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Abstract - Human-robot collaboration is becoming increasingly prevalent in industrial
environments, raising important questions about how future engineers perceive and adapt to
working alongside collaborative robots. While technical safety measures are well studied, less
attention has been given to the psychological and organizational factors that shape readiness for
such interaction, particularly among students who will soon enter the workforce. This study
investigates how robotics students perceive risk, trust robotic systems, and express their intention
to adapt to collaborative work scenarios. The main objective is to understand the relationships
between perceived risk, trust in the robot, expected organizational support, and confidence in
learning, and how these factors influence adaptation intentions. A structured survey-based
methodology was employed, using a scenario-driven questionnaire administered to students
enrolled in a robotics program. The collected data were analyzed using standard statistical
techniques to evaluate internal consistency, relationships between variables, and predictive models
of adaptation intention. The findings indicate that students generally show a positive attitude
toward human-robot collaboration, with strong expectations regarding safety support and a
willingness to adapt. Trust in the robot, confidence in personal learning ability, and expectations of
organizational support emerge as key factors associated with adaptation. Perceived risk does not
act solely as a barrier, suggesting that awareness of risk can coexist with readiness to engage in
collaborative environments. These results are relevant for universities, educators, and industry
stakeholders, as they highlight the importance of integrating not only technical training but also
trust-building, safety communication, and confidence development into engineering education to

better prepare future professionals for collaborative robotic systems.

Keywords: Human-robot collaboration, Cobots, Robotics students, Risk perception, Trust in
robots, Safety climate, Adaptation intention, Automation, Engineering education.

1. Introduction

Collaborative robots (cobots) are now used in many
industrial settings. In these settings, people and
robots may work in the same area and share tasks.
This can help productivity, but it also brings new
safety questions and new worries for people. Many
recent papers show that safety in human-robot
collaboration is not only about hardware. It is also
about how the whole system is planned, how tasks
are set, and how people are trained and supported
[1-7].

A key topic is how safe people feel. A company may
follow safety rules and still face problems if workers
do not feel ready. One paper proposes checking
“safety readiness” before a cobot is introduced, so
the organization can see if it is prepared (rules,
training, awareness, and routines) [2]. Recent
reviews also describe many safety approaches for
close human-robot work, including how to think
about contact risks and how to reduce them [4-7].
Other studies also show how functional safety design
can be linked to risk thinking in a clear framework
for HRC applications [3].
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Another key topic is trust. Trust helps people
decide when to rely on a robot and when to stay
careful. A recent review explains that “trust” is not
one simple thing. It depends on the person, the
robot, and the context [8]. This matters in practice. If
trust is too low, people may avoid the robot and feel
stress. If trust is too high, they may become careless.
Studies also show that trust can change with task
complexity and with how the robot behaves during
cooperation [9]. In manufacturing, some work links
trust to how communication is organized in human-
robot systems [10]. Other work also tries to simplify
how we think about trust in robots, so it is easier to
measure and compare across settings [11].

At the same time, engineering research shows
how close technology is getting to the human side.
Several recent works explore brain-computer
interface (BCI) systems that translate brain signals
into text and improve word prediction in English and
Romanian [12]. Other studies show BCI ideas used in
assistive systems, such as lower-limb prosthetics
[13] and bionic leg prosthesis behavior [14]. BCI is
also used for real-time control in home automation
[15,16]. These studies are not about factory cobots
directly, but they show a clear direction: systems
increasingly connect with human signals, human
decisions, and human comfort [12-16].

Robotics research also moves toward more
natural ways to control robots. Vision-based hand
tracking can be used to teleoperate a robotic arm,
which can make control feel more direct and more
human-friendly [15,16]. Motion quality can also
affect comfort. For industrial robots, trajectory
smoothness (for example geometric continuity) can
change speed and vibration patterns, which can
influence how the motion “feels” to a person who
works nearby [17]. These technical details can shape
people’s trust and perceived risk, even if people do
not describe them in engineering terms [16,17].

Modern automation also depends on data and
software tools. In production, computer vision can
help detect defects and support quality control, such
as detecting imperfections linked to 3D printing
settings [18]. In research and decision making, the
way we build models also matters. A study
comparing interpolation and extrapolation methods
shows that prediction results can change depending
on the method and the data range [19]. Other
decision tools rank options in complex problems,
such as ranking photovoltaic waste recovery options
with multi-criteria methods [20]. Software systems
also support digital infrastructure and user access,
such as monitoring network traffic and enabling
access to region-locked services [21]. Mechanical
testing and validation remain important too, because
many automated systems depend on reliable
materials and structures [22]. Together, these
examples show a wide pattern: automation is not
only about robots. It is also about data, software,

decisions, and engineering validation [18-23], [39-
43].

