fig. 1, to evaluate cognitive workload (H1),
we will employ physiological indicators derived from EEG,
including Memorisation, Mental Workload, and Engage-
ment. For the assessment of emotional responses (H2),
physiological indicators such as Valence as detected by EEG,
will be considered. Additionally, post-interaction perception
of emotional responses holds significance. Also, Activa-
tion, and Impact, as detected by an EDA/GSR. Additionally,
post-interaction perception of emotional responses holds
significance. To this end, perceptual indicators including
Pragmatic Quality, Hedonic Quality, Reliability, Controlla-
bility, and Perceived Usefulness will be evaluated through a
questionnaire.

We integrated an approach to capturing a person’s per-
ceptions at different stages, i.e., before, during, and after
an interaction. We included different measurement meth-
ods at different moments of the interaction—quantitative
and qualitative, objective and subjective—to guarantee the
interpretation of the data and the understanding of the entire
flow of interaction. In this sense, we used 1) Key Perfor-
mance Indicators (task execution time and errors), which are
quantitative and objective measures; 2) physiological values,
which are quantitative and objective; and 3) perceptual val-
ues, which are quantitative and subjective. This approachwas
also supported by observing participants’ reactions, which is
a qualitative and subjective measure.

3.2.1 Key Performance Indicators (KPIs)

Performance refers to how participants perform their tasks.
Users’ capabilities shaped it, and it is the consequence of
the human factors displayed in the system. These pragmatic
and objective indicators provide the model with an objective
view of task performance. In this case, we measured two
indicators:

• Task execution time, from the task’s assignment to com-
pletion.

• Errors. Considering as errors all those actions that were
not foreseen in the sequence.

3.2.2 Physiological Indicators

Among the various physiological tools commonly utilized
in UX studies, EEG and GSR/EDA have emerged as robust
choices due to their well-established relationships with emo-
tional and affective states [113]. EEG offers valuable insights
into cognitive and emotional processes by detecting electrical
brain activity, while GSR/EDA provides information about
emotional arousal through changes in skin conductance.
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Fig. 1 Outline of the experimental design

These physiological measures have repeatedly demonstrated
their ability to capture nuanced aspects of the user’s emo-
tional and cognitive experience during interactions with
technology.

Furthermore, it is noteworthy that, despite their estab-
lished relevance in UX research, there is a notable gap in
the existing literature regarding their application in the con-
text of HRI within industrial tasks. Specifically, no prior HRI
studies utilizing EEG to monitor users’ emotional responses
in industrial settings have been identified in the literature.

In accordance with the formulated Hypothesis 1, which
posits that, “Within the context of industrial HRC assem-
bly task higher values of robot kinematic variables (i.e.,
speed and acceleration) will lead to an increase in Memori-
sation, Mental Workload, Engagement, Impact, and Activa-
tion, while concurrently decreasing emotional Valence.”, we
selected devices capable of measuring these aspects. There-
fore, we used two devices:

• EEG. We employed the Diadem of Bitbrain [43], a dry-
sensor designed for real-world applications requiring high
user comfort, agile set-up, and outstanding signal quality.
Diadem has been developed with 12 dry sensors located
in specific brain areas (pre-frontal, frontal, parietal, and
occipital) to estimate emotional states (Fig. 2). The indica-
tors collected through it are 1) Valence, 2) Memorisation,
3) Mental Workload, and 4) Engagement.

• GSR/EDA.We used the Ring of Bitbrain [49]. It is amobile
and robust biosignal measurement device for monitoring
skin conductance (electrodermal sensor—EDA/galvanic

skin response—GSR) and cardiovascular activity. It inte-
grates sensors positioned on the first and second phalanges
of the fingers, which are optimal measurement points for
accurate data collection (Fig. 3). Also, it incorporates
a three-axis solid-state accelerometer (ACC) to mitigate
motion artifacts. The indicators collected through Ring are
1) Activation and 2) Impact.

3.2.3 Perceptual Indicators and Observation

User perception values were collected through the ques-
tionnaire UEQ-S [83]. It contains two subscales: Pragmatic
Quality (PQ) and Hedonic Quality (HQ). It also reflects the
overall UX value. Moreover, in the HRI context, perceived
safety, trust and Perceived Usefulness are relevant human
factors [33, 114, 115]. As the UEQ-S questionnaire does not
include them, we have added three items to assess them also
in a 7-point Likert scale:

• Reliability Unreliable–Reliable.
• Controllability: Uncontrollable–Controllable.
• Perceived Usefulness Not valuable–Valuable.

The concepts of Reliability and Controllability are impor-
tant measures to assess the user’s perception of the robot.
Reliability refers to the consistency and dependability of the
robot,whileControllability refers to the ease of operation and
the ability of the user to control the robot. These factors play
a crucial role in determining the level of Trust and Perceived
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Fig. 2 Electrode placement in the EEG. Adapted from Bitbrain [43]

Safety in the interaction [103]. High scores for Reliability
and Controllability indicate that users trust the robot to per-
form consistently and can easily control it, leading to a sense
of safety. Conversely, low scores for these concepts can lead
to a lack of trust and decreased perception of safety, which
can impact the overall experience. On the other hand, Per-
ceived Usefulness refers to the degree to which an individual
believes that using the robot will enhance their job perfor-
mance or increase their productivity. It reflects the degree to
which the participant finds the robot helpful and adds value
to their experience. It is a crucial factor in determining the
overall satisfaction of the participant and their willingness to
continue using the robot.

In addition to the questionnaire, the users’ interaction was
observed during the execution of tasks. This observation was
done by another person, not by the testmoderator. The person
dictating the tasks should focus only on directing the user.
The observer focuses on picking up problems that arise dur-
ing the test and the user’s reactions to these situations, and
on the comments the user did while executing the task and
after. That is, participants’ verbal and non-verbal reactions
were observed.

3.2.4 Data Processing

Table 2 summarises the response and independent variables
considered in the study. Physiological data were collected by
Sennslab [116], a multimodal data recording software. Then,

Fig. 3 Sensor placement in the Ring. Adapted from Bitbrain [43]

we processed the data by Sennsmetrics [117], an extension
of Sennslab that allows us to analyse the physiological data.

3.3 Experimental Procedure

In the experimental procedure, three phases are differentiated
(Fig. 4): 1) pre-task execution phase, 2) task execution phase,
and 3) post-task execution phase.

3.3.1 Pre-task Execution Phase

To begin with, participants had to sign the consent form,
where theywere informedabout how the testwouldbe carried
out, and the data thatwould be requested and collected (image
and sound recordings; and biometric monitoring using elec-
troencephalogram -EEG-, electrodermal activity -EDA-).

Participants then filled in a socio-demographic question-
naire asking for information such as age, gender, role at
university, and whether they had previous experience with
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Table 2 Summary of the variables involved in the study

Type of variable Variable category Variable name Hypothesis to assess Description

Independent
variables

Configuration factor Kinematic variables Speed and acceleration (low, high)

Response
variables

Performance
indicator

Task execution time From the moment the task is assigned
until its completion

Errors All those actions that were not
foreseen in the sequence

Perceptual
indicators

Pragmatic Quality (PQ) Emotional responses (H2) Perceived ability to support the
achievement of “do-goals” [118]

Hedonic Quality (HQ) Emotional responses (H2) Perceived ability to support the
achievement of “be-goals” [118]

Reliability Emotional responses (H2) Perceived confidence towards the
robot

Controllability Emotional responses (H2) Perceived ability to control the robot

Perceived Usefulness Emotional responses (H2) The degree of belief that using it will
enhance their performance or
increase their productivity

Physiological
response

Valence Emotional responses (H2) The degree of attraction experienced
[52–54]

Memorisation Cognitive workload (H1) The intensity of cognitive processes
related to forming future memories
[55–58]

Mental Workload Cognitive workload (H1) The use of cognitive resources to carry
out a task [59–62]

Engagement Cognitive workload (H1) The degree of involvement or
connection between the participant
and the task [63–65]

Activation Emotional responses (H2) Basal level of physiological Activation
[44–48]

Impact Emotional responses (H2) The number and intensity of point
changes in the emotional state
[44–48]

robots. The participants were also instructed on how to inter-
act with the robot using voice commands.

3.3.2 During the Task Execution Phase

Participants were fitted with physiological devices (EEG and
EDA) to start with the task. As the SennsLab software [119]
indicates, the first step was calibrating the devices. This val-
idated calibration protocol is provided in the software itself
[120].

Once physiological devices were calibrated, two proce-
dures were differentiated:

• In the Slow-Fast (SF) procedure,1 the participants (1–10)
first completed the task in a slow robot motion mode,
i.e., the speed of the robot was slow (62,5 mm/s) and
the acceleration smooth (1.75 m/s2). Once they finished

1 Slow-Fast (SF) procedure.

the task; they filled in the perceptual questionnaire (see
subsection 3.4.3). Then, they repeated the same task in
a fast motion mode, i.e., with the high robot’s speed
(187,5mm/s) and high acceleration (5.25m/s2). Then, they
filled in the perceptual questionnaire again.

