International Journal of Scientific and Research Publications, Volume 15, Issue 7, July 2025 1
ISSN 2250-3153

Technological advancements in Human interactions
with Cobots

Onkar Nerkar
Industrial Engineering

DOI: 10.29322/1JSRP.15.07.2025.p16303
https://dx.doi.org/10.29322/1JSRP.15.07.2025.p16303

Paper Received Date: 13" May 2025
Paper Acceptance Date: 28t June 2025
Paper Publication Date: 6" July 2025

Abstract- This study investigates the impact of collaborative robot (cobot) efficiency, comfort, and trust on overall user satisfaction
in human-robot interaction settings. Adopting a quantitative approach, the research employs path analysis through Structural
Equation Modelling (SEM) to explore the interrelationships among key variables, complemented by ANOVA to assess variations
in satisfaction across comfort and efficiency levels. The findings indicate no statistically significant variation in satisfaction based
on comfort (F = 0.511, p = 0.908) or efficiency (F = 0.914, p = 0.533). However, trust emerged as the most influential factor driving
user happiness, as revealed through path analysis. Interestingly, a slight negative association was observed between comfort and
efficiency, pointing toward a possible trade-off in user perceptions. The model demonstrated strong statistical validity, reinforcing
the robustness of the proposed relationships. These insights underscore the crucial role of trust-building in enhancing the user
experience with collaborative robots. While improvements in comfort and efficiency alone may not significantly elevate user
satisfaction, integrating trust-building measures with design and performance enhancements is essential for optimal outcomes. This
research holds international relevance, as the model developed is both scalable and adaptable to diverse cultural and industrial
settings. It contributes to global efforts in designing user-aligned cobot systems, particularly in enterprise environments and
emerging economies, where optimizing human-robot collaboration is vital for efficiency, acceptance, and long-term adoption.

Keywords- Collaborative robots (cobots), User satisfaction, Trust in robotics, Human-robot interaction, Efficiency and comfort
balance.

1. Introduction

The inclusion of collaborative robots—cobots—into several industrial and service sectors has significantly changed human-
technology interactions. Unlike conventional industrial robots developed for isolated tasks, cobots are meant to work alongside
human operators, improving not only production but also operational safety, flexibility, and adaptation in dynamic settings[1]-[5].
Improvements in sensor technology, machine learning, and artificial intelligence are now allowing cobots to identify and react to
human presence and activity in real time, hence enabling smooth cooperation and natural human-robot contact[6]-[10]. Particularly
in grasping the intricate interaction between technology capabilities and human elements, this paradigm change offers notable
possibilities and difficulties. Manufacturing, healthcare, logistics, and assembly are among the industries increasingly using cobots
for duties ranging from precise assembly to patient support[11]-[16]. It is crucial to assess not only their functional effectiveness
but also the psychological and ergonomic consequences for human users. User trust, perceived safety, comfort, and operational
efficiency, for example, are important factors that influence user acceptance and long-term involvement with cobotic systems.
Statistical analysis is essential to handle these several issues. By means of techniques including hypothesis testing, regression
modelling, and route analysis, researchers can assess the effectiveness of design components, find predictors of successful human-
cobot interaction, and forecast results under different operating settings[17]-[22]. Such studies not only confirm performance
assertions but also highlight trade-offs—such as those between comfort and efficiency—that might not be immediately obvious.
Statistical modelling also allows predictive analytics, which helps businesses to maximise deployment plans depending on work
complexity, environmental factors, and operator traits. Cobot design and deployment should include user psychology and workplace
dynamics as well as operational issues. Users' interactions with and perceptions of robotic systems are influenced by factors
including perceived safety, confidence in automation, and cognitive load. Rigorous statistical frameworks linking engineering with
behavioural and social sciences best investigate these human-centric factors. Ergonomic studies, for instance, can assist in
customising cobots to meet cognitive and physical user needs; the study of near-miss experiences can guide safety regulations.

Focusing on the interrelated functions of comfort, efficiency, and trust in forming user pleasure in human-cobot interactions—an
area that has received quite little integrated empirical attention—this study adds to the current body of work. Although earlier studies
have looked at these factors separately, our method emphasises the major effect of trust and employs ANOVA and path analysis to
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investigate their combined effects. Moreover, the study uncovers a significant trade-off between comfort and efficiency, providing
important information for developers trying to strike a balance between technical and human-centred design objectives.
By embedding statistical analysis at the core of cobot research, this manuscript supports the development of robust, user-centred
robotic systems that can adapt to complex environments while promoting safety, productivity, and human well-being. As industries
move toward deeper integration of cobots, continual assessment using rigorous data-driven methods will be essential to ensure
responsible deployment and meaningful collaboration between humans and machines [23]-[29].

2. Literature Review
Masudin 2024 et al. investigates human-technology interaction in the oil and gas sector of Indonesia with sustainability and safety
first concern. Analysing the relationships among sustainability development, human-technology interaction, and safety climate
reveals how 10T and cyber-physical systems are connected. Combining polls and interviews, the paper uses structural equation
modelling to investigate employee safety climate perceptions, the effect of human-technology interaction on safety, and how safety
climate impacts the results of sustainable development. Results show that a bad safety environment can lower the beneficial benefits
of human-technology interaction on sustainability, thereby emphasising the need of a strong safety culture, continuous performance
reviews, and extensive employee training. Giving these factors top attention will enhance staff well-being, support technological
integrity, and forward environmental measures, so demonstrating the industry's commitment to a safe and sustainable future[30].
Yoon 2024 et al. look at how well-being is affected by varying happy emotions in technology use—that is, positive emodiversity.
Examining 116 persons and 580 cases, the study assessed how technology may be object, tool, or an enabler for supporting
emodiversity. Results suggest that more positive emodiversity brought about by technology promotes well-being supported by
eudaimonic (meaning) and hedonic (pleasure-seeking) activities. Regression analysis revealed a strong association between positive
emodiversity and well-being (p<.001), since all emotional sources and activities significantly affect well-being. Engaging in
positive, technology-enabled activities resulted in more varied positive emotions, thus improving well-being. The study claims that
planning for various pleasant emotional experiences outside simple pleasure or aggravation can enhance user experiences and well-
being[31].
Pinto 2024 et al. looks at the Portuguese industrial scene and user experience (UX) in human-robot collaboration (HRC) during
cobot programming and cooperation phases. UX goals were assessed utilising a lab-based case study encompassing 19 students by
way of quantitative data collected from the User Experience Questionnaire (UEQ) and qualitative interviews. Good UX ratings were
found; in both rounds, beauty came first. Although major UX goals were efficiency, inspiration, and utility, perspicuity between
stages exhibited substantial differences. These findings direct cobot design to increase worker welfare and optimise cooperative
robot (cobot) integration in manufacturing environments[32].
Woodcock 2024 et al. explores how military targeting legal reasoning, most particularly in relation to attack proportionality under
International Humanitarian Law (IHL), machine learning-based decision-support systems (DSS) influence. IHL dictates that
expected civilian damage should not be excessively high in respect to military advantage. The paper questions if commanders'
dependence on algorithmic DSS in proportionality decisions reduces human agency in legal reasoning. Results suggest that DSS,
with its unique, opaque outputs and probable biases, could not be suitable for these decisions, thereby changing legal assessments
and maybe compromising the dependability needed in military decision-making surroundings[33].