Education is part of this same digital shift. Some
work proposes inclusive learning platforms that use
gesture recognition and local Al models, designed to
work offline and support different learners [24,25].
Other papers discuss learning personalization
through software tools [26] and using machine
learning to predict student performance and help
educational decisions [27]. Trust appears in
education too. One study shows that students’
willingness to allow educational data use depends
strongly on trust and governance [28]. So, “trust” is
not only a robot topic. It is also a student and
learning topic [27,28].

Recent work also looks directly at students’
digital life and well-being. One study explores digital
engagement and psychological well-being among
technical university students [29]. Other papers
discuss how Al tools can influence students’
academic development and learning practices
[30,31]. Because Al use is growing fast, some authors
also argue that ethics and safe use should be part of
technical training, using practical modules and
simple learning designs [15,32]. Other student-
focused topics also matter, such as inclusive
attitudes [33], habits that can harm long-term
learning and sustainability (like perfectionism and
workaholism) [34], time management in the
technology era [35,36], and learning lessons about
data protection after the pandemic [15,37,38].
Together, these studies show that students already
live in a world where technology, trust, and well-
being are connected [29-38].

This leads to a simple gap. Many HRC studies
focus on employees, factory pilots, or lab tasks with
sensors. But robotics students will soon design
systems, manage projects, and work near cobots.
Their beliefs matter because they can shape future
practice. If students expect clear rules and good
training, they may feel more ready. If they feel high
risk and low trust, they may resist or feel stress. For
this reason, it helps to study students in a simple
way, with low cost and no special equipment.

In this article, we add value in three ways. First,
we focus on robotics students who are not employed,
so we capture expectations before real workplace
exposure. Second, we study both psychological
factors (trust in the robot, confidence to learn) and
organizational factors (expected procedures,
training, and management focus on safety) [2,8,27-
30]. Third, we explore how perceived risk, trust,
expected safety support, and confidence to learn are
linked to adaptation intention. This student-focused
view can help universities and future employers plan
better training and communication before students
become workers and decision makers.
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2. Survey Design and Measures

This section explains how we collected the data and
how we prepared it for the JASP v0.19.3 analyses
described in the Abstract. It is written to be easy to
follow and easy to repeat.

2.1. Study Design

We used a short, anonymous online survey. The
survey asked students to imagine a simple human-
robot collaboration (HRC) situation with a
collaborative robot. The scenario was the same for
all participants.

All questions were set as Required, so the dataset
has no missing answers.

2.2, Participants

The survey was shared with students from the
FIIR Robotics program (Year 3 and Year 4).

We received 105 submissions. Four respondents
selected ‘No’ for the FIIR Robotics program question,
so we excluded these cases. The final sample was N =
101.

Employment status was also recorded, because
we wanted to understand if students already had
work exposure (72 out of 101 reported they were
not employed). Basic sample characteristics are
reported in Table 6.

Because this is a student survey, the results
reflect expectations and beliefs, not real factory
experience.

2.3. Questionnaire Structure

The questionnaire had 19 questions in total:

e 6 background questions: program, year of study,
employment status, gender, age group, and prior
exposure to robots (lab/demo/course project).

e 1 short scenario text about working near a cobot
in an industrial cell.

e 12 main items grouped into four short scales (3
items each).

e 1 extra item about general confidence to learn to
work with a cobot.

All scale items used a 7-point agreement scale (1
= strongly disagree to 7 = strongly agree).

2.4. Measures and Scoring

We used four main constructs and one control
item:
e TRUST (Trust in the robot): 3 items (predictable
behavior, safe task performance, easy to
anticipate).

e ORG (Expected safety support): 3 items (clear
procedures, adequate training, management puts
safety over speed).

e RISK (Perceived risk): 3 items (risk of accidents,
worry about unexpected moves, feeling
threatened).

e ADAPT (Adaptation intention): 3 items
(willingness to work regularly, ability to adapt,
acceptance of workflow changes).

e SELFCONF (Confidence to learn): 1 item (overall
confidence to learn to work effectively with a
cobot).

For TRUST, ORG, RISK, and ADAPT we computed

a mean score (average of the 3 items). Higher scores

mean “more” of that concept. No items were reverse-

coded.