• Fast-Slow (FS) procedure.2 In the Fast-Slow (FS) proce-
dure, the participants (11–20) first performed the task in
the fast-motion mode. Then, they filled in the perceptual
indicators’ questionnaire.After filling in the questionnaire,
they performed the task in slow-motion mode. Then they
filled in the perceptual indicators’ questionnaire.

3.3.3 Post-task Execution Phase

After the interaction, a free conversation was held with the
participants. They were asked questions about how they felt

2 Fast-Slow (FS) procedure.
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Fig. 4 The sequence of the experimental procedure throughout the case
study

and what they expected. The goal was for participants to feel
free to discuss their emotions.

3.4 Task Environment and Robot

The execution of tests was carried out in a laboratory setting
(Fig. 5), being a controlled environment, it allows to focus
on the variables to be studied, i.e., the kinematic variables
in human perception. The KUKA LBR iiwa 14 R820 [121]
collaborative robot was used [122]. It has seven degrees of
freedom and a torque sensor mounted in each joint.

3.5 Task

We designed a collaborative assembly task. The participant’s
duty was to pick & place the three parts (cylinder, cube, and
a base) to be assembled. The participants had to be careful to
place the base on a frame. Bearing in mind that the base has
two holes, one with each geometrical shape, then the cylin-
der and cube has to be located in each corresponding position
(Fig. 3). After, the participants, using a voice interface, would

Fig. 5 Robot task and environment setup

Fig. 6 The sequence of one assembly during the task

command the robot to push on the two pieces down to assem-
ble them with the base. Once assembled, the participant had
to remove the base (already assembled with the two pieces)
from the frame. The process had to be repeated up to five
times. Figure 6 shows the sequence of activities during the
task. What makes this task collaborative is that the partic-
ipants, utilizing a voice interface, would then instruct the
robot to apply downward pressure on the two components,
effectively assembling them with the base. Once the assem-
bly was complete, the participants had to skilfully remove
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the base, now securely joined with the two pieces, from the
frame. This process was repeated up to five times, providing
a clear demonstration of human–robot collaboration.

As the aim of the study is to analyse how kinematic
variables influence perception, two robot behaviours were
programmed: Slow Task3 (ST, speed � 62,5 mm/s; acceler-
ation � 1.75 m/s2 and Fast Task4 (FT, speed � 187,5 mm/s;
acceleration � 5.25 m/s2). The speed and acceleration of the
robot were three times higher in FT than in ST. The selec-
tion of two distinct robot behaviours, ST and FT, was driven
with the aim of comprehensively assessing the influence on
kinematic variables on human factors to be studied. ST and
FT represent two ends of the spectrum in terms of speed
and acceleration, allowing for a broader exploration of how
these variables impact the UX. ST was deliberately set at
a slower pace to simulate tasks that require precision and
careful control, which are common in industrial settings. FT,
on the other hand, was configured with significantly higher
speed and acceleration o represent scenarios where rapid task
completion is essential.

Tomitigate the possibility of order effects thatmight intro-
duce bias into the results, a counterbalancing strategy was
employed. This approach resulted in the presentation of two
procedures: the Slow-Fast (SF) procedure and the Fast-Slow
(FS) Procedure, as elaborated in Sect. 3.3.2. Half of the par-
ticipants began the experiment with ST, while the other half
commenced with FT. This systematic approach ensures that
the sequence of task exposure does not confound the findings
and enables amore robust analysis of the impact of kinematic
variables on user perception.

During the tasks, participants remained seated in a posi-
tion in front of the robot (Fig. 7). In addition, as they were
monitored with biometric devices, EEG and EDA (see sub-
section 3.4.2), they could not move the non-dominant hand.

3.6 Sample

Twenty healthy volunteers participated in the experiment (ten
men and ten women) evenly distributed in both procedures.
The SF procedure involved ten people aged between 21 and
41 years (average� 28.7, std� 6,7), five university students,
and five university staff members. Four of them had previous
experience with a domestic robot, five with industrial robots,
and one had never interacted with a robot before. And the FS
procedure involved ten people aged between 24 and 50 years
(average � 30,5 std � 7,8). Two were university students,
and eight were university staff members. Two participants
had previously interacted with a domestic robot, four with an
industrial robot, and four had never interacted with a robot.

3 Slow Task (ST).
4 Fast Task (FT).

Fig. 7 Participant executing experimental study

The dominant hand of all participants was the right hand;
therefore, all participants wore the Ring on the left.

4 Results

Data analysis was structured according to the proposed
research methodology, so the results are grouped into three
sections: 1) the key performance indicators, 2) the physio-
logical indicators, and 3) the perceptual indicators resulting
from the questionnaire. The presented dataset is stored at
Mendeley data [123].

4.1 Key Performance Indicators (KPIs)

KPIs were analysed by measuring task execution time and
errors. In ST, the robot’s speed was 62,5 mm/s and the time
needed to execute the task without the person’s help was
2 min and 28 s. In FT, the robot’s speed was 187,5 mm/s, and
the time needed to execute the task without considering the
time needed by the person was 1 min and 20 s.

Analysing the absolute values without considering the
order in which the tasks were performed, the results show
that participants took less time to complete FT (Fig. 8). These
results are logical because, as the robot performed faster, the
participants had a better chance of finishing the task sooner.

If the results are analysed considering the order of the
tasks, in procedure SF, all participants took longer to com-
plete ST than the participants in procedure FS. Similarly, the
time to complete FTwas shorter for participants in procedure
SF than those in procedure FS. Therefore, it is observed that
participants who performed the tasks in the opposite order
of procedures (SF and FS) took a longer time to complete
the tasks and made more errors in the first task than in the
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Fig. 8 General comparison of average Execution Time and Errors

Table 3 T-test results for assessing performance indicator differences
between tasks in each procedure considering α � 0,05. Statistically
significant values are highlighted in bold

SF Procedure FS Procedure

Time Errors Time Errors

6,65E-11 3,85E-03 2,20E-08 1,40E-01

second task. This indicates that the order in which the tasks
are performed can influence the results and suggest that par-
ticipants may have to become more familiar with the task to
lead to better performance.

On average, participants in the SF procedure took 48 s
more to execute ST than the expected time. Participants in
the FS procedure also took 36 s more on average to execute
ST than the expected time. As for FT, participants in the SF
procedure took 45 smore than expected on average, and those
in the FS procedure took 58 s more than expected.

Table 3 presents the results of the T-test to determine dif-
ferences between tasks in both procedures.

As for the errors, the order in which the tasks were carried
out influenced the performance. Participants in the SF proce-
dure made more errors in ST than in FT, and the participants
in procedure FS made more errors in FT than in ST.

Therefore, the order factor alters the results during the
execution of the tasks. The second task was completed in
both procedures with better results than the first one. The
number of errors was also reduced in the task performed in
the second place. However, the time needed to complete the
task is faster in the FT. In this sense, the order factor has a
significant impact on learnability, as it can greatly influence
the speed and efficiency with which users are able to learn
and effectively use the system.

Table 4 presents the results of the T-test to determine dif-
ferences in the task disaggregated by gender. it is observed
that forwomen, in both procedures, the difference in task exe-
cution time is statistically significant. Conversely, for men in
the SF procedure, the difference is not statistically signifi-
cant, but it is in the FS procedure. Regarding errors, in the
SFprocedure, the difference is considered significant for both
men and women, while in the FS procedure, neither men nor
women show statistically significant differences.
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Table 4 T-test results for
assessing performance indicator
differences between tasks in each
procedure considering α � 0,05
and disaggregating by gender.
Statistically significant values are
highlighted in bold

SF Procedure FS Procedure

Time Errors Time Errors

Women 0,0160 0,0371 0,0000270 0,4045

Men 0,0001 0,0509 0,0001 0,1347

4.2 Physiological Indicators

This section shows and analyses the results obtained with the
physiological devices. Then, the results obtained using EEG
in the SF Procedure are shown (Fig. 5) and analysed.

• Engagement A higher level of Engagement was observed
in participants in the FT (M � 47.81; SD � 57.40) com-
pared to the ST (M � 33.81; SD � 4.53). However, this
difference is not statistically significant (Table 5).

• Memorisation Slight lowerMemorisation was observed in
participants in the ST (M� 30.40; SD� 6.00) compared to
the FT (M � 31.03; SD � 5.05). However, this difference
is not statistically significant (Table 5).

• ValenceEmotional Valence was recorded asmore negative
in the ST (M � -3.04; SD � 7.62) compared to the FT
(M � -1.89; SD � 9.76). However, this difference is not
statistically significant (Table 5).

• Mental Workload Mental workload was observed to be
lower in the ST (M � 29.58; SD � 3.10) compared to the
FT (M � 37.21; SD � 19.59). However, this difference is
not statistically significant (Table 5).