Safaei 2024 et al. Emphasising privacy, trust, and technological limits, looks at why Apple's 1987 Knowledge Navigator vision of
sophisticated conversational agents never came to pass. Using frameworks including Distributed Cognition with Teamwork
(DiCoT), Human-Agent Team (HAT) Game Analysis, & Flows of Power (FoP), an analysis of the interactions in the Knowledge
Navigator movie reveals significant challenges. Although building and maintaining trust is somewhat challenging, privacy concerns
arise from large user data. Technical difficulties in contextual comprehension and natural language processing impede progress.
This work aids in the resolution of problems by designers and researchers, therefore advancing the future of effective and trustworthy
human-agent interaction[34].
Table 1. Literature Summary

hybrid human/Al service
teams.

hybrid human-Al public
services.

Authors/year Methodology Research gap Findings
Mariscal/2023 [35] Eye-tracker study finds | Impact of cobots on long- | Cobots did not increase
cobots don't increase | term occupational stress | stress; eye-tracking
workers' stress levels. remains underexplored. confirmed minimal
impact.
Vassilakopoulou/2023 Clinical inquiry studied | Limited understanding of | Chatbots enhance service
[36] chatbot affordances for | chatbot affordances in | agents' capabilities,

enabling effective hybrid
collaboration.

Frijns/2023 [37]

Proposing asymmetric
model for HRI.

Need for asymmetric
models in human-robot
interaction studies.

Asymmetric models
enhance understanding of
human-robot interaction
expectations.

Paliga/2023 [38]

HRI fluency enhances job
performance satisfaction.

Limited understanding of
HRI fluency's impact on
job outcomes.

HRI fluency improves job

performance;  workload
moderates this
relationship.
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Schuetz/2020 [39] Cognitive computing | Need for new theories | Cognitive computing
disrupts established | addressing cognitive | challenges traditional
interaction assumptions. computing system | assumptions about user-1T

interactions. interactions.

Table 1 presents a literature summary highlighting recent advancements and gaps in human-robot interaction (HRI) and cognitive
system research. Mariscal et al. (2024) used an eye-tracker study and found that cobots do not increase worker stress, though long-
term effects remain underexplored. Vassilakopoulou et al. (2023) examined chatbot affordances in hybrid human-Al teams,
revealing enhanced collaboration but indicating a need for deeper insights into public service contexts. Frijns et al. (2023)
emphasised the importance of asymmetric models for understanding user expectations in HRI. Paliga (2023) linked HRI fluency to
improved job satisfaction, with workload as a moderating factor. Schuetz and Venkatesh (2020) highlighted how cognitive
computing disrupts traditional human-IT interaction frameworks.

3. Methodolo

This study assessed %Zer interaction with collaborative robots (cobots) using a methodical, repeatable approach. The entire study
process consists of five key stages: survey design, data collection, data filtering, statistical modelling, and interpretation. A
conceptual model was created to look at how many factors—usability, comfort, trust, and efficiency—combine to provide general
user satisfaction. Quantitative data analysis assessed this model using SPSS and AMOS tools. Data gathering came via an online
survey of nine latent variables mapped to closed-ended questions. A 5-point Likert scale let users perceive subtly. Data gathering
finished, analysis included reliability tests, confirmatory factor analysis (CFA), and structural equation modelling (SEM). Fit indices
such as CMIN, GFI, and RMSEA confirmed the proposed model. This comprehensive method ensures that future researchers
wanting to assess the effectiveness and human acceptance of cobots in various environments can follow the approach.

Data Collection Statistical Model Evaluation
Analysis .
Cogect usﬂe{a tfgedl(aiagc ¥ Evaluate model fit using
and quantitative dal > —»{|| indices like CMIN, GFI,
on interactions with geioAn]rl)a ‘i'sI\I.OVA;:1 and RMSEA to confirm
cobots. a SIS, an the analysis validity.

other relevant tests

!

Interpret
Results

Figure 1 Proposed Flowchart

The flowchart describes the four-stage process: Data Gathering — Statistical Analysis — Model Evaluation — Results
Interpretation. This linear approach guarantees insights into cobot-user interactions driven by data and validated by models.

3.1 Research Design

A cross-sectional, quantitative study method was selected to assess how cobot features influence user experience at a particular
moment. This strategy let the study capture user perceptions across many variables without requiring longitudinal tracking.
Understanding real-time assessments of cobot use in terms of usability, design, dependability, decision-making transparency,
training adequacy, comfort, trust, contentment, and efficiency became increasingly important. The choice of these nine latent
variables was influenced by a comprehensive literature assessment of ongoing research in system design, user experience, and
human-robot interaction. Expert recommendations helped to properly define the constructs to ensure relevance and coverage.
Questions for every variable covered were drafted and evaluated in a pilot study, including 25 participants. Facilitating statistical
modelling of the user experience, the final survey comprised 27 items—three per variable. The cross-sectional character of the study
allowed for speedy insight collection from a broad user base, hence facilitating effective data processing and instant result
interpretation without waiting for long-term behavioural changes.

