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Abstract
There are many reasons for the implementation of human-robot collaboration (HRC).
HRC enables flexibility of increasingly complex production sites. In contrast to this,
the economic aim of process efficiency is threatened by workers’ fear and mistrust in
collaborative robots. Fenceless heavy-load collaborative robots have associated risks
and so under- or overtrust in automation may result in injuries. An experiment with
25 participants and a heavy-load industrial robot was conducted in a pseudo real-world
test environment. Interaction level and robot trajectory were used as within-subject
independent variables. Additionally, temporal position of first-failure was varied
between participants. Emotional experience and trust were dependent variables.
Interaction level, robot trajectory and position of the first-failure did not reveal
practical relevant effects on fear or trust. While participants showed short-term
responses to first-failure events, following scenarios were not influenced by firstfailure regarding emotional experience or trust. Overall, negative emotions were
poorly detected and trust in automation was high. These results are in line with
findings in the literature regarding overtrust in automation.
Introduction
Reasons for the implementation of human-robot collaboration (HRC) are diverse.
HRC offers new possibilities in the design of ergonomic workplaces. It is also
expected that HRC enables the flexibility of increasingly complex production
facilities (Oubari et al., 2018). Process efficiency is assumed to increase based on the
combination of robots’ repetitive accuracy and workers’ ability to solve ill-defined
problems (ISO/TS 15066, 2016). On the other hand, fenceless heavy-load robots
increase the risk of injury. Misconduct or technical problems may result in physical
contact between workers and robots. Heavy-load robots have carrying capacities up
to 500 kg and above. While moving, these robots are capable of exerting forces far
beyond the maximum permissible limits associated with the biomechanical threshold
of different body parts (see ISO/TS 15066, 2016). Therefore, ISO/TS 15066 (ISO/TS
15066, 2016) specifies strict safety regulations for HRC within shared workspaces.
However, little is known about the effectiveness of regulations on the perception of
safety by workers and their resulting behaviour. Workers could have concerns simply
because of the physical appearance of robots or specific movements. Mental strain,
such as negative emotions and mistrust, are likely to occur in these situations (e.g.
Arai et al., 2010).
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Emotions are characterised by a specific feeling as well as observable physiological
and behavioural reactions (Schmidt-Atzert, 1996). Apart from other emotions, fear as
a specific negative emotion is important in the context of HRC. Various studies have
shown that direct cooperation with a robot results in increased feelings of fear in the
workplace (Brending et al., 2016). Fear is also called state anxiety and is defined as
“transitory emotion characterised by physiological arousal and consci-ously perceived
feelings of apprehension, dread, and tension” (Endler & Kocovski, 2001, p. 2).
Behavioural reactions of fear entail bending forward and running for cover to escape
from danger (Grèzes et al., 2007). Fearful movements are character-ised by high
dynamics (McColl & Nejat, 2014). These sudden movements can lead to physical
contact between robots and workers, which may result in worker injury. It is therefore
important to study fear in the context of HRC with heavy-load robots.
HRC is only efficient if humans and robots work together to combine their particular
strengths. Therefore, another important concept associated with HRC is trust in
automation (TiA). TiA is defined as “…the extent to which a user is confident in, and
willing to act on the basis of, the recommendations, actions, and decisions of an
artificially intelligent decision aid” (Madsen & Gregor, 2000, n.p.). High trust reduces
cognitive complexity in the face of highly automated systems and mistrust leads to
rejection of automation (Lee & See, 2004). Consequently, one could infer that high
TiA is associated with an efficient robot collaboration. In contrast, it has been shown
that overtrust can also cause critical outcomes. Overtrust characterises inappropriate
trust calibration that exceeds the capabilities of the automated system. This
inappropriate trust may lead to overreliance and misuse of the system (Lee & See,
2004). Reduced situation awareness as a consequence of overtrust (Hancock et al.,
2011) may again result in physical harm of workers in the event of system automation
failure. Hancock and colleagues (2011) conclude that an appropriate level of trust that
neither includes under- or overtrust is necessary for a safe and efficient interaction of
humans and robots. Unfortunately, there has been no clear definition or specification
of this appropriate level to date.
The relationship between fear and trust in automation is insufficiently researched
(Stokes et al., 2010). Lee and See (2004) cautiously summarise that emotional