• Activation It is observed that Activation was higher in the
ST (M � 18.75; SD � 16.15) than in the FT (M � -0.74;
SD � 27.59). However, this difference is not statistically
significant (Table 5).

• Impact It is observed that the Impact was lower in the ST
(M � 34.94; SD � 1.68) compared to the FT (M � 36.43;
SD � 2.55). However, this difference is not statistically
significant (Table 5).

However, the differences depicted in Fig. 9 are not statis-
tically significant (Table 5).

In order to address the second research question, we have
disaggregated the data obtained in the SF procedure by gen-
der (Fig. 10).

• Engagement In the case of women, it is observed that the
level of Engagement has been slightly higher in the ST (M
� 32.45; SD � 5.50) than in the FT (M � 29.44; SD �
5.72). However, formen, the level of Engagement has been
significantly lower in the ST (M� 35.16; SD� 3.36) than
in the FT (M � 66.18; SD � 80.85). Nonetheless, these
differences are not statistically significant (Table 6).

• Memorisation Among women, Memorisation appears to
be slightly lower in the ST (M � 30.27; SD � 7.28) than
in the FT (M � 31.96; SD � 6.06). Conversely, for men,
Memorisation is slightly higher in the ST (M � 30.53; SD
� 5.43) than in the FT (M� 30.11; SD� 4.31). However,
these differences are not statistically significant (Table 6).

• Valence In the case of women, emotional Valence is better
in the ST (M � -1.07; SD � 9.84) than in the FT (M �
-3.31; SD� 2.79). However, in the case of men, emotional
Valence is lower in the ST (M � -5.01; SD � 4.29) than
in the FT (M � -0.47; SD � 14.19). Nonetheless, these
differences are not statistically significant (Table 6).

• Mental Workload In the ST, it is observed that Mental
Workload is lower for both men and women. However, the
difference is more pronounced in men, where mental load
is higher in the FT compared to the ST. The data shows
that for women, in the ST (M � 28.77; SD � 2.07) and in
the FT (M � 29.89; SD � 3.95), while for men, in the ST
(M � 30.39; SD � 3.96) and in the FT (M � 44.52; SD
� 26.72). However, these differences are not statistically
significant (Table 6).

• Activation Both men and women show higher Activation
in the ST (Women: M � 24.32; SD � 18.88; Men: M �
13.17; SD � 12.37) than in the FT (Women: M � 16.63;
SD � 18.62; Men: M � -18.11; SD � 24.74). In women,
this difference is not statistically significant, but in men, it
is considered statistically significant (Table 6).

• Impact Both men and women show less Impact in the ST
(Women: M � 35.14; SD � 1.93; Men: M � 34.74; SD
� 1.58) than in the FT (Women: M � 35.77; SD � 1.16;
Men: M � 37.09; SD � 3.49). However, these differences
are not statistically significant (Table 6).

Therefore, as observed in Table 6, the only significant
difference is in the case of men in the Activation indicators,
as they have obtained lower Activation values in the FT.

Below, the results obtained through EEG and EDA in the
FS Procedure (Fig. 11) are presented and analyzed:

• Engagement A lower level of Engagementwas observed in
participants in the FT (M� 32.84; SD� 4.67) compared to
the ST (M � 36.04; SD � 7.71). However, this difference
is not statistically significant (Table 7).

• Memorisation Participants were found to have a higher
level of Memorisation in the FT (M � 32.12; SD � 4.69)
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Table 5 T-Test results to
determine significant differences
between tasks in the SF
procedure considering α � 0.05.
Statistically significant values are
highlighted in bold

Engagement Memorisation Valence Mental workload Activation Impact

0,4613 0,8011 0,7722 0,2532 0,0737 0,1420

Fig. 9 Results of Physiological Indicators in the SF Procedure

compared to the ST (M � 23.74; SD � 4.93). This differ-
ence is considered statistically significant (Table 7).

• ValenceEmotional Valence was recorded asmore negative
in the FT (M � -3.08; SD � 6.19) in contrast to the ST
(M � 5.00; SD � 19.63). However, this difference is not
statistically significant (Table 7).

• Mental Workload It was observed that Mental Workload
was similar in the FT (M � 30.35; SD � 3.68) compared
to the TL task (M � 30.53; SD � 3.97). Indeed, this dif-
ference is not statistically significant (Table 7).

• Activation It is noted that Activation has been less negative
in the ST (M � -0.71; SD � 34.29) than in the FT (M
� -9.79; SD � 31.84). However, this difference is not
statistically significant (Table 7).

• Impact It is observed that the Impact has been lower in the
FT (M � 35.06; SD � 1.71) than in the ST (M � 35.50;
SD � 4.17). However, this difference is not statistically
significant (Table 7).

However, it is important to highlight that, according to the
results in Table 7, only the difference in the Memorisation
indicators is statistically significant between the tasks.

Breaking down the data from the FS procedure by gender
has yielded the following results (Fig. 12):

• Engagement In both men and women, a lower level of
Engagement is observed in the ST (Women: M � 33.75;
SD� 4.17; Men: M� 31.93; SD� 5.45) compared to the
FT (Women: M � 35.04; SD � 9.54; Men: M � 37.04;
SD� 6.35). However, these differences are not considered
statistically significant (Table 8).

• Memorisation In both men and women, a higher level of
Memorisation is observed in the ST (Women: M � 30.35;
SD� 3.40; Men: M� 33.89; SD� 5.49) compared to the
FT (Women: M � 25.24; SD � 5.69; Men: M � 22.24;
SD � 4.10). In women, the difference is not considered
statistically significant, but it is for men (Table 8).

• Valence In both men and women, a lower emotional
Valence is observed in the ST (Women: M � -2.90; SD
� 4.15; Men: M � -3.27; SD � 8.29) compared to the FT
(Women: M � 7.92; SD � 28.64; Men: M � 2.07; SD
� 5.03). However, these differences are not considered
statistically significant (Table 8).

• Mental Workload In the case of women, a higher Mental
Workload is observed in the ST (M � 29.61; SD � 3.45)
compared to the FT (M � 28.67; SD � 2.29). However, in
the case of men, a lower Mental Workload is observed in
the ST (M � 31.10; SD � 4.14) compared to the FT (M
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Fig. 10 Results of Physiological
Indicators in the Slow-Fast (SF)
procedure disaggregated by
gender

Table 6 T-Test results to
determine significant differences
between tasks in the SF
procedure disaggregated by
gender, considering α � 0.05.
Statistically significant values are
highlighted in bold

Engagement Memorisation Valence Mental workload Activation Impact

Women 0,4214 0,6981 0,6474 0,5934 0,5347 0,5540

Men 0,4396 0,8953 0,5294 0,3043 0,0455 0,2218

� 32.38; SD � 4.64). However, these differences are not
considered statistically significant (Table 8).

• Activation In the case of women, a less negative Activation
is observed in the ST (M� -13.05; SD� 32.48) compared
to the FT (M � -23.09; SD � 42.27). For men, a higher
Activation is observed in the ST (M� 11.64; SD� 34.78)
compared to the FT (M � 3.50; SD � 7.21). However,
these differences are not considered statistically significant
(Table 8).

• Impact In the case of women, a similar Impact is observed
in both the ST (M � 34.56; SD � 1.88) and the FT (M �
34.38; SD � 1.68). For men, a lower Impact is observed
in the ST (M � 35.56; SD � 5.75) compared to the FT (M
� 36.63; SD � 5.75). Nonetheless, these differences are
not considered statistically significant (Table 8).

However, it is relevant to note that, according to the results
in Table 6, there is only a significant difference between tasks
in the indicators of Memorisation in men.

Below are the results of the physiological measurements
without considering the processing; in other words, we have
combined both procedures (Fig. 13):

• Engagement A lower level of Engagementwas observed in
participants in the ST (M� 34.92; SD� 6.26) compared to
the FT (M� 40.33; SD� 40.37). However, this difference
is not statistically significant (Table 9).

• Memorisation Participants were found to have a higher
level of Memorisation in the FT (M � 31.58; SD � 4.78)
compared to the ST (M � 27.07; SD � 6.34). This differ-
ence is considered statistically significant (Table 9).
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Fig. 11 Results of Physiological Indicators in the FS Procedure

Table 7 T-Test results to
determine significant differences
between tasks in physiological
responses in the FS procedure,
considering α � 0.05.
Statistically significant values are
highlighted in bold

Engagement Memorisation Valence Mental workload Activation Impact

0,2801 0,0011 0,2408 0,9208 0,5468 0,7587

• ValenceEmotional Valence was recorded asmore negative
in the FT (M � -2.48; SD � 7.97) in contrast to the ST
(M � 0.98; SD � 15.07). However, this difference is not
statistically significant (Table 9).

• Mental Workload It was observed that Mental Workload
was higher in theFT (M�33.78; SD�14.16) compared to
the ST (M � 30.05; SD � 3.50). However, this difference
is not statistically significant (Table 9).

• Activation It is noted that Activation has been more pos-
itive in the ST (M � 4.48; SD � 28,60) than in the FT
(M � -0.72; SD � 30.29). However, this difference is not
statistically significant (Table 9).