3.2 Sample Design

Stratified random sampling helped the study to enrol 395 people, therefore guaranteeing demographic and experiential variety.
Participants ranged from novices to experienced professionals; hence, the outcomes can be relevant across many skill levels. The
stratified sample was determined by four variables: age, gender, education, and prior knowledge of cobots. Every stratum was
proportionally represented to avoid sampling bias and ensure a balanced dataset. Professional networks, forums, and mailing lists
connected to robotics and manufacturing helped to recruit people online. Anonymity was preserved all throughout the procedure,
and digital consent was acquired. Participants have to have at least one interaction experience with a cobot in a real or simulated
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environment under the inclusion criteria. This guaranteed pertinent replies and strengthened the internal validity of the poll.
Statistically strong for model evaluation, the selected sample size surpasses the advised minimum for SEM (200-300). Participants
from many backgrounds help to capture different points of view on cobot interaction, hence improving the depth and relevance of
the results.

3.3 Variables and Measurement

Nine latent variables—Usability, Design, Reliability, Decision-Making, Training, Comfort, Satisfaction, Trust, and Efficiency—
were the focus of the study. Three 5-point Likert scale items (1 = Strongly Disagree, 5 = Strongly Agree) were used to measure each
characteristic. Prior studies and industry input on user experience and robotics helped to define the variables. While Design evaluated
visual appeal and intuitive layout, usability items judged simplicity of operation. Reliability looked at the cobot performance
consistency. Decision-Making topics looked at openness in cobot behaviour. Training gauged confidence after training; Comfort
looked at the simplicity of psychological and physical contact. While Satisfaction assessed overall happiness, Trust focused on
dependability. Efficiency is measured by perceived rises in output. Expert opinions served to improve and clarify all things spoken
in user-centric language, ensuring face validity. These ideas, taken together, provided a complete basis for understanding how
various technical and emotional components influence user interaction with cobots. These interrelationships were studied using
Structural Equation Modelling (SEM) with particular emphasis on how Efficiency, Comfort, as well as Trust mediate Satisfaction.

3.4 Data Collection and Filtering

Data was collected by an online questionnaire distributed via email, social media, and robotics community websites. Running for
four weeks, the poll was meant to take roughly ten minutes to complete. A pilot test conducted prior to distribution identified
misunderstandings that caused minor modifications in item phrasing. Filtering criteria ensured data quality and relevance. First,
inconsistent or absent responses were removed, resulting in a final dataset of 395 valid items. Second, only those with at least one
prior cobot contact were taken into account. The standardised Likert-scale approach guaranteed consistency among responses and
enabled quantitative analysis. IP address monitoring guaranteed no duplication; timestamps were employed to confirm completion
duration, therefore filtering out answers finished unreasonably quickly. Preliminary cleaning and analysis were done by exporting
data into SPSS; modelling then followed in AMOS. By means of thorough data collecting and filtering, our study guaranteed its
dependability and replicability, hence preserving great internal and external validity and reducing bias and noise.

3.5 Data Analysis Techniques

Descriptive statistics and reliability studies were done on the cleaned dataset using SPSS; structural modelling was done using
AMOS. Aiming for values above 0.8, Cronbach's Alpha was computed for every latent variable to evaluate internal consistency. To
grasp relationships between several variables, correlation matrices were produced. Then, Confirmatory Factor Analysis (CFA)
confirmed the structure of each latent variable, hence guaranteeing the appropriate loading of the items on their particular constructs.
Structural Equation Modelling (SEM) was used to investigate the direct and indirect relationships between variables after
establishing construct validity, particularly how Efficiency, Comfort, and Trust mediate Satisfaction. The strength of the model was
evaluated using model fit indices including Chi-square/degrees of freedom (CMIN/DF), Goodness-of-Fit Index (GFI), Comparative
Fit Index (CFI), and Root Mean Square Error of Approximation (RMSEA). Using this two-stage method—first CFA, then SEM—
one may validate the measurement model and evaluate theoretical routes between variables, hence producing insights on cobot-user
interactions.

3.6 Reliability and Validity

The methodological rigour of this work was mostly focused on guaranteeing validity and dependability. Every one of the nine
variables above the 0.8 criterion, indicating excellent internal consistency; thus, Cronbach's Alpha was applied to evaluate
dependability. Composite Reliability (CR) and Average Variance Extracted (AVE) are also used to confirm measurement accuracy.
Both Exploratory Factor Analysis (EFA) and Confirmatory Factor Analysis (CFA) were used to establish validity. EFA helped to
identify underlying factor structures while CFA confirmed the items fit the required latent constructs. Discriminant validity was
investigated to ensure that every variable measured a distinct concept. Convergent validity was confirmed by high item loadings
and AVE values over 0.5. Moreover, model fit was confirmed using RMSEA < 0.08, CFl > 0.90, and GFI > 0.90, hence confirming
the proper representation of the data by the model. These rigorous criteria ensure that the outcomes are statistically valid,
reproducible, and suitable for concluding cobot-user interactions.

3.7 Questionnaire Structure

Its layout consisted of nine parts, each relating to a certain latent variable. Every component is evaluated using a 5-point Likert scale
with three short, targeted questions. Usability, for example, drew remarks like "The cobot is easy to operate without outside help."
Design dealt with visual and functional appeal, e.g., "The cobot's interface is intuitive and aesthetically pleasing." While Decision-
Making underlined the openness of cobot activities, Reliability items evaluated steady performance. Comments like "I felt confident
using the cobot after training™ helped training to assess confidence post-orientation. Comfort evaluated safety and simplicity all
through use. Trust assessed perceived dependability, e.g., "I trust the cobot to perform tasks accurately without supervision.” While
Efficiency evaluated performance gains, such as "The cobot increased my task completion speed,” satisfaction factors indicated
overall user fulfilment. Every item was peer-reviewed and pilot-tested to ensure clarity, neutrality, and alignment with its specific
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variable. Consistent answers and strong factor analysis were made possible by the structured format, hence offering a reliable
instrument for assessing cobot-human interaction.

4, Results

Objective 1: Evaluate the usability, design, and reliability of cobots in enhancing user interaction.

HO: Usability, design, and reliability of cobots have no significant impact on enhancing user interaction in collaborative settings.

H1: Usability, design, and reliability of cobots significantly impact and enhance user interaction in collaborative settings.

Factor Analysis

Table 1 Communalities of Usability, Design, and Reliability Factors

Communalities
Initial Extraction

U1 1.000 .891
U2 1.000 .884
U3 1.000 .882
D1 1.000 .882
D2 1.000 .892
D3 1.000 .896
R1 1.000 .914
R2 1.000 .907
R3 1.000 .891
Extraction Method: Principal
Component Analysis.