reactions seem to be a critical contributor of trust. Both constructs should therefore be
researched in context of HRC.
Various factors influence trust and emotional experience in HRC and are important
for ensuring safe and efficient collaboration. Some of the characteristics of robot
motion, such as speed, distance to robot (Arai et al., 2010; Desai et al., 2013) and
unexpected movements (Desai et al., 2013; Dragan et al., 2015), were found to be
important factors influencing people’s fear. Nevertheless, theoretical concepts of
concrete robot motion trajectories are rare. Dragan et al. (2015) suggest a distinction
between predictability and legibility of trajectory. Both are defined by human
inferences in collaborations. “Predictable motion is functional motion that matches
what the collaborator would expect, given the known goal. (…) Legible motion is
functional motion that enables the collaborator to quickly and confidently infer the
goal” (Dragan et al., 2015, p. 51). As a result, predictable motion requires know-ledge
of the robot’s target position, while legible motion enables the user to infer the goal
directly from robot’s first movements even if the target position is unknown. Legible
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robot paths were preferred by users and resulted in higher trust than predict-able
trajectories (Dragan et al., 2015). Therefore, legibility also shows the potential to
reduce negative emotions. To date, trajectories have only been examined with
lightweight robots and the transferability of results to heavy-load robots is unknown.
In general, people expect automated systems to perform well and as a result,
complacency is often observed when interacting with an automated system
(Parasuraman & Manzey, 2010). It was even possible to transfer the so-called
positivity bias found in social psychology to interactions with automated systems.
These studies have shown that people expect good performance prior to interaction,
even without any detailed information of the system (Dzindolet et al., 2003). All
automation systems still have their limitations and it is widely known that failures of
automated systems affect TiA (e.g. Parasuraman & Manzey, 2010). The concept of
first automation failure is most important in this area of research and it is also referred
to as first-failure effect (Wickens & Xu, 2002). Firstly, a reduction of trust level after
occurence of the first failure of a seemingly perfect automation is postulated.
Secondly, trust only slowly recovers and often remains on a lower, probably more
appropriate, level of trust (Lee & Moray, 1994). One reason for mixed results in firstfailure literature is attributed to prior information about system reliability. Wickens
and Xu (2002) conclude that without this prior information, a reduction of trust is
likely to occur. The first-failure effect was particularly observed in driver-vehicle
interaction with automated systems. Strong reduction in trust was found when no
information about potential system limitations was given prior to usage (Beggiato &
Krems, 2013).
Effects of failures were also observed in human-robot interaction and according to
literature in this context, even showed effects of the temporal position of failures. An
early automation failure in interactions caused a greater reduction of real-time trust
than a late event (Desai et al., 2013). Trust decreases even if system failures do not
directly contribute to system performance loss (Muir & Morey, 1996). In most
literature, failures are simulated as software conditioned automation breakdown.
People miss the occurrence of automation breakdown due to overreliance and reduced
situation awareness (see Hancock et al., 2011), resulting in performance loss. To date,
no research examining the effects of first automation failure in HRC with heavy-load
robots is known to the authors – a critical research gap. Most robot control systems
work with point-to-point movements, where trajec-tories between points are not
completely pre-programmed. System malfunctions can therefore result in varied robot
paths. Given the fact of fenceless interaction and reduced situation awareness while
working with automated systems, the risk of physical contact between robot and
worker increases. While working fenceless with heavy machines, robot hardware
malfunctions can also cause harm or at least result in fear and reduced trust from nearmisses without physical consequences.
Another increasingly important novel factor for heavy-load robots is interaction level.
Bdiwi, Pfeifer and Sterzing (2017) introduced a classification of four HRC-levels of
fenceless collaboration, structured by the specification of the shared task.
• HRC-level 1: No shared task (e.g. because of limited space)
• HRC-level 2: Shared task, no physical interaction (e.g. robot as simple “third
arm” without movement in the shared workspace)
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HRC-level 3: Shared task, “handing-over task” (e.g. robot hands over an object
or robot reacts to motion of the humans’ hand; still no physical
contact during robot movement)
HRC-level 4: Shared task, physical interaction (human forces are applied
directly on the robot)