• Impact It is observed that the Impact has been similar in
the FT (M� 35.74; SD� 2.24) and ST (M� 35.22; SD�
3.11). Indeed, this difference is not statistically significant
(Table 9).

Following this, we present the results obtained bymerging
both procedures while also considering gender disaggrega-
tion (Fig. 14):

• Engagement In the case of women, a higher level of
Engagement is observed in the ST (M � 33.74; SD �
7.46) than in the FT (M � 31.60; SD � 5.24). Contrary, in
the case of men, a higher level of Engagement is observed
in the FT (M � 49.06; SD � 56.97) than in the ST (M
� 36.10; SD � 4.87). However, these differences are not
considered statistically significant (Table 10).

• Memorisation In both men and women, a higher level of
Memorisation is observed in the FT (Women: M � 31.15;
SD� 4.71; Men: M� 32.00; SD� 5.06) compared to the
ST (Women: M � 27.75; SD � 6.66; Men: M � 26.38;
SD � 6.30). In women, the difference is not considered
statistically significant, but it is for men (Table 10).

• Valence In both men and women, a higher emotional
Valence is observed in the ST (Women: M � 3.42; SD
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Fig. 12 Results of Physiological Indicators in the FS Procedure disaggregated by gender

Table 8 T-Test results to
determine significant differences
between tasks in the SF
procedure disaggregated by
gender, considering α � 0.05.
Statistically significant values are
highlighted in bold

Engagement Memorisation Valence Mental workload Activation Impact

Women 0,7929 0,1313 0,4485 0,6275 0,6855 0,8774

Men 0,2100 0,0060 0,2605 0,6568 0,6334 0,7046

Fig. 13 Results of Physiological
Indicators by merging both
procedures

123



238 International Journal of Social Robotics (2025) 17:211–256

Table 9 T-Test results to
determine significant differences
between tasks in physiological
responses merging both
procedures, considering α �
0.05. Statistically significant
values are highlighted in bold

Engagement Memorisation Valence Mental workload Activation Impact

0,5608 0,0157 0,3710 0,2656 0,5800 0,5452

Fig. 14 Results of Physiological
Indicators by merging both
procedures and disaggregating
by gender

� 20.74; Men: M � -1.46; SD � 5.99) compared to the
FT (Women: M � -3.10; SD � 3.34; Men: M � -1.86; SD
� 11.06). However, these differences are not considered
statistically significant (Table 10).

• Mental Workload In bothmen andwomen, a higherMental
Workload is observed in FT (Women: M � 29.75; SD �
3.50; Men: M � 37.81; SD � 19.36) than in ST (Women:
M � 28.72; SD � 2.06; Men: M � 31.38; SD � 3.99).
However, these differences are not considered statistically
significant (Table 10).

• Activation In the case of women, a higher Activation is
observed in the FT (M � 1.79; SD � 29.46) compared
to the ST (M � 0.61; SD � 39.71). Contrary, for men, a
higher Activation is observed in the ST (M � 8.34; SD
� 10.82) compared to the FT (M � -3.23; SD � 32.49).
However, these differences are not considered statistically
significant (Table 10).

• Impact In the case of women, a similar Impact is observed
in the FT (M � 35.16; SD � 1.61) than in the ST (M �
34.76; SD � 1.61). For men, a lower Impact is observed
in the ST (M � 35.68; SD � 4.10) compared to the FT (M

� 36.32; SD � 2.67). Nonetheless, these differences are
not considered statistically significant (Table 10).

4.3 Perceptual Indicators and Observation

In this section, a descriptive analysis of the perceptual indi-
cators is conducted. For an overall view of the differences
between the various tasks in each aspect evaluated in the
questionnaire, Figs. 52 and 54 are presented, corresponding
to the SF and FS procedures, respectively. Furthermore, for
a more detailed understanding, specific values are detailed in
Table 64.

Figure 15. displays the results obtained in the SF proce-
dure. Additionally, as can be observed in Table 7, the results
of the PQ are identified as a significant difference.

• PQ A lower level of PQ was observed in participants in
the ST (M � 5.45; SD � 0.71) compared to the FT (M �
6.075; SD � 0.54). This difference is considered statisti-
cally significant (Table 11).
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Table 10 T-Test results to
determine significant differences
between tasks in physiological
responses merging both
procedures and disaggregating
by gender, considering α � 0.05

Engagement Memorisation Valence Mental workload Activation Impact

Women 0,47 0,21 0,35 0,43 0,94 0,60

Men 0,49 0,04 0,92 0,33 0,31 0,68

Fig. 15 Comparative results of
the questionnaire for the SF
procedure

• HQA lower level ofHQwas observed in participants in the
ST (M� 4.5; SD� 1.09) compared to the FT (M� 4.925;
SD � 1.66). However, this difference is not considered
statistically significant (Table 11).

• Reliability A higher level of Reliability was observed in
the ST (M � 6.4; SD � 1.26) compared to the FT (M �
5.8; SD� 1.55). However, this difference is not considered
statistically significant (Table 11).

• Controllability A higher level of Controllability was
observed in the ST (M � 5.5; SD � 2.01) compared to
the FT (M � 4.8; SD � 1.93). However, this difference is
not considered statistically significant (Table 11).

• Perceived Usefulness A lower level of Perceived Use-
fulness was observed in the ST (M � 5.3; SD � 1.57)
compared to the FT (M � 5.8; SD � 1.35). However,
this difference is not considered statistically significant
(Table 11).

Furthermore, Fig. 16 presents the results of the SF proce-
dure disaggregated by gender.

• PQ Both men and women show lower ratings in PQ for the
ST (Women: M � 5.3; SD � 0.99; Men: M � 5.6; SD �
0.33) compared to the FT (Women: M � 6.1; SD � 0.28;
Men: M � 6.05; SD � 0.76). However, these differences
are not considered statistically significant (Table 12).

• HQ Both men and women exhibit lower ratings in HQ for
the ST (Women:M� 4.4; SD� 0.96;Men:M� 4.6; SD�
1.33) compared to the FT (Women: M� 5.15; SD� 1.22;
Men: M � 4.7; SD � 2.14). However, these differences
are not considered statistically significant (Table 12).

• Reliability In the case of women, a higher rating is
observed for Reliability in the ST (M � 7; SD � 0) com-
pared to the FT (M� 5.6; SD� 2.07). Conversely, in men,
a lower rating for Reliability is observed in the ST (M �
5.8; SD � 1.64) compared to the FT (M � 6; SD � 1).
However, these differences are not considered statistically
significant (Table 12).

• Controllability Both men and women show a higher level
of Controllability for the ST (Women: M� 5.6; SD� 2.6;
Men: M � 5.4; SD � 1.51) compared to the FT (Women:
M� 4.4; SD� 2.3; Men: M� 5.2; SD� 1.64). However,
this difference is not considered statistically significant
(Table 12).

• Perceived UsefulnessBothmen andwomen exhibit a lower
rating in the Perceived Usefulness for the ST (Women: M
� 4.6; SD� 1.94;Men:M� 6; SD� 0.7) compared to the
FT (Women: M � 5; SD � 1; Men: M � 6.6; SD � 0.55).
However, these differences are not considered statistically
significant (Table 12).

In addition, Fig. 17 presents the results obtained in the FS
procedure, which are described below:
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Table 11 T-Test results to
determine significant differences
between tasks in perceptual
responses in the FS procedure,
considering α � 0.05.
Statistically significant values are
highlighted in bold

PQ HQ Reliability Controllability Perceived usefulness

0,0417 0,5093 0,3558 0,4380 0,4256

Fig. 16 Results of perceptual indicators in the SF Procedure disaggregated by gender

Table 12 T-Test results to
determine significant differences
in the perceptual indicators
between tasks in the SF
procedure disaggregated by
gender, considering α � 0.05.
Statistically significant values are
highlighted in bold

PQ HQ Reliability Controllability Perceived usefulness

Women 0,1132 0,8616 0,2056 0,7901 0,9860

Men 0,0860 0,4902 0,2825 0,2062 0,0753

• PQ A higher level of PQ was observed in the participants
in the FT (M� 5.97; SD� 0.86) compared to the ST (M�
4.35; SD�0.65). This difference is considered statistically
significant (Table 13).

• HQ A higher level of HQ was observed in the participants
in the FT (M� 4.72; SD� 1.72) compared to the ST (M�
3.4; SD� 1.28). However, this difference is not considered
statistically significant (Table 13).

• Reliability A lower level of Reliability was observed in the
FT (M � 5.9; SD � 1.45) compared to the ST (M � 5.8;
SD � 0.79). However, this difference is not considered
statistically significant (Table 13).

• Controllability A higher level of Controllability was
observed in the ST (M � 6.1; SD � 0.74) compared to

the FT (M � 6.4; SD � 0.84). However, this difference is
not considered statistically significant (Table 13).