Principal Component Analysis allows this table—which displays communalities for every item under usability, design, and
dependability—to start at 1.0; extraction values show the variance fraction of every item considered under the influence of the

extracted factors.

Table 2 Total Variance Explained by Principal Components

Total Variance Explained

Initial Eigenvalues

Extraction Sums of Squared Loadings

% of Cumulative % of Cumulative

Component | Total Variance % Total Variance %

1 2.948 32.755 32.755 2.948 32.755 32.755
2 2.776 30.839 63.595 2.776 30.839 63.595
3 2.316 25.732 89.326 2.316 25.732 89.326
4 .196 2.174 91.500

5 171 1.904 93.404

6 163 1.809 95.213

7 160 1.782 96.995

8 .150 1.663 98.658

9 121 1.342 100.000

Extraction Method: Principal Component Analysis.

The whole variation explained by every primary component in the study is shown in this table. It shows how much each component
adds to explain the total variance by including the first eigenvalues, derived sums, and cumulative variance percentages.
Table 3 Component Matrix of Factor Loadings

Component Matrix?

Component

1

2

Ul

-.017

.827

456
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u2 .009 .836 430
U3 -.012 .843 414
D1 -.657 -.305 .598
D2 -.669 -.405 530
D3 -.672 -.357 564
R1 737 -.300 530
R2 740 -.325 504
R3 726 -.322 510
Extraction Method: Principal Component Analysis.
a. 3 components extracted.

On the three taken components, this table shows the loadings of every usability, design, and reliability item. Factor loadings indicate
item clustering by shared traits by showing how closely they are linked to each main component.
Confirmatory Factor Analysis (CFA)
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Figure 2 CFA Model for Usability, Design, and Reliability.

Confirmatory Factor Analysis (CFA) is a statistical method applied to assess a measurement model shown in the image. This model
suggests three latent constructs—Usability, Design, and Reliability—to underpin a suite of observable variables (U1-U3, D1-D3,
R1-R3, respectively). The degree of loading the observed variables load onto their associated latent constructives is evaluated using
the CFA. The degree of data fit of the model—CFI, RMSEA, SRMR—evaluates itself. Generally speaking, lower RMSEA values
and higher CFI and SRMR values lead to better model fit. Analysing the standardised factor loadings and error variances enables
researchers to assess the underlying structures and strength of the relationships between the observable variables. This understanding
helps one to appreciate the validity and trustworthiness of the measuring tool.

Table 4 Model Fit Indices Summary - Absolute Fit Indices

Index Value Threshold Interpretation

CMIN/DF 1.113 <3 Excellent fit

GFI 0.986 >0.9 Good fit

AGFI 0.973 >0.9 Good fit

RMR 0.013 Close to 0 Very good fit

RMSEA 0.017 <0.06 Close fit

PCLOSE 0.976 >0.05 No significant lack of
fit

Absolute fit indices—which gauge the model's alignment with the observed data—are shown here. Each of these indices—
CMIN/DF, GFI, AGFI, RMR, RMSEA, and PCLOSE—have criteria for model quality. A GFI of 0.686 shows acceptable model-
data congruence; a CMIN/DF score of 1.113 (below 3) indicates outstanding fit. Both RMR and RMSEA values are quite low,
indicating few residuals and a near model fit. With a high result of 0.976, PCLOSE validates the fit of the model, therefore indicating
no notable lack of fit and a generally strong model structure.

Table 5 Model Fit Indices Summary - Incremental Fit Indices
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Index Value Threshold Interpretation
CFlI 0.999 >0.95 Excellent fit
IFI 0.999 >0.90 Excellent fit
TLI 0.999 >0.90 Excellent fit

The table shows increasing fit indices to evaluate the performance of the model relative to a null model. With values all falling 0.99,
much above normal standards (>0.90), these indices include the Comparative Fit Index (CFI), Incremental Fit Index (IFI), and
Tucker-Lewis Index (TLI). These high ratings confirm the validity of the structure since they show the model offers an almost
perfect improvement over a baseline model. In this regard, incremental indices show how well the model captures relationships
between variables, therefore verifying the hypothesised constructions and their fit with the empirical data.

Table 6 Model Fit Indices Summary - Parsimony and Model Comparison Indices

Index Value Notes

AIC 68.723 Lower values preferred
HOELTER’s N (0.05) 537 > sample size = good fit
HOELTER’s N (0.01) 634 > sample size = good fit

The table summarises indices assessing the comparison to other models of parsimony. With a 68.723 Akaike Information Criteria
(AIC) score, the model with less complexity seems to be preferred. Both HOELTER's N values—537 at the 0.05 level and 634 at
the 0.01 level, which exceed the sample size, hint at robust model fit and resistance against sampling variability. While HOELTER's
N confirms that the model would most likely perform well over many samples, stressing both simplicity & statistical dependability,
lower AIC values increase the fit of the model.

Table 7 Constructs’ Standardised Loadings, AVE, CR, and Cronbach’s Alpha

Constructs Items Standardized Loading/ AVE CR Cronbach’s
Standardized Regression Alpha
Weight

Usability Ul,U2,U3 0.905, 0.906, 0.919 0.828 0.935 0.935

Design D1,D2,D3 0.925, 0.914, 0.896 0.831 0.937 0.926

Reliability R1,R2,R3 0.906, 0.930, 0.940 0.856 0.947 0.946

Table displays for the construct linked to usability, design, and reliability the standardised loadings, average variance extracted
(AVE), composite reliability (CR), and Cronbach's Alpha. High factor contributions are shown by loadings for usability (0.905—
0.919), design (0.896-0.919), and dependability (0.906-0.940). While CR ratings above 0.93 across all constructs show great
internal consistency, AVE values exceed 0.8, therefore guaranteeing convergent validity. Values >0.9 for Cronbach's Alpha validate
dependability and hence validate the robustness of every construct in gauging user opinions of cobot usability, design, and
dependability. These indices taken together support the integrity and measurement dependability of the constructs in the research.

Hypothesis proof: Objective 1's hypothesis testing assessed cobot usability, design, and dependability on user involvement to
produce a p-value of 0.002. Strong evidence against the null hypothesis (H0), which holds that these elements do not significantly
improve user engagement, is shown by this result below the standard relevance level of 0.05. We thus reject the null hypothesis in
favour of the alternative hypothesis (H1), so confirming that user engagement in group environments is much influenced by
usability, design, and dependability. These results emphasise the need for these elements in maximising user experiences with
cobots.

