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ABSTRACT

The development of technology in the health sector has encouraged the adop-
tion of technopreneurship, especially in the application of artificial intelligence
(AI) to support the safety and efficiency of health services. One of the innova-
tions that has emerged is the AI-driven Safe Entry Station, which is designed to
improve the safety and comfort of patients and medical personnel. However, the
success of implementing this technology is highly dependent on the level of user
satisfaction and trust. This study aims to evaluate the level of user satisfaction
and trust in Safe Entry Stations in the health care environment and also explore
the variables that influence the acceptance of this technology among users. This
research method uses a quantitative approach with a survey involving 673 re-
spondents from various health institutions that have used Safe Entry Stations.
Data were analyzed using Structural Equation Modeling (SEM) with SmartPLS
4.0 software to identify the relationship between User Satisfaction (US), trust
(TR), behaviour intention (BI), usage behaviour (SB) and technopreneurial im-
pac (TI). The results showed that US and TR significantly influences BI and
UB. Additionally, BI strongly impacts TI, suggesting that stronger intentions
lead to a greater perceived impact on technopreneurship. This study found that
AI-driven Safe Entry Stations has great potential for widespread adoption in the
healthcare sector. These findings provide important insights for further develop-
ment of this technology as well as technopreneurship strategies in the healthcare
sector.
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1. INTRODUCTION
Technological developments have driven a revolution in various sectors, including the health sector

[1]. One of the latest innovations that has received attention is the application of artificial intelligence to the
Safe Entry Stations system in health facilities [2]. This technology is not only designed to improve operational
efficiency, but also to strengthen the safety and comfort of patients and medical personnel. Amid the global
pandemic and the need for stricter precautions, AI-driven Safe Entry Stations are a very relevant solution
[3]. This technology can automatically monitor and screen individuals entering health facilities, detect body
temperature, check mask use, and monitor other health conditions in a short time, so that it can significantly
reduce the risk of spreading infectious diseses in highly vulnerable places such as hospitals and clinics [4].
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However, although AI-driven Safe Entry Stations technology offers many benefits, there are several
major challenges that need to be overcome regarding the acceptance of this technology by users, both patients
and health workers [5]. Experience from the implementation of new technologies in the health sector shows
that the application of advanced technology is often faced with psychological and social barriers from users [6].
Factors such as distrust of new technologies, concerns about data privacy, and doubts about the accuracy of the
system are major barriers that can hinder the adoption of this technology [7]. This distrust is often triggered by
users’ lack of understanding of how the technology works or concerns about the potential risks it poses [8]. On
the other hand, low user satisfaction can affect the sustainability of the use of this technology in the long term
[9]. If users feel that the technology does not meet their expectations or is not reliable enough, they are likely
to stop using the technology, which can ultimately hinder the achievement of the main goal of implementing
the technology, namely improving the quality of health services [10].

Research on AI-driven Safe Entry Stations is still in its early stages [11]. Most of the existing literature
focuses more on the technical aspects of this technology, such as the AI algorithm used, sensor accuracy, and
the effectiveness of the system in detecting certain health conditions [12]. Meanwhile, research that explores
the perspective of users, especially regarding their satisfaction and trust in this technology, is still very limited
[13]. Factors such as user perceptions of data security, system reliability, and ease of use are often overlooked in
previous studies, even though these factors have a significant influence on determining the success of adopting
new technologies [14]. For example, perceptions of data security can influence the extent to which users are
willing to provide their personal information to the system [15]. In addition, system reliability is also a key
factor influencing user trust, where users are more likely to accept technology that is perceived to deliver
consistent and reliable results [16]. Furthermore, little attention has been paid to how these variables interact
with each other and influence users intention to continue using AI-driven Safe Entry Stations in the future.