To date, HRC-level 4 with heavy-load robots is poorly viable due to technical
inadequacy and safety reasons. Therefore, comparison of HRC-levels 1 and 3 is
desirable as they represent the most different and technical feasible levels of interaction.
HRC-level 1 is often realised with a physical barrier between the robot and worker (e.g.
an assembly table), resulting in some distance between them. In contrast, realization of
HRC-level 3 necessarily results in a low distance to the robot. Furthermore, the robot is
moving while workers are within the collaboration zone. As distance is an important
predictor of trust (see Arai et al., 2010) and robots can produce high forces, it is probable
that direct interaction with a moving robot in HRC-level 3 causes higher fear and less
trust than HRC-level 1.
Three research questions arise that should give further insight in HRC:
Research Question 1: What effect has HRC-level on fear and trust in automation with
heavy-load robots?
Research Question 2: What effect has robot trajectory on fear and trust in automation
with heavy-load robots?
Research Question 3: What effect has first-failure on fear and trust in automation with
heavy-load robots?
To study research question 1 to 3, an experiment that varied interaction level, robot
trajectory and temporal position of first-failure was designed. The experiment took
place in a novel pseudo real-world test environment realised at Fraunhofer IWU
Chemnitz.
Method
Test environment
An industrial KUKA robot (Quantec prime KR 180), classified as heavy-load robot,
was used. The subjects’ task was modelled after a real workplace from the automotive
industry. The demo-task consisted of assembling eight hook-and-pile tapes on a front
axle carrier. A flexible layout equipped with zone-based robot control (Bdiwi,
Krusche & Putz, 2017) was implemented to create two different interaction levels (see
Figure 1). In both interaction levels, participants remained at an equal distance from
the robot outside of the collaboration zone while the robot moved with a speed of 1000
mm/s.
• HRC-level 1 was realised by placing an assembly table in a robot cell that acted
as physical barrier. Therefore, the subjects had no physical contact or interaction
with the robot. A certified gripper for front axle carriers was unavail-able as the
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specific workplace with HRC does not currently exist in the real-world (the task
is done with a handling device instead). To overcome this limitation, the robot
never put the component down onto the table. The robot only simulated
placement of the component on the table as well as its storage. To enable the
assembly task, one front axle carrier was lying on the table and another was fixed
to the robot flange all the time (see Figure 1 left and middle).
In contrast, HRC-level 3 was realised by direct assembly at the front axle carrier,
located at the robot flange. Additionally, subjects were able to adjust the
assembling height through camera-based gesture control (Bdiwi, Pfeifer &
Sterzing, 2017) for better ergonomics. A vision sensor tracked the palm of the
subject’s hand and the robot arm reacted to upward or downward hand movements accordingly. Thus, subjects were able to control the robot directly at a
minimum distance but without physical interaction. It should be mentioned that
gesture control showed some unintended problems during a few of the trials.