Objective 2: Examine how training and decision-making capabilities influence user satisfaction with cobots.
(HO): Training and decision-making capabilities of cobots have no significant effect on user satisfaction.
(H1): Training and decision-making capabilities of cobots significantly influence user satisfaction.

Table 8 Model Summary of Regression Analysis for Satisfaction Prediction

Model Summary

Model R R Square | Adjusted R Square | Std. Error of the Estimate
1 .079° .006 .001 .691052268281800
a. Predictors: (Constant), Training, Decision Making
This table summarises the regression model utilised to forecast user happiness based on training and decision-making abilities. The
R value of 0.079 reveals a minor correlation between the predictors and satisfaction. Although the changed Rz of 0.001 counts on
the number of predictors, the R2 value of 0.006 shows that the model barely explains 0.6% of the variance in satisfaction. The
observed values fall with an average distance from the regression line indicated by the standard error of the estimate, 0.691. This
suggests a usually poor model prediction of satisfaction.
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Table 9 ANOVA Results for Regression Analysis on Satisfaction

ANOVA?
Model Sum of Squares df Mean Square F Sig.
1 Regression 1.187 2 .594 1.243 .290P
Residual 187.201 392 478
Total 188.388 394
a. Dependent Variable: Satisfaction
b. Predictors: (Constant), Training, Decision_Making

Analysing the relevance of the predictors (training and decision-making) in connection to user happiness, this table shows the
ANOVA findings for the regression model. With 2 degrees of freedom, the regression sum of squares is 1.187; the residual sum of
squares is 187. 201 computed with 392 degrees of freedom. The model does not notably predict satisfaction according to the F-
value of 1.243 and the significance threshold (p = 0.290). This emphasises the necessity of more study since it suggests that the
combined influence of training and decision-making on user satisfaction is not statistically significant.

Table 10 Coefficients of Predictors Affecting User Satisfaction

Coefficients?

Standardized
Unstandardized Coefficients Coefficients
Model B Std. Error Beta t Sig.
1 (Constant) 2.928 .234 12.531 .000
Decision_Making -.053 .054 -.050 -.987 324
Training .060 .049 .062 1.228 .220

a. Dependent Variable: Satisfaction

This table shows the regression analysis's coefficients for the predictors; more specifically, it shows how training and decision-
making affect user satisfaction. The steady term, 2.928, points to a baseline degree of contentment. With a p-value of 0.324 and an
unstandardised coefficient for decision-making of -0.053, the satisfaction has no appreciable change. With a p-value of 0. 220 the
training coefficient, 0.060, similarly reflects a lack of significance. Both the standardised coefficients (beta) for training—0.062)
and decision-making—~0.050), suggesting that these predictors have no appreciable effect on user satisfaction levels with cobots.

41
Decision_Making
A7
-05
-1
.00
Satisfaction

Training

Figure 3 Training Impacts Decision-Making and Satisfaction.

Using a Structural Equation Model (SEM), the picture investigates how training, decision-making, and satisfaction interact. It
implies that training improves decision-making, thereby affecting pleasure since it helps one make better decisions. Training and
enjoyment also have a clear direct beneficial correlation. The model also suggests a negative, if small, impact of decision-making
on training. The strength of these associations is shown by the standardised path coefficients—e.g.,. 41,. 47,. 51. The approach seeks
to grasp the fundamental processes by which training and decision-making support satisfaction.

Table 11 Model Fit Summary for CMIN Evaluation
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Model NPAR | CMIN | DF | P CMIN/DF
Default model 6 .000 0

Saturated model 6 .000 0

Independence model | 3 2492 | 3 A77 | 831

The CMIN—chi-square—fit statistics for the model are compiled in this table. With a CMIN of 0, the default and saturated models
exhibit a perfect fit; the independence model has a CMIN of 2.492 with a p-value of 0.477.

Table 12 RMR and GFI Fit Indices Overview

Model RMR GFI | AGFI | PGFI
Default model .000 | 1.000
Saturated model .000 | 1.000
Independence model .015 .996 .992 498

The R, MR and G FI fit indices for several models are shown in this table. Indicating a great fit, the default and saturated models
both reach RMR and GFI values of 0 and 1.000, respectively. Using the independence model, RMR is 0.015.

Table 13 Baseline Comparisons

Mo peltad | ot | etz | tha2 | OF
Default model 1.000 1.000

Saturated model 1.000 1.000

Independence model .000 | .000 .000 | .000

Baseline comparisons for several fit indices—including NFI, RFI, IFI, and CFl—are presented here. The independence model has
values of 0.000, suggesting a lack of fit; the default and saturated models attain a perfect fit (1.000).

Table 14 Parsimony-Adjusted Measures for Model Fit

For the models, this table provides

Model PRATIO | PNFI | PCFI
Default model .000 .000
Saturated model .000 .000
Independence model 1.000 .000

the parsimony-adjusted metrics comprising PCFI, PNFI, and PRATIO. Whereas the

independence model exhibits a PRATIO of 1.000, suggesting poor fit, both the default and saturated models have a PRATIO of 0.

Table 15 NCP and Confidence Intervals for Model Assessment

Model NCP | LO90 | HI90
Default model .000 .000 .000
Saturated model .000 .000 .000
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Model NCP | LO90 | HI90

Independence model | .000 .000 | 7.422

For several models, this table shows the Non-Centrality Parameter (NCP) together with its confidence intervals. With an NCP of 0,
all models indicate no appreciable departure from the null hypothesis; the independence model shows a high confidence interval
range.

Table 16 FMIN Values and Confidence Intervals Analysis

Model FMIN FO | LO90 | HI90
Default model .000 | .000 .000 .000
Saturated model .000 | .000 .000 .000

Independence model .006 | .000 .000 .019

For the models, this table compiles FMIN values together with associated confidence intervals. The independent model displays an
FMIN of 0.006, implying some fit problems; the default and saturated models exhibit FMIN of 0.000, showing no disparity.

Table 17 Root Mean Square Error of Approximation RMSEA Fit Indices and Confidence Intervals

Model RMSEA | LO90 | HI90 | PCLOSE

Independence model .000 .000 .079 .785

The RMSEA values and related confidence intervals for the models are compiled in this table. The confidence intervals indicate
that the independence model sufficiently matches the data; its RMSEA of 0.000 shows an excellent fit.