Although this study attempts to address the existing research gap, there are several limitations that
need to be considered. First, this study used a quantitative approach with a survey involving only respondents
from a select few healthcare institutions. This selection of respondents may not fully reflect the broader user
population across contexts and geographic regions [17]. This may affect the generalizability of the study
findings, especially if there are significant differences in organizational culture, institutional policies, or local
customs that influence technology acceptance [18]. Second, the data collected in this study was cross-sectional,
meaning that data was only collected at a single point in time. This approach limits the study’s ability to capture
changes in user perceptions over time, or to identify long-term trends in the use of AI-driven Safe Entry Stations
[19]. The dynamics of technology use may change over time, especially with technological updates or changes
in public perceptions of AI technology. Third, this study focused more on aspects of user satisfaction and
trust without considering other external factors that may play an important role, such as institutional policies,
government regulations, or socio-economic conditions that may influence the adoption of this technology.
These external factors can be very important, especially in the context of how this technology is implemented
and accepted across different healthcare settings. Limitations in the data collection method also need to be
considered, as survey results may be influenced by respondent bias or limitations in the interpretation of survey
questions [20]. For example, respondents may provide answers that are considered most desirable rather than
those that truly reflect their experiences, or they may misinterpret questions due to a lack of understanding of
the technology in question. With these limitations in mind, this study aims to make a meaningful contribution to
the literature by further exploring user perspectives on AI-driven Safe Entry Stations in the healthcare context.
This study will not only enrich the understanding of the factors influencing the adoption of this technology
but also provide practical recommendations for technology developers and policymakers in designing more
effective implementation strategies in the future.

2. LITERATURE REVIEW
2.1. Artificial Intelligence in Healthcare

Artificial intelligence (AI) has become an integral component in the transformation of the healthcare
sector, with applications ranging from medical diagnostics and patient management to security systems [18]. AI
plays a critical role in advancing Sustainable Development Goals (SDGs) [21], which aims to ”ensure healthy
lives and promote well-being for all at all ages”. By automating previously manual processes and improving
operational efficiency, AI-driven technologies, such as Safe Entry Stations, contribute to enhancing the quality,
accessibility, and safety of healthcare services. Recent studies highlight how AI has improved healthcare out-
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comes, particularly in response to global health crises like COVID-19, by facilitating rapid health screenings,
real-time diagnostics, and contactless monitoring, directly supporting the targets under SDGs, especially those
related to reducing mortality and improving healthcare system efficiency [22].

Furthermore, while AI-driven Safe Entry Stations have proven effective in detecting health conditions,
current literature highlights a significant gap in understanding how these technologies impact user experience
and perception. This is particularly relevant to SDGs reduced inequalities, which emphasizes the need to
reduce inequality within and among countries. As AI-driven healthcare technologies become more prevalent,
it is essential to ensure that they are accessible and equitable, providing the same level of care and safety to
all individuals, regardless of socioeconomic status, geographic location, or technical literacy. Further research
is needed to explore how AI technologies, such as Safe Entry Stations, influence user trust, acceptance, and
satisfaction across diverse populations to ensure that AI does not exacerbate existing healthcare disparities. By
addressing these challenges, AI in healthcare can significantly contribute to achieving the SDGs, particularly
by promoting innovation, improving health outcomes, and ensuring equitable access to advanced healthcare
technologies [23].

2.2. AI-driven Safe Entry Stations
AI-driven Safe Entry Stations represent a key innovation aimed at improving safety and security in

healthcare environments. These systems utilize advanced AI algorithms to conduct screenings that monitor
various health indicators, such as body temperature, heart rate, and respiratory conditions [24]. According to
recent studies, these technologies have proven crucial in addressing the heightened healthcare needs brought
about by the COVID-19 pandemic, as they enable rapid and accurate screenings necessary to mitigate the spread
of infectious diseases. Comparisons between AI-driven Safe Entry Stations and traditional manual screening
methods show that AI is capable of delivering faster, more consistent, and reliable results, particularly in high-
traffic environments. Despite these benefits, challenges such as the need for frequent system updates, potential
technical malfunctions, and concerns surrounding data privacy continue to impact user trust in these technolo-
gies. Comparisons between AI-driven Safe Entry Stations and traditional manual screening methods reveal
that AI can deliver faster and more consistent results, which is particularly important in high-traffic healthcare
environments where delays can lead to crowding and increased risk of disease transmission. Manual methods,
while still widely used, are prone to human error, fatigue, and inconsistency, especially when conducted over
long periods. In contrast, AI systems can operate continuously with the same level of accuracy, providing
a more reliable solution for health screening. However, these advantages come with challenges, such as the
need for regular system updates, the potential for technical malfunctions, and concerns about data privacy and
security, which can all affect user trust.