Figure 1. Real scenario (left), comparison of HRC-level 1 (middle) and HRC-level 3 (right).
Pictures taken from participants’ view in a virtual environment. In HRC-level 1, the robot
moved to a waiting position after simulated placing of front axle carriers on the table (see
middle).

Both interaction levels contained the same two explorative robot trajectories (see
Figure 2). Based on Dragan and colleagues (2015), we defined a legible trajectory
“from side” (below head-level, robot arm stretched to side) and a predictable
trajectory “from above” (above head-level, robot arm angled, downward movement
to the assembly position).

Figure 2. Comparison of trajectories “from side” (row 1 and 3) and “from above” (row 2
and 4) over time in front and aerial view. After storage of the front axle carrier at the right
position of the pictures, the robot returned 270° for the admission of the next component.

The robot system was capable of simulating a system failure. Because of safety
requirements, sudden unexpected or abrupt movements of the robot were not included.
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Instead, failure was implemented as the opening of a compressed air valve, resulting
in an abrupt and loud noise to simulate hardware technical failure. For participant
safety, failure occurred at the beginning of the subjects’ assembly task, when the robot
had already stopped moving.
Due to safety requirements, participants were objectively located outside of the robot
cell at all times whilst the robot was moving with high speeds of 1000 mm/s. To still
maintain realistic perception, the cell was visually enlarged by boundary lines on the
ground and partition walls.
Sample
Twenty-five subjects participated in the experiment. Participants’ mean age was 30.2
years. Fifteen participants were male, ten were female. The sample was characterised
by a medium to high affinity for technology. Two thirds of the participants had
previously interacted with an industrial robot. One third of all participants worked at
the time or had worked in the production industry before. Participants received
financial compensation for their participation.
Experimental design
A 2 (interaction level) x 2 (robot trajectory) x 2 (temporal position of failure) mixeddesign was applied. Interaction level (HRC-level 1 vs. 3) and trajectory (“from above”
vs. “from side”) were within-subject factors. Position of system failure (“early” - after
part 1 vs. “late” – after part 2 of the experiment) was conducted as a between-subject
factor. All participants completed two parts of experiment that were determined by
the interaction level and randomised across participants. Each interaction level started
with a baseline assessment as the zero reference. Participants practiced the assembly
task but without movement of the robot (in accordance with Bortot et al., 2013). After
each baseline, the trajectory was varied in a randomised order within each interaction
level. The experimental design resulted in seven scenarios that occurred in partly
randomised order within test blocks 1 to 7 (see Table 2 for two exemplary orders).
Table 2. Exemplary experimental variations
Test block (temporal position)
1
2
3
4
5
6
7

Subject A
Baseline HRC level 1
HRC level 1: from side
HRC level 1: from above
Baseline HRC level 3
HRC level 3: from above
HRC level 3: from side
Late Failure Scenario (HRC 3)

Subject B
Baseline HRC level 3
HRC level 3: from side
HRC level 3: from above
Early Failure Scenario (HRC 3)
Baseline HRC level 1
HRC level 1: from side
HRC level 1: from above

Measurements
Control variables (pre-survey). Demographic information such as sex, age, as well
as experience with industrial robots and production work, was captured in a presurvey. Additionally, trait anxiety (STAI-T; Spielberger, 1989; α = .80) and Affinity
for Technology Interaction (ATI; Franke et al., 2018; α = .92) were assessed.
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Outcome measures (post-scenario). Outcome measures were assessed after each of
the seven scenarios/test blocks. Mean Cronbach’s alphas over all seven test blocks are
given in brackets. The STAI-S (Spielberger, 1989; α = .90) was assessed to measure
state-anxiety. TiA was measured via German translation (Pöhler et al., 2016) of the
Jian-Scale. Pöhler and colleagues suggest using two distinct scales; trust and mistrust.
Exploratory factor analysis revealed superiority of a two-factor model in all seven test
blocks (varimax rotation; see Table 1). Reliability for the factor trust (6 items)
revealed an α = .90 and for the factor mistrust (5 items) α = .80.
Table 1. Exemplary fit-indices of two competing factor-models modelling Jian-Scale for
baseline 1
RMSA
TLI
RMSEA
BIC
χ²
df
χ²/df
1-factor
.11
0.728
.21
-70.67
70.96
25
2.84
model
2-factors
.06
0.921
.15
-69.68
39.76
25
1.59
model
Note. RMSA = root mean square of the residuals; TLI = Tucker Lewis Index; BIC = Bayesian
information criterion.