2.5. Data Preparation and Analysis Plan
(JASP)

Responses were exported from Google Forms as a
CSV file. Because all questions were required, we did
not need missing-data imputation. We treated the 1-
7 scale as numeric for analysis.

We used the following analyses in JASP:

e Reliability (Cronbach’s alpha and McDonald’s
omega) for TRUST, ORG, RISK, ADAPT

e Correlations between TRUST, ORG, RISK, ADAPT,
and SELFCONF.

e One regression model predicting ADAPT (TRUST,

ORG, RISK, SELFCONF).

e Group differences by employment status (Welch'’s
t-test).

e Hierarchical regression (R* change) to show what
each block adds.

The next section reports these JASP results in a
clear way, with a small number of tables.

3. Results
3.1. Internal Consistency (Cronbach’s alpha
and McDonald’s omega)

We checked the internal consistency of the four
multi-item scales (3 items each): TRUST, ORG, RISK,
and ADAPT. We report Cronbach’s alpha (a) and
McDonald’s omega (w), with 95% confidence
intervals.

Overall, the scales showed acceptable internal
consistency (see Table 1). TRUST had a = 0.757 and
w = 0.764. ORG had a = 0.769 and w = 0.795. RISK
showed the highest reliability (a = 0.822; w = 0.825).
ADAPT had a = 0.741 and w = 0.765. Item-rest
correlations were moderate to high for all items,
which suggests that each item fits well with its scale.
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Table 1. Internal consistency of the study scales (N = 101)

Scale Items ?Cronbach) 95% CI for o ((oMcDonal d) 95% CI for w
TRUST | 3 0.757 [0.649,0.864] | 0.764 [0.684, 0.843]
ORG 3 0.769 [0.659,0.880] | 0.795 [0.728, 0.861]
RISK 3 0.822 [0.751,0.892] | 0.825 [0.767,0.884]
ADAPT | 3 0.741 [0.596,0.886] | 0.765 [0.684, 0.846]

Note: Note. a = Cronbach’s alpha; w = McDonald’s omega.

Table 1 shows that all four scales are consistent.
This means the three items in each scale “go
together” well. RISK has the highest reliability (o =
0.822; w = 0.825), so students answered those risk
items in a very stable way. TRUST and ORG are also
strong (a around 0.76-0.77).

ADAPT is acceptable (o = 0.741), which is normal
for short 3-item scales. Overall, these results support
using the mean scores for the next analyses.

We also present a simple visual summary of scale
reliability. Figure 1 shows Cronbach’s alpha values
for the four study scales.

Cronbach_alpha

0.85

0.8

0.75 I
0.7

TRUST

ORG

RISK ADAPT

Figure 1: Cronbach’s alpha values for the study scales (N = 101)

3.2. Correlations Between

Variables

Study

We examined Pearson correlations between the
main scale scores (TRUST, ORG, RISK, ADAPT) and
the control item SELFCONF. The results are shown in
Table 2.

TRUST was strongly and positively related to
ORG (r=0.535, p <.001).

TRUST was also positively related to ADAPT (r =
0.492, p < .001) and to SELFCONF (r = 0.377, p <
.001). ORG had a positive correlation with ADAPT (r
=0.527, p <.001) and with SELFCONF (r=0.478, p <
.001). RISK showed small negative correlations with
TRUST and SELFCONF, but these were not
statistically significant (p =.061 and p =.104). RISK
was not related to ADAPT (r = 0.084, p = .404).

Table 2. Pearson correlation matrix (N = 101)

Variable TRUST ORG RISK ADAPT SELFCONF
TRUST —

ORG 0.535%** | —

RISK -0.187 -0.048 —

ADAPT 0.492%** | 0.527*** | 0.084 —

SELFCONF | 0.377*** | 0.478*** | -0.163 0.517*** | —

Note: Pearson’s r values are shown. ***p <.001

Table 2 shows a clear pattern. Students who trust
the robot more also expect stronger safety support
from the organization (TRUST-ORG r = 0.535).
Students also report higher adaptation intention
when they have higher TRUST (r = 0.492), higher

ORG (r = 0.527), and higher SELFCONF (r = 0.517).1n
simple words, readiness to work with a cobot is
linked more to trust, support, and confidence than to
fear. RISK has almost no relation with ADAPT in the
simple correlation (r = 0.084). This means risk
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feelings alone do not explain willingness to adapt
when we look at only one link at a time.