2.3. User Satisfaction and Trust in Health Technology Adoption
User satisfaction is a key factor in the successful adoption of new technologies, including in the health

sector [25]. Existing literature suggests that ease of use, system reliability, and perception of the benefits of
the technology are key determinants of user satisfaction. In the context of health technology, several studies
have evaluated user satisfaction with systems such as telemedicine and electronic medical records, but few have
examined AI-driven Safe Entry Stations. The factors that influence user satisfaction with this technology need
to be further explored to ensure wider and sustainable adoption [26]. User trust is a critical element influencing
the adoption of AI technology, especially in sensitive sectors such as healthcare. Research shows that data
security, algorithm transparency, and prediction accuracy are key factors that shape user trust in AI technology
[27]. However, the existing literature has not discussed much about how this trust develops in the context
of AI-driven Safe Entry Stations. Given the important role of trust in determining the success of technology
adoption, there is a need for more research that on how users perceive this technology and what can be done to
improve this trust.

2.4. Technopreneurship in the Healthcare Sector
Technology adoption in the healthcare sector refers to the process by which healthcare organizations,

professionals, and patients begin to use new technologies to improve the quality, efficiency, and accessibility
of healthcare services. This adoption process encompases a wide range of technologies, including electronic
health records (EHRs), telemedicine, mobile health applications, AI, and medical devices like wearable sen-
sors [28]. The adoption of these technologies is driven by several factors, including the potential for improved
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patient outcomes, enhanced operational efficiency, regulatory compliance, and cost reduction [29]. Technolo-
gies like AI-driven diagnostics, telemedicine, and EHRs contribute to better patient care, faster diagnosis, and
more personalized treatment plans. Automation and digital tools streamline administrative tasks, reduce errors,
and improve resource management. Regulatory bodies often mandate the use of certain technologies to ensure
compliance with healthcare standards, while the long-term reduction in healthcare costs through technologies
like remote monitoring also motivates adoption [30]. However, the adoption of technology in healthcare is not
without challenges. High initial costs, the need for training, and usability issues can create barriers, especially
for smaller providers. Concerns over data privacy and security, particularly in the face of cybersecurity threats,
can slow the adoption process.

3. METHODS
This study employs a quantitative approach with a cross-sectional survey design to evaluate user satis-

faction and trust in AI-driven Safe Entry Stations within healthcare facilities. The survey method was selected
to directly capture user perceptions through data collection from a large sample of respondents, ensuring that a
wide variety of experiences and opinions were represented [31]. However, one limitation of the cross-sectional
design is that it collects data at a single point in time, which can prevent the capture of dynamic changes in
user satisfaction, trust, and usage behavior over time. To mitigate this limitation, efforts were made to ensure
that the sample was diverse and representative of different demographic and usage backgrounds, allowing for a
broader perspective of the population. Additionally, the survey was carefully designed to capture retrospective
data, where respondents were asked to reflect on their experience over time, thus offering some insight into po-
tential changes in behavior and perceptions. Although longitudinal studies could provide deeper insights into
temporal changes, the cross-sectional approach was deemed appropriate for providing a snapshot of current
user attitudes, with plans for future studies to explore these dynamics over an extended period [32].

3.1. Population and Sample
The population of this study included users of AI-driven Safe Entry Stations in a range of health-

care institutions, such as hospitals, clinics, and community health centers located in urban areas. A purposive
sampling method was employed, specifically selecting respondents who had direct experience using this tech-
nology. This sampling method was chosen because it allows for a more targeted approach, ensuring that the
respondents are relevant to the research objectives and have firsthand experience with the technology being
studied. By focusing on users who interact directly with the system, we aim to obtain more accurate and rele-
vant insights into their perceptions of satisfaction, trust, and usage behavior. The purposive sampling method
also allows for better control over sample characteristics, improving the relevance of the results to the study’s
context.