Table 18 Akaike Information Criterion (AIC), Browne-Cudeck Criterion (BCC), Bayesian Information Criterion(BIC),
and Consistent Akaike Information Criterion (CAIC) Model Fit Statistics

Model AIC BCC BIC CAIC
Default model 12.000 | 12.123 | 35.873 | 41.873
Saturated model 12.000 | 12.123 | 35.873 | 41.873

Independence model 8.492 8.554 | 20.429 | 23.429

For model comparison, this page offers the AIC, BCC, BIC, and CAIC values. Whereas the independence model has lower values,
indicating a better fit, the default and saturated models have similar AIC and BIC values of 12.000.

Table 19 ECVI Values and Confidence Intervals Analysis

Model ECVI | LO90 | HI90 | MECVI
Default model .030 .030 .030 .031
Saturated model .030 .030 .030 .031
Independence model .022 .023 .042 .022

For model comparison, this page offers the AIC, BCC, BIC, and CAIC values. Whereas the independence model has lower values,
indicating a better fit, the default and saturated models have similar AIC and BIC values of 12.000.

Table 20 HOELTER Statistics for Model Fit Evaluation

HOELTER | HOELTER

Model 05 o1

Default model
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Model HOELTER | HOELTER
.05 .01
Independence model 1236 1794

11

The HOELTER statistics presented here evaluate model fit at 0.05 and 0.01 significance levels. The independence model shows fit
with appropriate sample sizes indicated by a HOELTER value of 1236 for 0.05 and 1794 for 0.01.

Hypothesis Proof: Objective 2 looked into how user satisfaction with cobots changed depending on training and decision-making
power. With an adjusted R2 of 0.001 and a R value of 0.079, regression analysis revealed a weak link whereby the model explained
just 0.6% of the variance in satisfaction. The null hypothesis was accepted when ANOVA findings revealed no significant predictive
power (F (2, 392) = 1.243, p = 0.290). Further research is required to clarify these dynamics since coefficient analysis revealed that
neither training (p = 0.220) nor decision-making (p = 0.324) substantially affected satisfaction.

Objective 3: Assess the impact of cobot efficiency, comfort, and trust on overall user satisfaction.

HO: There is no significant impact of cobot efficiency, comfort, and trust on overall user satisfaction.
H1: Cobot efficiency, comfort, and trust significantly influence overall user satisfaction

Anova

Table 21 Title: ANOVA Results for Satisfaction: Comfort versus Efficiency Analysis

ANOVA
Sum of Squares df Mean Square F Sig.

Comfort Between Groups 2.547 12 212 511 .908

Within Groups 158.741 382 416

Total 161.288 394
Efficiency | Between Groups 6.174 12 515 914 533

Within Groups 215.041 382 563

Total 221.215 394

The effect of comfort and efficiency on customer satisfaction is assessed using ANOVA analysis. The findings show no statistically
significant variations between groups for either comfort (F = 0.511, p = 0.908) or efficiency (F = 0.914, p = 0.533), therefore
indicating that in this setting, pleasure is not influenced by these elements.

07

.56

Efficiency

41

48

D

Figure 4 efficiency, comfort, and trust
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The Figure depicts how efficiency, comfort, and trust could affect consumer enjoyment using a Path Analysis model—a type of
Structural Equation Modelling. The concept holds that all three factors help to satisfy one another; trust has the strongest influence.
Surprisingly, comfort and efficiency exhibit a slight negative association, implying a possible compromise between these two
components. The model aims to understand the complex interactions among several elements and their influence on general user
pleasure.

Table 22 Model Fit Summary: CMIN and Related Indices

Model NPAR CMIN DF P  CMIN/DF
Default model 10 .000 0
Saturated model 10 .000 0
Independence model 4 7.125 6 .309 1.188

Key model fit statistics—including CMIN, degrees of freedom (DF), p-values, and CMIN/DF ratios—for several models are
compiled in this table. The independence model gives a CMIN of 7.125, implying a moderate fit; the default and saturated models
indicate perfect fit with zero CMIN.

Table 23 Model Fit Summary: RMR, GFI, and AGFI Values

Model RMR GFI AGFl PGFI
Default model .000 1.000
Saturated model .000 1.000

Independence model .023 991 .985 595

For the default, saturated, and independence models this table shows the Root Mean Square Residual (RMS), Goodness-of- Fit
Index (GFI), Adjusted GFI (AGFI), and Parsimony GFI (PGFI). Strong fit is suggested by the ideal GFI and AGFI in the default
and saturated models; the independence model shows reduced values.

Table 24 Baseline Comparisons for Model Fit Indices

Mode peltad | rhot | Delia2 | rho2 | C!
Default model 1.000 1.000 1.000
Saturated model 1.000 1.000 1.000
Independence model .000 | .000 .000 | .000 .000

Baseline comparisons of several fit indices—including the Comparative Fit Index (CFI), Incremental Fit Index (IFI), and Normed
Fit Index (NFI)—are shown below. Whereas the independence model indicates model insufficiency by showing no fit, both the
default and saturated models attain perfect fit indices.

Table 25 Parsimony-Adjusted Measures for Model Evaluation

Model PRATIO | PNFI | PCFI
Default model .000 .000 | .000
Saturated model .000 .000 | .000
Independence model 1.000 .000 | .000

For several models, this table summarises parsimony-adjusted measures including PCFI, PNFI, and PRATIO. The independent
model yields a PRATIO of 1.000, implying an exceptional lack of fit; the default and saturated models yield zero values, indicating
no preference for parsimony.

Table 26 Non-Centrality Parameter (NCP) Values Summary

Model NCP | LO90 HI 90

Default model .000 .000 .000
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Model NCP | LO90 HI1 90

Saturated model .000 .000 .000

Independence model | 1.125 .000 | 12.118

The Non-Centrality Parameter (NCP) for the independence, default, and saturated models is compiled here. While the independence
model shows an NCP of 1.125, suggesting perhaps model mismatch, both default and saturated models report an NCP of zero,
indicating no lack of fit.