• Perceived Usefulness A higher level of Perceived Use-
fulness was observed in the FT (M � 5.6; SD � 1.78)
compared to the ST (M � 3.3; SD � 1.7). This difference
is statistically significant (Table 13).

Furthermore, Fig. 18 presents the results of the FS proce-
dure broken down by gender, which are described as follows:

• PQ Both in men and women, a higher rating is observed
in PQ for the FT (Women: M � 6.25; SD � 0.35; Men:
M � 5.7; SD � 1.16) compared to the ST (Women: M
� 4.2; SD � 0.74; Men: M � 4.5; SD � 0.59). In the
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Fig. 17 Results of perceptual indicators in the FS Procedure

Table 13 T-Test results to
determine significant differences
in the perceptual indicators
between tasks in the FS
procedure, considering α � 0.05.
Statistically significant values are
highlighted in bold

PQ HQ Reliability Controllability Perceived usefulness

0,0002 0,0691 0,8508 0,4085 0,0085

Fig. 18 Results of perceptual
indicators in the FS Procedure
disaggregated by gender

123



242 International Journal of Social Robotics (2025) 17:211–256

case of women, the difference is considered statistically
significant, but not for men (Table 14).

• HQ Both in men and women, a lower rating is observed
in HQ for the ST (Women: M � 4.85; SD � 1.11; Men:
M � 4.6; SD � 2.34) compared to the FT (Women: M
� 3.15; SD � 0.68; Men: M � 3.65; SD � 1.76). In the
case of women, the difference is considered statistically
significant, but not for men (Table 14).

• Reliability In the case of women, a higher rating is
observed in Reliability for the FT (M � 5.6; SD � 0.55)
compared to the ST (M � 5.2; SD � 1.79). Conversely, in
men, a lower rating of Reliability is observed in the ST (M
� 6.6; SD � 0.55) compared to the FT (M � 6; SD � 1).
However, these differences are not considered statistically
significant (Table 14).

• Controllability In women, the same rating is observed in
Controllability for the FT (M � 6; SD � 0.7) as in the ST
(M� 6; SD� 1). In men, a lower perception of Controlla-
bility is observed in theFT (M�6.2; SD�0.84) compared
to the ST (M � 6.8; SD � 0.45). These differences are not
considered statistically significant (Table 14).

• Perceived Usefulness Both in men and women, a lower
rating is observed in the Perceived Usefulness of the ST
(Women: M � 4.2; SD � 1.3; Men: M � 2.4; SD � 1.6)
compared to the FT (Women: M � 6; SD � 0.7; Men: M
� 5.2; SD � 2.5). In the case of women, the difference is
considered statistically significant, although not for men
(Table 14).

Beloware the results of the perceptualwithout considering
the procedure; in other words, we have merged the results of
both procedures (Fig. 19):

• PQ A higher level of PQ was observed in the participants
in the FT (M� 6.03; SD� 0.70) compared to the ST (M�
4.90; SD�0.87). This difference is considered statistically
significant (Table 15).

• HQ A higher level of HQ was observed in the participants
in the FT (M � 4.83; SD � 1.65) compared to the ST
(M � 3.95; SD � 1.29). However, this difference is not
considered statistically significant (Table 15).

• Reliability A lower level of Reliability was observed in the
FT (M� 5.80; SD� 1.20) compared to the ST (M� 6.15;
SD � 1.35). However, this difference is not considered
statistically significant (Table 15).

• Controllability A higher level of Controllability was
observed in the ST (M � 5.95; SD � 1.57) compared to
the FT (M � 5.45; SD � 1.57). However, this difference
is not considered statistically significant (Table 15).

• Perceived Usefulness A higher level of Perceived Use-
fulness was observed in the FT (M � 5.70; SD � 1.45)
compared to the ST (M � 4.30; SD � 1.89). This differ-
ence is statistically significant (Table 15).

Following this, we present the results obtained bymerging
both procedures while also considering gender disaggrega-
tion (Fig. 20):

• PQ Both in men and women, a higher rating is observed in
PQ for the FT (Women:M� 6.175; SD� 0.31;Men:M�
5.875; SD� 0.94) compared to the ST (Women:M� 4.75;
SD� 1.00;Men:M� 5.05; SD� 0.73). These differences
are considered statistically significant (Table 16).

• HQ Both in men and women, a lower rating is observed
in HQ for the ST (Women: M � 3.775; SD � 1.02; Men:
M � 4.125; SD � 1.55) compared to the FT (Women: M
� 5,00; SD � 1.11; Men: M � 4.65; SD � 2.11). In the
case of women, the difference is considered statistically
significant, but not for men (Table 16).

• Reliability Both women and men, rated higher Reliabil-
ity for the ST (Women: M � 6.1; SD � 1.52; Men: M
� 6.2; SD � 1.23) compared to the FT (Women: M �
5.6; SD � 1.43; Men: M � 6.00; SD � 0.94). However,
these differences are not considered statistically significant
(Table 16).

• Controllability Both women and men, rated higher Con-
trollability for the ST (Women:M� 5.8; SD� 1.87; Men:
M � 6.1; SD � 1.29) compared to the FT (Women: M �
5.2; SD � 1.871; Men: M � 5.7; SD � 1.31). However,
these differences are not considered statistically significant
(Table 16).

• Perceived Usefulness Both in men and women, a lower
rating is observed in the Perceived Usefulness of the ST
(Women: M� 4.4; SD� 1.58; Men: M� 4.2; SD� 2.25)
compared to the FT (Women: M � 5.5; SD � 0.97; Men:
M� 5.9; SD� 1.85). In the case of women, the difference
is considered statistically significant, although not for men
(Table 16).

In addition to the questionnaire, the participants also
shared some comments, and with the observation, these
insights can be summarised:

“I was impatient and didn’t wait for the robot to fin-
ish its motion before proceeding with the next piece.
The robot was moving at a slow pace during the initial
stages of the task, and I was able to complete the task
quicker on my own. If I were a worker in a real-life
scenario, I would have instructed the robot to move
faster to save time. Waiting for the robot to complete
its motion would slow me down.”
“As I interacted with the robot, I noticed my confidence
in its behaviour increased over time. This made me feel
more comfortable in taking actions such as reaching
in before the robot was finished or sending commands
faster. The more time I spent working with the robot, the
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Table 14 T-Test results to
determine significant differences
in the perceptual indicators
between tasks in the FS
procedure disaggregated by
gender, considering α � 0.05.
Statistically significant values are
highlighted in bold

PQ HQ Reliability Controllability Perceived usefulness

Women 0,0016 0,0239 0,6538 1,0000 0,0340

Men 0,0860 0,4902 0,2825 0,2062 0,0753

Fig. 19 Results of Perceptual
Indicators by merging both
procedures

Table 15 T-Test results to
determine significant differences
between tasks in perceptual
responses merging both
procedures, considering α �
0.05. Statistically significant
values are highlighted in bold

Pragmatic quality Hedonic quality Reliability Controlabity Perceived usefulness

0,00007 0,0705 0,3908 0,3209 0,0128

more I was able to anticipate its movements and under-
stand its behaviour. This confidence boosts ultimately
led to a better experience and improved performance
in our collaboration.”
"I was frustrated with the slow speed of the robot at first.
But when it picked up speed, I felt more confident in its
ability to complete the task accurately. The faster pace
made the robot seem more intelligent and in control,
while the slow speed made it appear unsure and less
competent."
"Initially, I was wary of activating the robot as I wasn’t
sure of its movements. I took precautions and kept my
distance, not wanting to risk getting hit. But as I became
more familiar with its behaviour, I grew more confident
and started to activate it without hesitation. The more
I worked with it, the more natural the interaction felt."

Based on the comments provided, it appears that partici-
pants’ experiences with the robot were influenced by several
factors, including kinematic variables, trust, learnability, and

interaction time. Some participants felt frustrated with the
slow movements of the robot, finding it to be less precise
and intelligent. On the other hand, when the robot’s speed
increased, the participants felt more confident in its abil-
ity to complete tasks accurately. Participants also reported
that their confidence in the robot’s behaviour increased with
interaction time, which led to a more comfortable and nat-
ural interaction. As a result, participants were more willing
to take actions such as reaching in before the robot was fin-
ished or sending commands faster. These findings suggest
that the kinematic variables of the robot, as well as the par-
ticipant’s trust and interaction time, play a role in shaping
their experience with the robot.

5 Discussion

In this section, the results of the studyon the effect of the kine-
matic variables (speed and acceleration) on human factors
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Fig. 20 Results of Perceptual Indicators by merging both procedures and disaggregating by gender

Table 16 T-Test results to
determine significant differences
between tasks in perceptual
responses merging both
procedures and disaggregating
by gender, considering α � 0.05.
Statistically significant values are
highlighted in bold

Pragmatic
quality

Hedonic
quality

Reliability Controlability Perceived
usefulnes

Women 0,0014 0,0196 0,4591 0,4762 0,0801

Men 0,0436 0,5355 0,6882 0,5042 0,0823

are interpreted and discussed. The study aimed to investi-
gate how the robot’s speed and acceleration changes during
a task affect human responses and emotions. We find results
in 1) KPIs, 2) Physiological indicators, and 3) Perceptual
indicators and observation. The discussion will provide a
comprehensive overview of the results, providing insights
into the effects of kinematic variables on HRI and highlight-
ing areas that require further investigation. Additionally, the
limitations of the study will also be discussed.