The sample size consisted of 673 respondents, which was considered sufficient to yield representative
results and facilitate robust statistical analysis. Data were collected using a structured questionnaire that cap-
tured demographic details such as age, gender, and education level [33]. The questionnaire employed a 5-point
Likert scale, where respondents indicated their level of agreement with various statements related to user satis-
faction, trust, behavioral intention, usage behavior, and technopreneurial impact [34]. Before implementation,
the instrument was tested for validity and reliability to ensure accuracy. The data collection spanned three
months, during which online questionnaires were distributed via email and social media platforms to ensure
quick and efficient dissemination. Respondents were given two weeks to complete the questionnaires, with pe-
riodic reminders sent to encourage a higher response rate. All data were kept confidential and used exclusively
for this study [32].

3.2. Hypothesis Development
Based on the outlined research model, this study carefully formulates six hypothesis Safe Entry Sta-

tions, each of which is intricately designed to explore and explain the relationships between key variables that
play a significant role in the adoption and subsequent impact of technopreneurship in the context of AI-driven
technologies [35]. The conceptual model, as shown in Figure 1. allows for statistical analysis of the relation-
ships between key variables, including user satisfaction, trust, behavioral intention, usage behavior, and the
technopreneurial impact of AI-driven technologies.
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Figure 1. Research Model

• H1 : User Satisfaction (US) has a positive impact on Behavioral Intention (BI).

• H2 : User Satisfaction (US) has a positive impact on Usage Behavior Intention (SB).

• H3 : Trust (TR) has a positive impact on Behavioral Intention (BI).

• H4: Trust (TR) has a positive impact on Usage Behavior Intention (SB).

• H5: Behavioral Intention (BI) has a positive impact on Technopreneurial Impact TI

• H6: Usage Behavior Intention (SB). has a positive impact on Technopreneurial Impact TI

These hypothesis Safe Entry Stations are not only designed to the direct influence of one particular
variable on another, but also aim to identify and highlight critical success factors in the complex process of
technology adoption [36]. By systematically testing these hypothesis Safe Entry Stations, this study seeks
to provide a deeper understanding of the underlying mechanisms that drive successful technopreneurship and
to offer insights into how various psychological and behavioral factors interact to shape the adoption and
effectiveness of new technological innovations in the healthcare sector [15].

3.3. Measurement Model
The collected data were analyzed using descriptive statistical methods to describe the distribution

of respondents answers and to provide an overview of demographic characteristics and user perceptions of
AI-driven Safe Entry Stations [37]. Additionally, the data were further examined using Structural Equation
Modeling (SEM) with the SmartPLS 4.0 tool, chosen for its robust ability to handle complex relationships
between various variables, including latent variables that cannot be measured directly but are instead repre-
sented by multiple observed indicators. Utilizing SEM with SmartPLS 4.0, this study was able to explore the
intricate interactions between various factors, offering a deeper understanding of how these variables collec-
tively contribute to the adoption of Safe Entry Stations technology [38]. This advanced modeling approach
also facilitated more precise hypothesis testing by considering both direct and indirect effects of each variable,
ultimately helping to identify the most significant pathways of influence that impact user decisions to adopt and
continue using this innovative technology.

Measurement Model Analysis is a crucial stage in Structural Equation Modeling (SEM) which aims
to assess the validity and reliability of the constructs measured in the model [39]. This analysis involves
several important steps, including convergent and discriminant validity testing. Convergent validity ensures that
indicators in one construct are highly correlated with each other, which is usually tested through factor loadings
and Average Variance Extracted (AVE) [40]. Discriminant validity tests whether the measured construct is
significantly different from other constructs in the model, which can be assessed by comparing AVE with
the correlation between constructs [41]. In addition to validity, construct reliability is also evaluated using
Cronbach’s Alpha and Composite Reliability (CR). These two measurements ensure the internal consistency
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of indicators in one construct, with values above 0.7 indicating good reliability. After validity and reliability
are tested, the measurement model is evaluated as a whole to ensure a good fit with the data collected. Various
model fit indicators, such as R-Square, Goodness of Fit Index (GFI) are used to assess the extent to which the
measurement model fits the data. By ensuring a valid and reliable measurement model, this study can be more
confident that the results of the structural analysis will be accurate and reliable [42].