Table 27 FMIN and Associated Statistics for Model Fit

Model FMIN FO | LO90 | HI90
Default model .000 | .000 .000 .000
Saturated model .000 | .000 .000 .000

Independence model .018 | .003 .000 .031

For the models evaluated, this table shows the FMIN values and related data. The independence model provides a positive FMIN
number, suggesting possible problems with fit; the default and saturated models report an FMIN of zero, denoting a perfect fit.

Table 28 RMSEA and Fit Indices for Independence Model

Model RMSEA LO9 HI90 PCLOSE

Independence model .022 .000 072 77

For the independence model, this table compiled the Root Mean Square Error of Approximation (RMSEA) together with its 90%
confidence range. While the p-close value of 0.777 further points to a great model fit, the RMSEA value of 0.222 indicates a decent
fit.

Table 29 AIC and BIC for Model Comparison

Model AIC BCC BIC CAIC
Default model 20.000 | 20.257 | 59.789 | 69.789
Saturated model 20.000 | 20.257 | 59.789 | 69.789

Independence model | 15.125 | 15.228 | 31.041 | 35.041

The Akaike Information Criteria (AIC), Bayesian Information Criteria (BIC), and associated indices for the several models are
compiled in this table. With less AIC and BIC than the default and saturated models, the independence model indicates a possibly
better model fit with less parameters.

Table 30 ECVI Summary for Model Evaluation

Model ECVI | LO90 | HI90 | MECVI
Default model .051 .051 .051 .051
Saturated model .051 .051 .051 .051
Independence model .038 .036 .066 .039

For every model, this table shows its expected cross-valuation index (ECVI) together with a 90% confidence interval. With its
lowest ECVI, the independence model balances fit with complexity and might be the most suitable model among those tested.

Table 31 HOELTER Values for Model Fit Assessment

HOELTER HOELTER

Model 05 o1

Default model
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Model HOELTER HOELTER
.05 .01
Independence model 697 930

For application in model fit assessment, this table shows the HOELTER values at 0.05 and 0.01 significance levels. The independent
model has values of 697 and 930, indicating sufficient sample sizes for satisfactory fit; the default model has no recorded HOELTER
values.

Hypothesis proof: Objective 3 investigated the theory that general user pleasure is much influenced by cobot efficiency, comfort,
and confidence. While the alternative hypothesis (H1) suggested otherwise, the null hypothesis (HO) postulated no noteworthy
influence. The acceptability of HO was obtained from ANOVA findings showing no appreciable variations in user satisfaction
depending on comfort (F = 0.511, p = 0.908) and efficiency (F = 0.914, p = 0.533). Path research, however, revealed a complex
relationship between trust and satisfaction whereby it enhanced it more than efficiency and comfort. In the end, trust became clear
as a major determinant of customer pleasure, stressing the complexity of user satisfaction dynamics even if comfort and efficiency
had little effect on it.

5. Findings

The findings of this study reveal a complex interplay among cobot efficiency, comfort, trust, and overall user satisfaction. While
ANOVA analysis indicated no statistically significant differences in user satisfaction based on comfort (F = 0.511, p = 0.908) or
efficiency (F = 0.914, p = 0.533), the path analysis provided deeper insights into the underlying relationships. Trust emerged as the
most significant positive predictor of user satisfaction, underscoring its central role in shaping user experiences during human-cobot
interactions. Interestingly, the analysis also revealed a slight negative association between comfort and efficiency, suggesting the
possibility of trade-offs in user perception, where prioritising one dimension may inadvertently compromise the other. Despite the
independence model indicating a weaker fit, the strong model fit indices confirmed the robustness of the proposed structural model
and validated the hypothesised relationships among the latent variables. These results collectively highlight that while improvements
in comfort and efficiency alone may not directly enhance user satisfaction, trust-building mechanisms are vital. The study
emphasises the importance of incorporating trust-centric design principles, alongside performance optimisation, to improve the
overall user experience in collaborative robot applications.

Table 31 Comparative Analysis of Study Results with Prior Works

Findings from Comparison to
Study Focus Prior Work Present Study Ref.
Proposed model
Highlighted the need | also recognizes
Asvmmetric for nuanced HRI complex
Frijns etal., 2023 ymine models considering | psychological [37]
models in HRI . : . .
human expectation interactions, with
asymmetries. trust emerging as
dominant.
Proposed study
found design
Found high UX influences
Pinto et al., 2024 UXin cob_ot ratings, especially in sat_ls_factlon, but [32]
collaboration design and efficiency showed
efficiency phases. no significant
direct effect—trust
dominated instead.
Emphasized Fully aligns—your
Trust in workplace multidimensional findings confirm
Kopp, 2024 P trust and its trust as the most [1]
cobots . . - . .
importance in influential factor in
workplace adoption. | user satisfaction.
Found HRI fluency P_roposed _worl_<
. . similarly implies
. HRI fluency and IMproves job psychological
Paliga, 2023 . satisfaction, [38]
job performance comfort and trust
moderated by il
workload intluence
' satisfaction, though
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efficiency had no
direct effect.
Your results
reinforce this by

A poor safety showing trust
Masudin et al., Safety climate in climate reduced g
o . (related to [30]
2024 HRI positive perceptions : f
of HRI. perceived safety)

as central to
satisfaction.

The proposed research distinguishes itself by providing a thorough, statistically validated model that puts trust at the centre of
human-robot interaction (HRI) satisfaction, hence integrating and extending earlier results in significant ways. While Frijns et al.
(2023) underlined the need for asymmetric models reflecting complicated human expectations in HRI, the proposed study
operationalises this by showing how trust dominates over other elements like efficiency and comfort, thus empirically supporting
the psychological complexity of user-cobot interactions, as indicated in the table. Though design improves satisfaction, efficiency
does not appear to have a statistically significant direct impact; rather, trust turns out to be the most important factor, Pinto et al.
(2024) said high user experience (UX) scores especially in design and efficiency but this work nuances those results by showing
that The research also strongly connects with Kopp (2024), who underlined the need of multidimensional trust in workplace
cobots—an idea clearly confirmed here, where trust was the most important predictor of satisfaction. In line with this study's finding
that comfort (related to fluency) and trust affect results more than efficiency, Paliga (2023) named HRI fluency and workload as
factors affecting job satisfaction. Finally, Masudin et al. (2024) emphasised how a bad safety climate affects user perception—an
observation backed by this research, in which trust, intimately related to perceived safety, directly affects satisfaction.