5.1 Results for RQ 1: In Industrial HRC Assembly
Task,What is the Impact of Different Robot
Kinematic Variables (i.e., Movement Speed
and Acceleration) on Human Factors?

Table 17 provides an overview of the significant differences
identified throughout the case study.

Regarding performance, it is evident that the FT leads to
shorter task execution times. In terms of errors, it is observed
that due to task learnability, the task performed second results
in fewer errors.

As for performance indicators, a significant difference is
only observed in Memorisation within the Fast-Slow (FS)
procedure, with FT leading to higher levels of Memorisa-
tion. No significant differences are observed in Engagement,
Valence, Mental Workload, Activation, and Impact.

In the realm of perceptual indicators, a significant dif-
ference is noted in PQ in both procedures, indicating that
higher kinematic variables result in a better assessment of
PQ. However, no significant differences are observed in HQ,
Reliability, and Controllability in either procedure. In the
case of Perceived Usefulness in the FS procedure, a signifi-
cant difference is observed, with higher kinematic variables
correlating with a higher assessment of Perceived Useful-
ness.
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Table 17 Summary of the differences identified by the T-test in the indicators collected (performance, physio-logical and perceptual) in both
procedures

Slow-fast (SF) procedure Fast-slow (FS) procedure Merging procedures

Performance Time Higher kinematic variables ↑
resulted in shorter task
execution time✓

Higher kinematic variables ↑
resulted in shorter task
execution time✓

Higher kinematic
variables ↑ resulted
in shorter task
execution time✓

Errors Higher kinematic variables↑
resulted in fewer errors✓

Lower kinematic variables↓
resulted in fewer errors✓

No

Physiological
indicators

Engagement No No No

Memorisation No Higher kinematic variables↑
resulted in a higher level of
Memorisation ×

No

Valence No No No

Mental Workload No No No

Activation No No No

Impact No No No

Perceptual
indicators

Pragmatic quality (PQ) Higher kinematic variables↑
resulted in higher PQ✓

Higher kinematic variables↑
resulted in higher PQ✓

Higher kinematic
variables↑ resulted in
higher PQ✓

Hedonic quality (HQ) No No No

Reliability No No No

Controllability No No No

Perceived Usefulness No Higher kinematic variables↑
resulted in higher Perceived
Usefulness✓

Higher kinematic
variables↑ resulted in
higher Perceived
Usefulness✓

In this context, H1 stands disproven, as no substantial
impact on Engagement, Memorisation, and Mental Work-
load.

Similarly, with regards to H2, it is also refuted, contra-
dicting initial assumptions. Higher kinematic variables yield
higher ratings in terms of PQ and Perceived Usefulness.
Conversely, in the case of Valence, Activation, Impact, HQ,
Reliability, and Controllability, no statistically significant
disparities are observed.

5.2 Results for RQ 2: Do these Kinematic Variables
have a Different Impact onMen andWomen?

We have integrated gender perspective in our research to
avoid biases, where sometimes the realities, experiences, and
expectations of a group of people (considering men as a
reference) are constructed as the norm, resulting in partial
and non-universal results. Our results confirm differences
between genders when interacting with a robot in terms of
task completion time, Valence, Memorisation, MentalWork-
load, Engagement, and Perception. Throughout the research,
T-tests were conducted with data disaggregated by gender.
The outcomes of these tests are summarized in Table 18.

Concerning performance indicators, for both men and
women in both procedures, the FT consistently resulted
in shorter task execution times. Regarding errors, it was
observed that, due to task learnability, the task performed
second resulted in fewer errors.

Regarding physiological indicators, no significant differ-
ences were observed in Engagement for either gender in any
of the procedures. In terms of Memorisation, a significant
difference was observed only in the case of men in the FS
procedure, where FT resulted in a higher level of Memori-
sation. However, no significant differences were observed in
participants of the SF procedure or inwomen in the FS proce-
dure. Emotional Valence and Mental Workload also showed
no significant differences among any of the genders or in any
of the procedures. While examining Activation in a general
context revealed no significant differences, it is worth noting
that higher kinematic variables led to lower Activation val-
ues inmen in the SF procedure. However, no such differences
were observed in women in the SF procedure or in partici-
pants in the FS procedure. Lastly, no significant differences
were observed in Impact among any of the genders or in any
of the procedures.

Regarding perceptual indicators, a significant difference
in PQ was observed only in women in the FS procedure.
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Table 18 Summary of the differences identified by the T-test in the indicators collected (performance, physio-logical and perceptual) in both
procedures disaggregated by gender

Slow-fast (SF) Procedure Fast-Slow (FS) Procedure Merging both procedures

Women Men Women Men Women Men

Performance Time Higher
kinematic
variables ↑
resulted in
shorter task
execution
time✓

Higher
kinematic
variables ↑
resulted in
shorter task
execution
time✓

Higher
kinematic
variables↑
resulted in
shorter task
execution
time✓

Higher kinematic
variables↑
resulted in
shorter task
execution time✓

Higher
kinematic
variables↑
resulted in
shorter task
execution
time✓

Higher
kinematic
variables↑
resulted in
shorter task
execution
time✓

Errors Higher
kinematic
variables↑
resulted in
fewer
errors✓

Higher
kinematic
variables↑
resulted in
fewer
errors✓

Lower
kinematic
variables↓
resulted in
fewer
errors✓

Lower kinematic
variables↓
resulted in
fewer errors✓

No No

Physiological
indicators

Engagement No No No No No No

Memorisation No No No Higher kinematic
variables↑
resulted in a
higher level of
Memorisation ×

No No

Valence No No No No No No

Mental
Workload

No No No No No No

Activation No Higher
kinematic
variables↑
resulted in
lower
Activation ×

No No No No

Impact No No No No No No

Perceptual
indicators

Pragmatic
quality (PQ)

No No Higher
kinematic
variables↑
resulted in
higher PQ✓

No Higher
kinematic
variables↑
resulted in
higher
PQ✓

Higher
kinematic
variables↑
resulted in
higher PQ

Hedonic quality
(HQ)

No No Higher
kinematic
variables↑
resulted in
higher HQ✓

No Higher
kinematic
variables↑
resulted in
higher
HQ✓

No

Reliability No No No No No No

Controllability No No No No No No

Perceived
Usefulness

No No Higher
kinematic
variables↑
resulted in
higher
Perceived
Useful-
ness✓

No No No
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This result is intriguing because when not disaggregating the
results by gender in both procedures, the T-test result was sta-
tistically significant. As for HQ, a significant difference was
also observed only in women in the FS procedure, where FT
resulted in higher scores in HQ. No statistically significant
differences were found in Reliability and Controllability. In
terms of Perceived Usefulness, significant differences were
observed only in women in the FS procedure, where FT
resulted in higher scores in Perceived Usefulness.

During the analysis of research results, separate T-tests
were conducted for each gender, without a direct intergen-
der comparison. In Table 19, we present the T-test results,
which compare outcomes between both genders in each task
of every procedure.

Notably, a significant gender-based difference emerged in
the time needed to complete the FT within the FS procedure.
In this instance, women averaged 2 min and 26 s, while men
finished the task in 2 min and 10 s.

Furthermore, another distinctive gender difference sur-
faced in Activation levels during the FT within the SF
procedure. Women displayed an average Activation level of
16.63, while men averaged -18.11.

Significantly, divergent gender perspectives were evident
in terms of Perceived Usefulness during the FT in the SF
procedure. Women rated it at an average of 5, while men
scored an average of 6.6.

Finally, another noteworthy discrepancy appeared when
merging both procedures in relation to errors during the ST,
with women committing fewer errors.

5.3 The Influence of Kinematic Variables on UX

During the execution of the tasks, the participants’ verbal and
non-verbal reactions were observed. In addition, the com-
ments made by the participants after completing the tasks
showed that the speed and acceleration of the robot influ-
enced human’s confidence. These results are based on the
perceptual values and what has been observed and analysed
from the reactions.

The kinematic variables exert influence in such a manner
that an excessively low robot speed instilsmistrust in individ-
uals, giving rise to thoughts and doubts regarding the robot’s
precision and “intelligence”. However, results obtained from
the Reliability and Controllability items suggest that higher
kinematic variables lead to a suboptimal experience, albeit
not necessarily translating into reduced perceived trust and
safety. In this regard, the impact of kinematic variables on
perceived trust and safety occasionally appears contradictory.
While excessively low speed triggers distrust in the robot’s
accuracy and intelligence, results from the Reliability and
Controllability items suggest that higher kinematic variables
result in a poorer experience. This inconsistency underscores

the need for ongoing research to comprehend the optimal bal-
ance.According toBeschi et al. [101], an operator’s emotions
are more affected by the duration of a trajectory than by its
speed and acceleration.