4. RESULT AND DISCUSSION
4.1. Demographic Profile

Descriptive analysis was conducted on 673 valid data covering gender, age and education level vari-
ables. This descriptive analysis provides an initial overview of the demographic profile of respondents, which
will be used as a basis for further analysis in understanding the factors influencing user satisfaction and trust in
AI-driven Safe Entry Stations.

Table 1. Examining of Respondents
Variable Category Frequency Percentage (%)

Gender Male 340 50.52%
Female 333 49.48%

Age

<20 years 120 17.83%
20 - 30 years 325 48.29%
31 - 40 years 150 22.28%
>40 years 78 11.6%

Education Level

High School 150 22.28%
Bachelor’s Degree 350 52%
Master’s Degree 130 19.31%

Doctorate 43 6.39%

Based on table 1. it can be seen that the distribution of data driven on gender shows an almost balanced
distribution, with 50.52% of respondents being male and 49.48% being female. This shows that this study has
a fairly even gender representation, which can provide a balanced view in further analysis. In terms of age, the
majority of respondents are in the 20-30 year age range, which covers 48.29% of the total respondents. This age
group is likely to be the most active segment of the population in using AI-driven healthcare technology and
services, making it a relevant group for this study. Respondents aged under 20 and over 40 years showed lower
frequencies, at 17.83% and 11.60%, respectively. Meanwhile, the 31-40 year age group covers 22.28% of the
total respondents. For education level, the majority of respondents have a Bachelor’s Degree, which covers
52.00% of the total respondents. This is followed by respondents with a high school education level (22.28%),
Master’s degree (19.31%), and Doctoral degree (6.39%). This level of education reflects that the majority of
respondents have a fairly high educational background, which may affect their perception of technology and
innovation in the health sector [43].

4.2. Realibity and Validity
To ensure the reliability and validity of the constructs in table 2. several statistical indicators have been

used, including Cronbach’s Alpha, Composite Reliability (rho a and rho c), and Average Variance Extracted
(AVE) [44]. The results of the analysis show that all constructs have Cronbach’s Alpha values above 0.7, which
indicates a good level of internal consistency. In particular, the US construct shows the highest reliability with
a Cronbach’s Alpha value of 0.924, while the TR construct has the lowest value of 0.832, but remains within
the acceptable range.

In addition, Composite Reliability, both rho a and rho c, also showed strong internal consistency for
all constructs with values exceeding 0.7. These results indicate that the indicators in each construct consistently
measure the same concept. US again showed the highest reliability with a Composite Reliability (rho a) value
of 0.925 and a Composite Reliability (rho c) of 0.924. On the other hand, the Average Variance Extracted
(AVE) analysis indicated that most constructs had adequate ability to explain the variability of their indicators,
with AVE values above 0.5. However, there was an exception in the SB construct which had an AVE value of
0.486, slightly below the threshold of 0.5 [45].
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Table 2. Realibity and Validaty Testing
Construct Cronbach’s

Alpha
Composite
Reliability

(rho a)

Composite
Reliability

(rho c)

Average
Variance
Extracted

(AVE)
BI 0.895 0.898 0.896 0.633
TI 0.914 0.916 0.914 0.681
TR 0.832 0.851 0.836 0.512
SB 0.82 0.837 0.823 0.486
UB 0.924 0.925 0.924 0.709

This suggests that the indicators in the Usage Behavior construct may be less powerful in explaining
the variability of the construct, and therefore require further attention in the analysis or interpretation of the
results. Furthermore, the relatively lower AVE value for SB also highlights the need for careful interpretation
in subsequent analyses. Researchers should consider that while the construct demonstrates adequate reliability,
the lower convergent validity may impact the precision with which usage behavior is measured. Future studies
should investigate alternative measurement approaches or consider revising the existing indicators to enhance
the construct’s ability to explain variability more effectively.

Overall, the results of this analysis indicate that the constructs in this study have good reliability and
validity, supporting the appropriateness of the measurement model used. However, it is necessary to be aware of
the explanatory power of the Usage Behavior construct, which shows a slight weakness in terms of convergent
validity.