Procedure
In advance, subjects were informed about the procedure of the experiment through
participant information. After the subjects were welcomed, an informed consent was
signed and they filled in a pre-survey on a touchscreen tablet. Subsequently, subjects
watched two videos as a cover story (enlargement of existing workplace through
HRC). Video1 showed the real workplace with handling device and Video 2 showed
an exemplary robot movement in our test environment to lower tenseness of
participants. Afterwards, subjects were instructed about the assembly task.
Participants were told that they were only allowed to leave their start position, and
consequently enter the collaboration zone, if the robot stopped moving. They learned
the gesture control of the robot for HRC Level 3. Following this, subjects went
through seven test blocks (2 baselines, 5 experimental conditions), each lasting around
two minutes and containing three assembly cycles. The test blocks were followed by
short post-scenario surveys to measure outcomes via touchscreen tablet.
Data Analysis
Statistic Software R (R Core Team, 2018) was used for data analysis. Due to small
group sample sizes and non-symmetric distribution of data, nonparametric data
analysis was applied. If not specified otherwise, the Wilcoxon Signed-Rank Test was
used. The nonparametric effect size, r, was calculated according to Tomczak and
Tomczak (2014).
For simplification of results, failure scenarios of HRC-Level 1 and HRC-Level 3 were
combined as these did not reveal significant differences between scenarios in outcome
measures. For group comparisons, relative values of outcomes were calculated by
subtraction of participants’ first baseline assessment to control for basic differences
of groups.
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Results
Overall results
State-anxiety was low across conditions. The highest difference in means was
between scenario “HRC-level 1/from side” (M = 27.49) and “HRC-level 3/from side”
(M = 32.69). The value of the failure scenario was in between (M = 29.94).
Accordingly, Friedman’s Rank Sum Test showed a significant effect across five
experimental conditions (baselines left out; χ² = 12.54, p = .014).
The baseline (BL) of HRC-level 1 showed higher state-anxiety in comparison to both
experimental conditions of HRC-level 1 (.010 ≤ p ≤ .074), resulting in small effect
sizes (.253 ≤ r ≤ .364). There was no significant difference in baseline (BL) of HRClevel 3 compared to experimental conditions of HRC-level 3.

Figure 3. State-anxiety across scenarios (BL = baseline).

Trust was high across all scenarios with means ranging between M = 5.11 (scenario
“BL HRC-level 2”) and M = 5.90 (scenario “HRC-level 1/from side”; see Figure 4).
Accordingly, results for mistrust (same scale range as trust) showed low means across
scenarios ranging between M = 2.33 and M = 3.02. For both trust and mistrust,
significant differences to baseline occurred only in HRC-level 1 with medium effect
sizes (.502 ≤ r ≤ .531). Friedman’s Test showed a significant effect across five
experimental conditions for both trust and mistrust (baselines left out;
χ² = 19.49/17.35, p < .001).
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Figure 4. Trust across scenarios (BL = baseline).