Conversely, Rubagotti et al. [22] found that the lower the
robot’s speed, the safer it is perceived. Thus, high speed and
acceleration can decrease UX because it can lead to a lack
of control and predictability. Too-high kinematic variables
hinder people from anticipating robot movement and react-
ing accordingly. This leads to feeling unsafe and lacking
trust, which can negatively impact UX. Additionally, high
speed and acceleration can lead to safety concerns. A too-
high speed would also generate distrust in humans, bringing
up emotions such as anxiety and risk cognition, thus consid-
erably reducing perceived safety and trust [17].

To visually represent this intricate relationship between
the robot’s kinematic variables and the perceived safety and
Reliability by users, the concept of the "HRI Speed Bell"
is introduced (Fig. 21). This graphical representation adopts
the form of a Gaussian bell curve, where the x-axis reflects
the robot’s kinematic variables, while the y-axis denotes the
UX. The conception of this bell curve is based on the one
hand on the research by Rubagotti et al. [22], who indicated
that both excessive speed and acceleration of the robot were
perceived as unsafe and unreliable by users. We interpreted
it as a Gaussian bell because we believe that it better cap-
tures human behaviours in response to varying kinematic
variables. On the other hand, the results of the present case
study suggest that excessively low speed and acceleration
also evoke distrust in participants. Therefore, this Gaussian
bell curve representation underscores that both excessively
low speed and acceleration, as well as excessively high kine-
matic configurations, lead to a decrease in perceived safety
and Reliability.

The choice of representing this relationship using a Gaus-
sian bell curve is justified due to its suitability in describing
natural and social phenomena characterized by statistical
distributions. The Gaussian bell curve is a continuous repre-
sentation that captures variability in participant’s preferences
and perceptions regarding the robot’s kinematic variables.
This makes it a more appropriate choice than a stepped or
pyramid-shaped representation, as the latter would imply
abrupt transitions in perception as the variables change.
Given that relationships between variables in the context
of HRI are often complex and nonlinear, the Gaussian bell
curve offers a nuanced representation illustrating how dif-
ferent levels of kinematic variables can gradually influence
users’ perceptions of safety and Reliability.

It is pertinent to highlight that individual preference vari-
ability is a fundamental aspect.What one user considers "safe
and reliable" in terms of speed and acceleration may signifi-
cantly differ from another user’s perception. The "HRI Speed
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Table 19 T-test results to determine if there are significant differences between genders in each task of each procedure, considering α � 0.05.
Significant differences are highlighted in bold

Slow-Fast (SF) Procedure Fast-Slow (FS) Procedure Merging procedures

Slow task
(ST)

Fast task
(FT)

Fast task
(FT)

Slow task
(ST)

Slow task
(ST)

Fast task
(FT)

Performance Time 0.3143 0.8182 0.0281 0.2245 0.1662 0.1208

Errors 0.3749 1.0000 0.1635 0.0651 0.0394 0.2188

Physiological
indicators

Engagement 0.3804 0.3677 0.5706 0.7069 0.4160 0.3593

Memorisation 0.9494 0.5951 0.2612 0.3699 0.6430 0.7029

Valence 0.4549 0.6817 0.9324 0.6750 0.4894 0.7416

Mental workload 0.4487 0.2898 0.5547 0.1612 0.0947 0.2255

Activation 0.3064 0.0386 0.2795 0.2340 0.5656 0.7216

Impact 0.7241 0.4601 0.3868 0.4409 0.5249 0.2583

Perceptual
indicators

Pragmatic quality
(PQ)

0.5500 0.8955 0.3611 0.4977 0.4572 0.3610

Hedonic quality (HQ) 0.7928 0.6962 0.8364 0.5790 0.5608 0.6502

Reliability 0.1778 0.7116 0.4617 0.1583 0.8736 0.4712

Controllability 0.8867 0.5465 0.6941 0.1577 0.6820 0.4926

Perceived usefulness 0.1911 0.0193 0.5225 0.0965 0.8209 0.5554

Fig. 21 “HRI speed bell” concept

Bell" reflects this diversity of individual perspectives regard-
ing kinematic variables. Each incremental �x on the graph
can represent a unique perception in each user. This con-
cept underscores the inherent complexity in understanding
and adapting the robot’s kinematic variables to the individ-
ual preferences and requirements of users.

Furthermore, this graphical representation suggests that
finding the optimal balance in the robot’s kinematic variables

constitutes a complex and highly individualized challenge.
Future research could focus on developing more precise and
efficient methods to determine these optimal configurations
for each user. Thismight involve collecting data on individual
preferences and dynamically adapting the robot’s kinematic
variables during interaction. This personalized approach has
significant implications, as it could pave the way for the
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development of affective robotics, where the robot’s kine-
matic variables are personalized to each user’s preferences
and needs.

5.4 Learnability Paradox

In both the SF and FS procedures, participants generally per-
formed better when the robot moved at a faster speed and
higher acceleration. However, the order in which tasks were
performed appeared to influence participants’ expectations
of the robot and learnability. In the SF procedure, partici-
pants improved their experience by first performing ST and
then FT, which led to a higher-rated Perceived Usefulness
of FT. In contrast, the participants in the FS procedure had
a worse experience because they first performed FT, which
led to higher expectations. When they then performed ST,
the experience worsened considerably. The order in which
tasks were performed in the SF and FS procedures had a sig-
nificant impact on the performance. The results showed that
when participants first performed the ST and then the FT,
they rated the Perceived Usefulness of FT higher, indicating
a better experience and improved learnability. On the other
hand, when participants first performed the FT and then the
ST, their expectations were higher, leading to a worse experi-
ence and decreased learnability. This suggests that the order
in which tasks were performed greatly influenced the learn-
ability of the participants and their ability to effectively use
the robot.

The results also suggest that the order in which the tasks
were performed may have influenced Mental Workload and
Engagement. In the FS procedure, participants had a higher
Mental Workload in FT and a lower Mental Workload in
ST. Similarly, participants in the FS procedure had a higher
Engagement in FT than in ST.

The results of the study suggest that there is a trade-off
between learnability and experience. As participants spend
more time with the robot, their performance improves, and
learnability increases. However, the study also reveals that
longer interaction time leads to a decline in participants’
Activation and Impact, creating a "learnability paradox" in
Fig. 22. This paradox highlights the need for further research
to find the optimal balance between performance and expe-
rience in HRC.

5.5 Limitations

The main limitations of the current experimental study refer
to the following main points:

• Bias from the test configuration itself . The proposed
assembly task has been simplified to focus on how kine-
matic variables affect human’s perception. In such a way,
no participant could have had any problems or difficulties

performing the assembly. However, this may have biased
the experiment, as the task had been seen as too easy to
perform, so participants perceived that it could be easier
without the robot.

• Task simplicity. While the study focused on the impact of
robot speedvariations in a controlled and simplified assem-
bly task, it is important to acknowledge that the proposed
task may not fully capture the complexity of real-world
HRC scenarios. The task’s simplicity may have limited the
generalizability of the findings to more intricate collabora-
tive settings. However, this task was designed to establish
a foundational understanding of the effects of robot kine-
matic variables, as it allowed to isolate and examine these
specific variables in a controlled environment.

• Sample size. In [87–89] claimed that 5 participants are
sufficient to identify 80% of usability problems. However,
small sample sizes can lead to high variability in test results
that cannot be fully adjusted [90]. As concluded in [34],
there is no widely validated sample size for UX tests with
physiological monitoring. In fact, according to a system-
atic review on the use of physiological monitoring in UX
studies [34], the median sample size in studies utilizing
EEG stands at 19.4 participants. Furthermore, half of the
EEG case studies feature sample sizes ranging from 9.5 to
24.5 participants. Therefore, the sample size in this experi-
ment could be too small to obtain the possible correlations.
A larger sample size would be needed to ensure that the
results are statistically significant and can be generalised
to a broader population.

• The applicability of the proposed set-up. The devices pro-
posed in this paper for the evaluation of physiological
factors are, applicable in a laboratory setting but not in an
actual context. The devices themselves have several limi-
tations, such as the fact that the participant must be seated,
that they do not allow the user to behave naturally as he/she
would in a real context, and that the participant can only
use the dominant hand. According to Peruzzini et al. [51]
improvements are necessary to move into a real industrial
environment; physiological devices should be introduced
as less intrusive.

• Acceleration profile: In the context of this study, the robot’s
acceleration was maintained at a constant rate. However,
it is important to acknowledge that this approach may not
entirely encapsulate the characteristics of ‘human-like’
movements. Typically, such movements are associated
with an acceleration profile that commences from zero,
escalates, and then reverts back to zero, all the while
ensuring that the jerk over the trajectory is minimized.
This simplification, necessitated by the constraints of our
experimental setup, may have exerted an influence on the
outcomes of the study.
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Fig. 22 Learnability paradox

Despite those limitations, the research is valuable since it
demonstrated the feasibility of the approach to assess the UX
of the operators in industrial settings. Promising results push
the research to continue andovercome the current limitations.