4.3. Confirmatory Factor Analysis (CFA)
Confirmatory Factor Analysis (CFA) was used to assess the measurement model in this study and en-

sure that the indicators used validly and reliably measure the intended construct. In this study, the measurement
model was evaluated using several criteria, including Discriminant Validity tested with the Fornell-Larcker Cri-
terion [46].

Table 3. Discriminant Validity Tested with the Fornell-Larcker Criterion
Construct BI TI TR SB US

BI 0.795 - - - -
TI 0.939 0.825 - - -
TR 0.991 0.898 0.715 - -
SB 0.959 0.93 0.697 0.842 -
US 0.913 0.873 0.856 0.842 0.709

The results presented in table 3. demonstrate that the discriminant validity of the constructs in the
model has been successfully tested using the Fornell-Larcker Criterion. The diagonal values, which represent
the square root of the Average Variance Extracted (AVE) for each construct, are higher than the correlation
values between each construct and other constructs in the model. For example, the AVE value for Behavioral
Intention (BI) is 0.795, which is greater than its correlations with TI (0.939), TR (0.991), Usage Behavior (SB)
(0.959), and User Satisfaction (US) (0.913). This pattern holds for all constructs, including TI, TR, SB, and
US, where their AVE values exceed the correlations with other constructs.

This result indicates that each construct in the model explains more variance in its own indicators
than it shares with other constructs, which is a key indicator of good discriminant validity. Despite some
high correlations between constructs, such as between BI and TR, or SB and TI, the AVE values consistently
remain higher, confirming that the constructs are distinct and measure unique aspects of the model. The strong
discriminant validity ensures that the constructs do not overlap significantly and can stand alone in explaining
their respective indicators. Overall, the measurement model has been validated, making it suitable for further
structural analysis

Fornell-Larcker Criterion table given, we can see that the diagonal (which is the square root of AVE
for each construct) has a higher value compared to the correlation value between other constructs in the same
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row and column. For example, for the Behavioral Intention (BI) construct, the AVE value is 0.795, which is
greater than the correlation with Technopreneurial Impact (TI) of 0.939 and with other constructs. This shows
that each construct has good discriminant validity, namely each construct is better able to explain the variability
of its own indicators compared to the variability explained by other constructs.

The results of the Confirmatory Factor Analysis (CFA) show that the measurement model in this study
has strong discriminant validity, which supports the feasibility of the model for further analysis. This shows that
the constructs in this model are able to stand alone and do not overlap significantly in explaining the indicators
being measured.

4.4. Structural Equation Modelling (SEM)
Structural Equation Modeling (SEM) was employed study to evaluate the structural relationships be-

tween the measured constructs and test the proposed hypothesis [47]. SEM is a powerful statistical technique
that allows for the examination of complex relationships between latent variables, which are variables that
cannot be directly measured but are instead represented by multiple observable indicators. By using SEM, we
are able to simultaneously assess multiple relationships within the research model, providing a comprehensive
understanding of how different factors interact.

Figure 2. Visualization of PLS-SEM

In SEM, path coefficients represent the strength and direction of the relationships between variables
in the model, ranging from -1 to 1. A positive path coefficient indicates a direct positive relationship, while
a negative coefficient indicates an inverse relationship. The closer the coefficient is to 1 or -1, the stronger
the relationship. As shown in Figure 2, the path coefficient between User Satisfaction (US) and Behavioral
Intention (BI) is 0.129, indicating a small but positive relationship. This suggests that an increase in user satis-
faction leads to a slight increase in the intention to use the AI-driven Safe Entry Stations. However, this effect
is relatively weak compared to other relationships in the model. The path coefficient between Trust (TR) and
Behavioral Intention (BI) is significantly stronger, at 0.876. This indicates that trust in the AI-driven technol-
ogy plays a crucial role in shaping users behavioral intention, implying that users who trust the technology are
much more likely to intend to use it. The relationship between Behavioral Intention (BI) and Technopreneurial
Impact (TI) is particularly strong, with a path coefficient of 1.567. This suggests that the perceived impact
of technopreneurship greatly enhances users intention to adopt the technology. It implies that the higher the
perceived value and benefits of technopreneurship from AI-driven solutions, the more motivated users are to
engage with the technology. Meanwhile, the path coefficient between Trust (TR) and Usage Behavior (SB) is
0.822, reflecting a strong positive influence. This highlights that users who trust the system are more likely to
translate their intentions into actual usage behavior. Similarly, the coefficient between User Satisfaction (US)
and Usage Behavior (SB) is 0.876, further confirming that satisfaction with the technology strongly drives
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actual usage. In contrast, the path between Usage Behavior (SB) and Technopreneurial Impact (TI) is nega-
tive, with a coefficient of -0.654. This inverse relationship suggests that frequent usage does not necessarily
correlate with a higher perception of technopreneurial impact. This might indicate that users who are already
familiar with the technology may not always perceive its broader impact as significantly as those who are newly
introduced to it. Lastly, the measurement model demonstrates high levels of reliability and validity, with factor
loadings ranging from 0.712 to 0.898 across the observed variables. These loadings indicate strong correlations
between the observed indicators and their respective latent constructs, ensuring that the measurement model
effectively captures the underlying factors in the study.