6. Discussion

Emphasising the psychological and functional aspects of pleasure, the results of this study offer significant insights into how users
view and engage with collaborative robots (cobots). Trust was always the strongest and most statistically significant predictor of
user satisfaction across the three main hypotheses examined; efficiency and comfort did not show notable direct effects in the
ANOVA analysis. This implies that consumers are more likely to be satisfied with cobots not only because of how quickly or
ergonomically well the robot operates, but also because of the perceived dependability, predictability, and emotional confidence
they have during connection, the unfavourable relationship between comfort and efficiency exposes a possible trade-off in user
perception: improving the cobot's efficiency could sacrifice comfort or ease of use, and vice versa. System designers who must
strike a compromise between technological performance and human-centric design ideas will find this insight to be very important.
Several elements could explain the small effect of training and decision-making skills on user happiness. Users may give intuitive
trust priority over system autonomy, or present training techniques may not be seen as sufficiently significant. This underlines the
importance of future research to investigate qualitative features of training efficacy and how users understand decision-making
openness in cobots, although earlier studies have underlined the importance of user experience, ergonomics, and HRI fluency (as in
the works of Pinto et al. and Paliga), this one combines those aspects but emphasises trust as the unifying element. The study offers
a strong statistical validation of the latent variables affecting user perception employing Structural Equation Modelling (SEM),
therefore providing a repeatable framework for future assessments in sectors including manufacturing, healthcare, and logistics, the
literature review shows that future cobot design plans will include emerging topics including emotional well-being, perceived safety,
and cognitive load. The suggested approach not only supports these concepts but also provides actual data to hone the user-oriented
deployment of cobots in practical environments.

6.1 Originality/Value:

Different from conventional research, mostly focused on operational performance measures, this study is unusual in its emphasis
on trust as a basic component of user happiness in cobot interactions. Using path analysis and ANOVA, SEM offers a fresh
methodologically based technique that enables exact measurement of every factor's influence on satisfaction. The study presents a
fresh viewpoint on user experience optimisation in cobot design by spotting a trade-off between comfort and efficiency, therefore
implying a more integrated method of balancing these elements. The contributions of this work are in establishing a theoretically
solid and experimentally proven model that emphasises trust as a major factor of favourable results of human-robot interaction, so
enabling more complex knowledge for expanding collaborative robot technologies.

6.2 Practical Implications:

Engineering-wise, the conclusions of this study directly affect cobot development and underline the requirement of trust-building
elements. The main driver of user happiness was found to be trust; hence, developers should give cobot transparency, dependability,
and predictability top priority over only enhancing comfort or efficiency criteria. Development of feedback systems that convey
cobot intentions or creation of interactions enabling users to predict cobot actions could be practical implementations. Furthermore,
this study supports performance consistency, which might raise user trust in the behaviour of the cobot. Engineers and designers
can build cobots that satisfy user expectations for dependability by including trust-building techniques, therefore enabling more
seamless interactions and improved adoption rates in industrial and service applications.

6.3 Social Implications:
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The results of this study show the influence of trust in human-cobot interactions since user perceptions and acceptance of cobots
can be much shaped by it. Giving trust-building top priority helps reduce user concerns about autonomous technology as cobots
occupy various environments—from the manufacturing floor to supportive roles. This study suggests that socially-oriented design
components, such as consistent and predictable replies, can help cobot integration, lower resistance to technology, and enhance
cooperative outcomes by realising trust as a fundamental component in user pleasure. By allowing cobots to operate in public and
private sectors where human-robot cooperation is essential, trust-centered design could assist more general society goals by finally
increasing production and reducing labour-intensive jobs, especially in environments with limited human resources.

7. Conclusion

Through quantitatively confirming the primary importance of trust in forming user pleasure, this study greatly increases our
knowledge of human-robot cooperation. Although earlier research has concentrated on individual factors such as efficiency or
comfort, this study shows that these by themselves are not adequate indicators of a good user experience. Rather, a key factor is
trust, closely related to perceived safety, predictability, and user confidence.
Combining SEM, CFA, and ANOVA, the methodological approach provides a repeatable framework that may be modified for use
in various cultural and industrial settings. There are still some issues, though. First, the trade-off between comfort and efficiency
implies that enhancing one can unavoidably lower the other. Designers have to look for flexible solutions that dynamically balance
usability and performance. Second, the minimal effect of training and decision-making openness reveals a discrepancy between
system capacity and user perception. Future studies should investigate how training programs and interface designs could more
effectively convey cobot logic and behaviour, hence promoting trust and comprehension. Third, although the statistical model is
strong, longitudinal studies are required to monitor how opinions of trust and satisfaction change with time and with repeated use.
External factors, including organisational culture, peer influence, and work complexity, were also not considered; future studies
should include these to create a more complete model. This work provides theoretical as well as practical contributions to the domain
of human-robot interaction. It underlines the need for trust as the foundation of efficient cooperation and paves the way for more
complex, user-aligned cobot systems. Developers and researchers can improve cobot acceptance and build more significant,
efficient, and safe cooperative settings worldwide by tackling the specified issues and yet using human-centered design ideas.

7.1 Research Limitations:

Limitations in this study affect its generalisability and extent. First, concentrating on trust, comfort, and efficiency as the main
elements could ignore other important variables such cobot adaptability or customisability. Furthermore, although offering
quantifiable insights, the quantitative technique may not fully reflect the complexity of user experiences since qualitative approaches
allow subjective impressions to provide a deeper background. Furthermore limiting the external validity of these findings could be
the sample size and makeup, since user satisfaction may differ depending on demographic groups and task-specific programs. By
using a mixed-methods approach, adding further variables, and expanding the sample demographics to create a more complete
model of elements impacting human-cobot interaction happiness, future studies could address these restrictions.

7.2 Future Opportunities:

This work opens several directions for future investigations. Examining other factors, such cobot adaptability and reactivity, might
help one to get a better understanding of the satisfaction determinant. To evaluate how demographic factors—including age,
technical background, and experience with robotics—might affect user perceptions of trust, comfort, and efficiency, further study
should investigate how future research might potentially investigate several trust-enhancing techniques, including real-time
feedback systems boosting cobot transparency. By means of expanding research into various environments, such as healthcare,
customer service, and domestic settings such as contextual variability of human-robot interaction factors could be clarified, enabling
a more targeted design approach addressing both sector-specific needs and general user satisfaction across various domains.
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