Effect of HRC-Level
Mean state-anxiety was marginally higher in HRC-level 3 than in HRC-level 1 (see
Figure 3). Paired comparisons of HRC-levels did not show significant differences in
trajectory “from above” (Z = -1.05, p = .294, r = .148, |Mdiff| = 2.17). In contrast, for
trajectory “from side”, HRC-level 3 resulted in significantly higher state-anxiety with
medium size of effect (Z = -2.60, p = .009, r = .367, |Mdiff| = 5.20).
Figure 4 shows differences of means for HRC-levels regarding trust. As so, for
trajectory “from above”, trust was significant lower in HRC-level 3 than in HRC-level
1 (Z= -2.45, p = .014, r = .347, |Mdiff| = 0.59). Similar results were found for trajectory
“from side” (Z= -3.35, p < .001, r = .474, |Mdiff| = 0.75), and adequately for mistrust,
where mistrust was higher in HRC-level 3 than in HRC-level 1.
Effect of robot trajectory
Mean state-anxiety was marginally higher for trajectory “from side” in comparison to
“from above” (see Figure 3). Paired comparisons of trajectories did not show
significant differences in HRC-level 1 (Z = -0.46, p = .648, r = .065, |Mdiff| = 0.40) or
HRC-level 3 (Z = -1.38, p = .167, r = .195, |Mdiff| = 2.63).
Figure 4 shows no differences in trust between trajectories. Accordingly, paired
comparisons of trajectories did not show significant differences in HRC-level 1
(Z = -1.01, p = .313, r = .143, |Mdiff| = 0.07) or HRC-level 3 (Z = -0.62, p = .532,
r = .088, |Mdiff| = 0.08). Similar results were found for mistrust.
Interaction of HRC-level and robot trajectory
Figure 5 shows interaction plots of HRC-level and robot trajectory for state-anxiety
and trust. The interaction plot for mistrust is very similar to the interaction plot of
trust. Visually, an interaction effect for state-anxiety is probable while there is no
effect for trust. Trajectory seems to be irrelevant in HRC-level 1. In contrast, trajectory
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“from side” compared to “from above” seems to result in higher state-anxiety in HRClevel 3. The general linear model shows no significant interaction effect of HRC-level
and robot trajectory regarding state-anxiety (F = 1.65, p = .211).

Figure 5. Interaction plots for state-anxiety (left) and trust (right).

Effect of first failure
To analyse effects of first-failure, a dataset sorted chronologically (in comparison to
a dataset sorted by scenarios) was used. The dataset was divided into groups
experiencing “early failure” (after first part) and “late failure” (at the end of the
experiment). After automation failure occurence, two trends are predicted:
• increased state-anxiety and decreased trust for following test blocks within group
“early failure” and
• increased state-anxiety and decreased trust in group “early failure” in comparison
to according test blocks in group “late failure”.
Figure 6 shows the results for state-anxiety for both temporal positions of failure.
Mean state-anxiety was not increased after failure occurrence in group “early failure”.
Also, state-anxiety in test blocks following failure scenario in group “early failure”,
was not higher than according test blocks in the group “late failure”. Overall, the trend
in Figure 6 suggests a decrease of state-anxiety with the time of interaction. Only late
system failures resulted in an increase of state-anxiety compared to the test block
preceding the failure scenario. Still, state-anxiety in the failure scenario was lower
than in baseline 1 for both groups.

Figure 6. Effect of first automation failure on state-anxiety for two temporal positions of
failure. Means are relative values to test block 1 of participants.

Figure 7 shows results of trust for both temporal positions of failure. Mean trust is not
reduced after failure occurrence. In contrast, mean trust following automation failure
is slightly reduced in comparison to group “late failure”. Overall, Figure 7 also
suggests a slight increase of trust over time of interaction. Early failure only slightly
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reduced trust while late failure resulted in a strong decrease of trust compared to the
previous test block.

Figure 7. Effect of first automation failure on trust for two temporal positions of failure.