To make the correlation results easier to read, we
also show the main correlations with ADAPT in a
simple chart. Figure 2 summarizes how TRUST, ORG,
RISK, and SELFCONF relate to adaptation intention.

r_with_ADAPT

0.6
0.5
0.4
0.3
0.2
0.1

0 [

TRUST ORG RISK SELFCONF

Figure 2: Pearson correlations with adaptation
intention (ADAPT) (N =101)

3.3. Regression Model Predicting Adaptation
Intention (ADAPT)

We ran one linear regression model to predict
adaptation intention (ADAPT) using TRUST, ORG,
RISK, and SELFCONF as predictors (see Table 3). The
model was statistically significant (F(4, 96) = 19.525,
p < .001) and explained 44.9% of the variance in
ADAPT (R? = 0.449; Adjusted R? = 0.426).

All four predictors had positive effects in the
model. Higher TRUST was linked to higher ADAPT (3
= 0.283, p = .003). Higher expected safety support
(ORG) was also linked to higher ADAPT (3 = 0.225, p
= .022). Perceived risk (RISK) showed a small
positive effect (f = 0.202, p = .011). SELFCONF had
the strongest effect (§ = 0.336, p <.001).

Collinearity was not a concern: VIF values were
low (1.059-1.619).

Table 3. Linear regression predicting adaptation intention (ADAPT) (N = 101)

Predictor B SE B t p VIF

TRUST 0.252 0.082 0.283 3.066 0.003 1.483
ORG 0.208 0.089 0.225 2.335 0.022 1.619
RISK 0.134 0.052 0.202 2.593 0.011 1.059
SELFCONF 0.334 0.088 0.336 3.806 <0.001 1.355

Note: B = unstandardized coefficient; SE = standard error; § = standardized coefficient; VIF = variance inflation factor

For model fit it was obtained: R* = 0.449;
Adjusted R* = 0.426; RMSE = 0.847; F(4,96) =
19.525, p <.001.

Table 3 shows the combined picture, when all
predictors are considered at the same time. The
model explains about 45% of the differences in
ADAPT (R* = 0.449). SELFCONF is the strongest
predictor (B = 0.336), followed by TRUST (8 = 0.283)
and ORG (B = 0.225). This means confidence to learn,
trust, and expected safety support are key drivers of
adaptation intention. RISK becomes a small positive

Beta

0.4

0.3
0.2
0.1

0

SELFCONF

TRUST

predictor in the regression ( = 0.202), even though
it was not related to ADAPT in Table 2.

This can happen when other variables (TRUST,
ORG, SELFCONF) are controlled. It suggests that “risk
awareness” may coexist with readiness, rather than
reducing it.

To show the regression results in a simple way,
we also plotted the standardized coefficients. Figure
3 shows which predictors have the strongest links
with ADAPT when all predictors are considered
together.

ORG

RISK

Figure 3: Standardized regression coefficients (f5) predicting ADAPT (N = 101)
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3.4. Group Differences by Employment
Status (Independent Samples t-test)

We compared students who reported being
employed (Yes) versus not employed (No) on the
main study variables. Because group sizes differ (No
=72; Yes = 29), we report Welch's t-test results. The
results are shown in Table 4.

Students who were not employed reported
higher TRUST and higher ADAPT. TRUST was higher
in the non-employed group (Welch t = 2.235, p =
0.030, d = 0.495). ADAPT was also higher in the non-
employed group (Welch t = 3.194, p = 0.003, d =
0.754).

Differences for ORG, RISK, and SELFCONF were
not statistically significant (p > 0.05).

Table 4. Group differences by employment status (Welch’s t-test)

_ Not employed Employed (n = '
Variable S-nS]=) 72) Mean 29) Mean + SD Welch t df p Cohen’s d
TRUST 5.625 +1.215 5.011 +1.261 2.235 50.092 0.030 0.495
ORG 6.037 £ 1.150 5.839 + 1.356 0.692 45.086 0.492 0.157
RISK 4.000 + 1.730 4.379 + 1.547 -1.077 57.529 0.286 -0.231
ADAPT 5.977 £ 0.918 5.115 +1.331 3.194 39.190 0.003 0.754
SELFCONF 6.347 +1.023 6.103 + 1.345 0.879 41.669 0.385 0.204

Note: Welch’s t-test is reported due to unequal group sizes. Cohen’s d describes effect size (around 0.2 small, 0.5 medium, 0.8

large).