6 Conclusions and Future Directions

In an increasingly collaborative work environment, the need
for research on human factors requirements is evident. This
paper presents an analysis from the UX and human-centred
design perspective to see how kinematic variables influence
human factors. The study involved two procedures in which
participants performed a task at different speeds and accel-
eration levels.

The protocol analysis was based on a set of metrics into
three investigation areas (KPIs, physiological, and perceptual
indicators) to investigate the UX thoroughly from a human-
centred approach. The set-up merges the traditional UX
evaluation methods and biometric measuring devices (EEG
and EDA). The analysis protocol has proved to be correct,
and the lack of correlations between the different variables
indicates that all measures are necessary. However, the UEQ-
Swas not themost suitable questionnaire to better understand
perceptual values. The UEQ-S has some disadvantages, such
as the loss of detailed information [83], as it does notmeasure
the UX fully as it does the full UEQ. However, we also note

that the questions are far from human–robot reality. Thus,
there is a need to identify a more suitable questionnaire for
industrial robotic environments. Additionally, it is important
to consider that the three items related to Reliability, Control-
lability, and Perceived Usefulness are self-generated, which
implies that these measures were developed specifically for
this study and may not have been previously validated in
other research.

The results of this study provide valuable insights into how
the kinematic variables of a robot, such as speed and accel-
eration, influence the human factors. By means of KPIs, it
was observed that the faster the robot’smovement, the sooner
the task was completed. Therefore, in all cases, participants
were quicker in the FT. Nevertheless, the order of tasks influ-
ences results in a task performance study. Participants who
did the tasks in reverse order took longer to complete the
task and made more errors in the first task than in the sec-
ond task. The second task was completed better with fewer
errors. This suggests that the learnability of the interaction
improves performance.

Both H1 and H2 have been invalidated. Concerning H1,
the anticipated influence on Engagement, Memorisation or
MentalWorkload is not substantiated. Similarly, H2 has been
debunked, contradicting the initial suppositions. Increased
kinematic variables result in higher ratings for PQ and
Perceived Usefulness. However, in the context of Valence,
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Activation, Impact, HQ, Reliability, and Controllability, no
statistically significant distinctions are apparent.

The experimental outcomes underscore that excessively
high speeds have a detrimental impact on the UX during
interactions with the robot, while overly slow speeds also
yield negative effects. Consequently, we introduce the con-
cept of the HRI speed bell, illustrating that both excessively
high and excessively low robot speeds and accelerations are
associated with poorer overall user experiences. Therefore,
there is a clear need to explore and determine the ideal speed
and acceleration settings to ensure a positive UX.

Additionally, the order in which tasks are performed influ-
ences participants’ expectations of the robot and emotional
responses. This is evident in the differences in scores between
both procedures, where the order of tasks appears to impact
the outcomes. It is essential to consider the influence of learn-
ability when designing HRIs, as it may influence UX and
performance. By understanding the effect of task order in
HRI, it is possible to optimise the design of robots to meet
operators’ needs and expectations better and increase their
well-being in the new industrial era. The study has revealed
a “learnability paradox” in HRI, where longer interaction
times improve participants’ performance and learnability, but
at the same time led to decline in UX. These results highlight
the importance of considering the effect of learnability when
designing HRI, as it has an impact on UX and performance.
By understanding the influence of task order, it is possible to
optimise the design of robots to better meet operators’ needs
and expectations and enhance their well-being in the new
industrial era.

The study incorporates a gender perspective into the
research to avoid biases that often arise from considering
men as the default reference group. This approach provides a
more inclusive and comprehensive understanding of how dif-
ferent genders interact with robots in industrial settings. The
research findings confirm the existence of gender-based dif-
ferences in task Execution Time, Activation, and Perceived
Usefulness.

The study reveals that, regardless of gender, the higher
kinematic variables consistently lead to shorter task execu-
tion times in both procedures. It is observed that the task
performed second tends to result in fewer errors, indicating
that learnability plays a role in error reduction. Memorisa-
tion showed a significant difference among men in the FS
procedure, with higher kinematic variables leading to higher
Memorisation levels. However, this difference was not evi-
dent in women in the FS procedure or in participants of the
SF procedure. While the general analysis of Activation did
not yield significant gender differences, an interesting obser-
vation was made in men in the SF procedure, where higher
kinematic variables led to lower Activation levels. This trend
was not observed in women in the SF procedure or partici-
pants in the FS procedure. Engagement, Mental Workload,

and Valence exhibited no significant differences in any of the
procedures in any of the genders, implying that these factors
remain relatively consistent regardless of gender.

A significant gender-based difference in PQ was noted,
primarily among women in the FS procedure, where higher
kinematic variables resulted in higher PQ scores. HQ dis-
played a significant difference inwomen in the FS procedure,
with higher kinematic variables resulting in higher HQ
scores. No significant differences were found in Relia-
bility and Controllability. Perceived Usefulness exhibited
significant gender-related differences in women in the FS
procedure, with higher kinematic variables leading to higher
scores in Perceived Usefulness.

Overall, our results suggest that several factors influence
how humans interact with robots, including the robot’s speed
and acceleration, the order in which tasks are performed, and
the individual’s background and knowledge. Future research
could aim to replicate the study with a larger sample size
to increase the generalizability of the results. It would also
be valuable to extend the study to different populations or
contexts.

6.1 Future Directions

In contemplating the future trajectory of this study, several
promising avenues emerge for further exploration and refine-
ment. Firstly, it is imperative to build upon the foundational
insights gleaned from this exploratory study by conducting a
larger-scale investigation with a more extensive sample size.
This expanded study would provide greater statistical power,
enablingmore confident discernment of the observed effects’
statistical significance.

Furthermore, the findings of this study have highlighted
the importance of kinematic variables in the realm of indus-
trial HRI. The identification of the “HRI speed bell” depicted
in Fig. 21 accentuates the critical necessity of striking an
optimal equilibrium among these variables. Deviations from
this balance, whether excessive or deficient, can profoundly
impactUXduring interactionswith robots. Therefore, amore
profound inquiry into how these kinematic variables can be
precisely defined and finely tuned to optimise HRI in indus-
trial settings is warranted.

Moreover, given the potential variance in task complexity
and cognitive demands across different tasks and specific
contextual situations, a comprehensive exploration of the
variability of these variables is imperative. Future research
endeavours may thus pivot towards the development of
models and algorithms capable of dynamically regulating
these kinematic variables in real-time, contingent upon user
requirements and preferences.

In this vein, this study could serve as a precursor to the
burgeoning field of cognitive robotics [124, 125] and affec-
tive robotics [126, 127]. Cognitive robotics seeks to imbue
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robots with cognitive abilities akin to those of humans,
enabling them to perceive, reason, learn, and interact with
their environment in a manner that mirrors human cogni-
tion. By exploring the intricate interplay between kinematic
variables and UX, this study lays the groundwork for future
research aimed at developing robots that possess advanced
cognitive capabilities to adapt to the appropriate kinematic
variables based on the individual with whom they are inter-
acting.

On the other hand, the robot’s acceleration in this study
was constant, which may not fully replicate ‘human-like’
movements that typically have a variable acceleration pro-
file with minimal jerk. Future research could include such
‘humanised’ acceleration profiles on the robot. This could
lead to more natural and intuitive collaborations, offering a
more realistic representation of human–robot interactions.
This approach could potentially enhance the effectiveness
of human–robot collaborations and contribute significantly
to the field. Indeed, the robot’s acceleration in this study
was constant, which may not fully replicate ‘human-like’
movements that typically have a variable acceleration pro-
file with minimal jerk. Future research could include such
‘humanised’ acceleration profiles on the robot. This could
lead to more natural and intuitive collaborations, offering a
more realistic representation of human–robot interactions.
This approach could potentially enhance the effectiveness of
human–robot collaborations and contribute significantly to
the field.

Another compelling avenue for future investigation lies in
extending the applicability of the insights garnered from this
study to a broader spectrum of industrial contexts and spe-
cific tasks. While this study has provided valuable insights
into HRI within an assembly environment, it is essential
to acknowledge the potential divergence of challenges and
dynamics across different tasks and industries. Conducting
expansive research encompassing diverse industrial sectors,
such as logistics, electronics, food industry, or agri-food,
holds promise for enriching our understanding of HRI across
varied application domains.

Furthermore, an essential aspect for future inquiry pertains
to the structural dynamics of human–robot teams. Explor-
ing how human operators interact with multiple robots in
collaborative work settings and discerning the influence of
leadership on task perception and efficiency are critical
areas for further investigation. Addressing these questions
through case studies that simulate realistic interaction sce-
narios between humans and multiple robots in diverse roles
and responsibilities will be instrumental in advancing our
understanding of HRI dynamics.
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