Discussion
Overall, the effect of interaction level was found to be inconsistent with expectations
for state-anxiety, and consistent for trust. It is also possible that technical problems
with gesture control in the test environment could have influenced the effect of HRClevel on trust and mistrust. Questionnaire items of trust and mistrust included
statements about system functionality. Here, gesture control malfunctions may have
confounded ratings of trust and mistrust in HRC-level 3. Although the effect of HRClevel on trust was significant, the practical implication of the absolute differences in
means is questionable.
Results for robot trajectory are not in line with the findings of Dragan and colleagues
(2015). It is possible that our definitions of legible and predictable trajectory differ
from these researchers. Another possible explanation is general transferability. At
similar speeds, lightweight robots span smaller distances than heavy-load robots. This
leads to reduced time for mental anticipation and processing of lightweight robot
trajectories. It can be concluded that difference in legibility and predictability may
have less relevance, for both state-anxiety and trust, in the case of heavy-load robots.
With regards to the effects of the temporal position of first-failure on state-anxiety
and trust, the fact of small group sample sizes should be considered. Therefore,
random effects may have caused the differences in results between both groups. In
general, relative deviations from baseline 1, shown in Figure 6 and 7, are small. Stateanxiety levels remained low and trust levels remained high, which further supports
research on positivity bias and overreliance on automation.
Limitations of experimental design
The experimental design allowed systematic variation of different independent
variables. As expected, limitations with regard to the transferability of experimental
results for real-world industrial settings, exist. Firstly, the assembly task was designed
without time constraints. It is probable that pressure due to time constraints would
influence emotional experiences of the subjects (e.g. Cœugnet et al., 2013).
Additionally, the scenario-based design impedes the subjective experience of
workflow and this may lower emotional attachment and presence in the situation.
Each scenario/test block lasted only about two minutes, and due to post-scenario
surveys, subjects may have been aware of experimental variations and expected some
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manipulation. Experimental manipulations should therefore be better researched
without scenario pausing to create assembly flow.
As previously mentioned, the missing certified gripper required that front axle carriers
could not be placed on the assembly table in HRC-level 1. This could again result in
the perception of an artificial situation. Unintentional background noises occurring in
the research factory of Fraunhofer IWU may have influenced subjects’ perception of
the intended experimental system failure. This could have lowered the effect of system
failure. Specific emotions other than fear should also be examined in further research.
Participants were located outside of the production cell when the robot was moving.
Results should be confirmed with subjects remaining inside the collaboration zone.
Finally, participants of the study were young and had an affinity for technology.
Effects of age on emotional experience and trust when working with heavy-load
robots could not be assessed with this sample.
Conclusion
The aim of this paper was to study the effects of HRC-level, robot trajectory and
temporal position of first-failure on emotional experience and trust, while working
with a heavy-load industrial robot. An experiment in a pseudo real-world test
environment was therefore designed. Inconsistent effects of HRC-level were found
for state-anxiety. In contrast, effects due to trust were in line with expectations. Trust
was lower in HRC-level 3, characterised by direct interaction between the human and
the robot. Unfortunately, this effect may have been confounded by technical system
functionality. Therefore, the effects of HRC-level remain unclear. The present study
was not able to transfer results regarding effects of trajectory (Dragan et al., 2015) to
heavy-load robots. No differences regarding state-anxiety and trust were found
between a novel designed legible (“from side”) and predictable (“from above”) robot
path. First insights for transferability of first-failure effect (Wickens & Xu, 2002) to
HRC with heavy-load robots were found. Although some of the observed effects were
significant and resulted in medium effect sizes, the observed absolute differences in
means between scenarios or test blocks were rather small. In accordance with Schäfer
and Schwarz (2019), we concentrate on observed absolute deviations. It is clear that
robot movements and their determinants like HRC-level and system failure are
important factors for consideration in workplace design, especially for anxious
individuals. Still, the present study did not show practical relevant effects on
emotional experience and trust in automation.
It was found that state-anxiety decreases, and trust increases over time of interaction.
In combination with the overall low levels of state-anxiety and high levels of trust,
these results are in line with the literature regarding overtrust effects in automation
(see e.g. Lee & See, 2004; Dzindolet et al., 2003). Overreliance and overtrust can
result in injuries while working with heavy-load robots. Consequently, research on
the strategies to maintain situation awareness and sensitisation for limitations of
automation is important to reduce overtrust-effects and to ensure workplace safety.
Additionally, effects of reduced situation awareness and overtrust on process
efficiency should be examined.
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