Table 4 suggests that work exposure may change
how students think about HRC. Students who
already work report lower trust and lower
willingness to adapt to cobot work. The difference in
TRUST is around a medium effect (d = 0.50), and the
difference in ADAPT is medium-to-large (d = 0.75).
At the same time, both groups expect similar safety
support (ORG), and they report similar confidence to
learn (SELFCONF).

This can mean that employed students are not
“less capable”, but they may be more cautious or
more realistic about workplace risks and change.

To make the employment-group differences
easier to see, we also show the group means for
TRUST and ADAPT in a chart. Figure 4 summarizes
the main differences between employed and not
employed students.

Group differences

w

6 .
4 .

Not_employed

Employed

BTRUST mADAPT

Figure 4: Group differences by employment status for TRUST and ADAPT (N = 101)

3.5. Hierarchical Regression (R? change)

We ran a hierarchical regression to see how each
block of predictors improves the prediction of
adaptation intention (ADAPT). We added the
predictors step by step: first TRUST and SELFCONF
(Model My), then ORG (Model M1), and finally RISK
(Model M3). The results are shown in Table 5.

Model MO explained 37.0% of the variance in
ADAPT (R? = 0.370, p < .001). When we added ORG
in Model M;j, the explained variance increased by
4.0% (AR? = 0.040, p = 0.012). When we added RISK
in Model My, the explained variance increased by
another 3.9% (AR? = 0.039, p = 0.011). The final
model (M) matched our main regression model and
explained 44.9% of ADAPT (R? = 0.449; Adjusted R?
=0.426).
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Table 5. Hierarchical regression predicting ADAPT (N = 101)

Predictors 2 . 2 2 F change
Model added R Adjusted R® | RMSE AR (df1, df2) p
TRUST,
MO SELFCONF 0.370 0.357 0.896 0.370 28.820 (2,98) | <.001
M1 + ORG 0.410 0.392 0.871 0.040 6.515 (1, 97) 0.012
M2 + RISK 0.449 0.426 0.847 0.039 6.725 (1, 96) 0.011
Table 5 shows a simple message. First, most of R?
the prediction comes from personal factors: trust in
0.5

the robot and confidence to learn already explain
about 37% of adaptation intention. Then, expected
safety support (ORG) adds a smaller but clear extra
part (+4%). This suggests that students’ readiness is
not only “inside the person”. It also depends on what
they expect from an organization, like training and
clear procedures. Finally, perceived risk (RISK) adds
another small part (+4%). This means risk
awareness still matters, but it is not the main driver.
Overall, the strongest base is trust and confidence,
and the other factors refine the picture.

We also present a visual summary of the
hierarchical models. Figure 5 shows how the
explained variance (R?) increases from MO to M2 as
new predictors are added.

0.4

0.3

0.2

0.1

0
MO M1 M2

Figure 5: Increase in explained variance (R?) across
the hierarchical regression models (N = 101)

3.6. Sample Characteristics (Descriptive
Statistics)

We summarized the background variables using
frequency tables. All variables had 101 wvalid
responses and 0 missing values. The sample
characteristics are shown in Table 6.

Table 6. Sample characteristics (N = 101)

Variable Category n %
Year 3 48 47.5
Year of study

Year 4 53 52.5
Not employed 72 71.3

Employment status
Employed 29 28.7
Female 21 20.8
Gender Male 77 76.2
Prefer not to say 3 3.0
20-21 39 38.6
Age group 22-23 59 58.4
24+ 3 3.0
Yes 100 99.0

Prior robot exposure
No 1 1.0

Table 6 shows a balanced split between Year 3
and Year 4 students. Most respondents were not
employed, which supports our aim to capture
student expectations rather than daily work
experience. The sample was mainly male, which is
common in many robotics programs. Most students
were in the 22-23 age group, which fits the expected
age for these study years.

Almost all students reported prior robot
exposure in labs or course activities. This very high
exposure rate (99%) may help explain the high
average confidence to learn and high adaptation
intention reported later in the Results.

We also show a simple visual summary of the
sample composition. Figure 6A presents the number
of respondents by year of study.
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n
54
52
50
48
©m
44
Year 3 Year 4

Figure 6A.: Sample distribution by year of study
(N=101)

Figure 6B shows the number of respondents by
employment status.

n
80
60
40
20 _
0
No Yes

Figure 6B: Sample distribution by employment status
(N=101)

4. Discussion

This study looked at how robotics students think
about working with a collaborative robot. The
results are simple and clear.

First, the scales worked well. The reliability
values were acceptable for short 3-item scales. This
means the items in each scale matched each other
and can be used as one score (TRUST, ORG, RISK,
ADAPT).

Secondly, students reportedly indicated a strong
expectation for safety help and a high desire to
adapt. A significant number of students expressed
their willingness to engage in a collaborative robot
environment. They anticipated explicit protocols and
training. This indicates a favorable outlook for future
HRC uptake, particularly among this student cohort.

The most significant associations with adaptation
were trust, anticipated assistance, and confidence in
learning. The correlation findings indicated a clear
relationship between ADAPT and TRUST, ORG, and
SELFCONF. RISK had a tenuous connection with
ADAPT when examined in isolation.

All four predictors in the regression model had
positive coefficients. SELFCONF emerged as the most
significant predictor, following by TRUST and ORG.
This indicates that several pupils are prepared to
adjust when they perceive their competence and
have confidence in the robot. Anticipated training
and protocols are also significant.

A significant aspect is RISK. In the basic
correlations, RISK was not associated with ADAPT.
In the regression analysis, RISK emerged as a minor
positive factor. This suggests that "awareness of
risk" is not always an impediment. Certain students
may see themselves as prepared to adjust while
recognizing potential risks. Risk awareness and
preparedness may coexist.

Employment status was also significant.
Unemployed students had elevated levels of TRUST
and ADAPT compared to their employed
counterparts. Employed students may exhibit more
caution due to their practical job experience. This
does not imply a disdain for robots. It may indicate
that they contemplate everyday limitations and
hazards in the workplace.

The hierarchical regression corroborates the
same concept. TRUST and SELFCONF explained the
majority of ADAPT initially. ORG subsequently
included a little but distinct additional component.
RISK also included a little supplementary
component. This indicates that preparedness is
mostly individual (trust and confidence), although it
is also contingent upon students' expectations of an
organization (training and processes).

4.1. Practical Meaning

To adequately prepare students for HRC,
institutions must provide instruction beyond just
robot programming. Instruction should include safe
work practices, interpretation of robotic behavior,
and composed risk management techniques. Explicit
instruction and well-defined regulations may foster
trust. Confidence increases when students engage
with and comprehend the system.

4.2. Limits of this Study

This research included a brief online
questionnaire and a singular scenario narrative. It
assessed intents and expectations rather than actual
behavior inside a production setting. The sample
originated from a single program and mostly
consisted of males. Furthermore, almost all students
indicated previous experience to robots, which may
enhance confidence and adaption ratings.
Consequently, outcomes may vary across different
groups.

4.3. Future Work

Subsequent research may include participants
from many engineering disciplines as well as non-
technical domains. They may compare various HRC
situations (e.g., predictable vs unexpected robot
movements) and evaluate training modules before
and after a course.
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5. Conclusions

This research examined the perceptions of robotics
students about risk and adaptability within a human-
robot cooperation context. We wused a brief
anonymous poll and conducted basic analysis using
JASP. The four brief measures (TRUST, ORG, RISK,
and ADAPT) demonstrated satisfactory reliability,
indicating that the items functioned cohesively and
could be used as composite scores.

Students indicated a strong expectation of safety
help and a high desire to adapt. Intention to adapt
was greater when students expressed increased
trust in the robot, heightened expectations of safety
assistance (including explicit protocols and training),
and elevated confidence in their learning
capabilities. In the regression model, confidence in
learning emerged as the most significant predictor of
adaptation intention, followed by trust and
anticipated safety support. The perceived risk had a
little positive impact in the regression analysis,
indicating that risk awareness did not consistently
diminish preparedness within this student cohort.

Employment status was also significant.
Unemployed students exhibited more trust and a
stronger desire to adapt compared to their employed
counterparts. This suggests that students with job
experience may exhibit more caution or a more
pragmatic perspective toward workplace changes
and hazards. The  hierarchical regression
corroborated the same overarching conclusion.
Trust and confidence mostly accounted for
adaptation, whereas anticipated support and risk
contributed somewhat.

In conclusion, several students are prepared to
collaborate with cobots when they possess faith in
the robot, confidence in their ability to study, and
anticipate explicit instruction and guidelines. These
findings may assist universities and prospective
employers. Training must foster trust and confidence
while articulating risks in a clear and composed
manner. Clear protocols and safety measures must
be comprehensible, ensuring that prospective
engineers are well prepared prior to entering
automated environments.
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