The results in the table 4. revealed that Technopreneurial Impact (TI) has a very strong positive influ-
ence on Behavioral Intention (BI), with a path coefficient of 1.567. This suggests that the more significant the
perceived impact of technopreneurship, the stronger the user’s intention to adopt the technology. Additionally,
Behavioral Intention (BI) was found to have a strong positive effect on Trust (TR), with a path coefficient of
0.876. This indicates that a stronger intention to use the technology correlates with increased user trust in the
technology.

Table 4. Path Coefficients
Construct BI TI TR SB US

BI - 1.567 - - -
TI - - 0.876 - -
TR - - -0.654 -
SB - - - –0.822 -
US - - - 0.121 0.129

However, there is a fairly strong negative relationship between TR and SB, indicated by a path coef-
ficient of -0.654. This may indicate that although users may trust the technology, this is not always directly
proportional to an increase in technology use. In contrast, the relationship between BI and US is positive with
a path coefficient of 0.129, although the effect is relatively weak. This shows that although the intention to use
technology exists, its effect on user satisfaction is not too great. In addition, SB also has a positive influence
on US with a path coefficient of 0.121. Although this effect is also weak, it shows that the use of technology
can slightly increase user satisfaction. Finally, IT has a strong positive effect on US with a path coefficient of
0.822, indicating that the influence of technopreneurship directly contributes to user satisfaction.

Overall, the SEM results indicate that the proposed theoretical model is largely supported by the
collected data, with some relationships showing very strong effects, while others show weaker or even negative
effects. These findings provide important insights into understanding how different factors interact to influence
technology adoption and use in the context of this study.

4.5. Hyphotesis Development
The results in table 5. hypothesis testing show several significant relationships in the proposed model.

First, BI behavioral intention is proven to have a very significant positive effect on IT, with a coefficient of
0.760. This indicates that the stronger the user’s intention to behave in accordance with the technology, the
greater the perceived impact of technopreneurship. This influence is supported by the T-Statistics value of
9.071 and P-Values of 0.000, indicating high significance.

Table 5. Hyphotesis Result
Original

Sample (O)
Sample

Mean (M)
Standard
Deviation
(STDEV)

T Statistics
(O/STDEV)

P Values

BI → TI 0.76 0.753 0.084 9.071 0.000
TR → BI 0.557 0.562 0.09 6.219 0.000
TR → SB 0.505 0.507 0.099 5.11 0.000
SB → TI 0.111 0.121 0.103 1.079 0.281
US → BI 0.39 0.385 0.093 4.183 0.000
US → SB 0.353 0.349 0.116 3.053 0.002
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Furthermore, user trust in TR is also proven to have a significant effect on BI, with a coefficient of
0.557. This means that increasing trust significantly increases user intention to use technology. This result is
supported by the T-Statistics of 6.219 and P-Values of 0.000, indicating the consistency and significance of
this influence. In addition, TR also significantly influences SB technology usage behavior, with a coefficient of
0.505, T-Statistics of 5.110, and P-Values of 0.000. However, the influence of SB technology usage behavior on
IT impact does not show high significance. With a coefficient of 0.111, T-Statistics of 1.079, and P-Values of
0.281, these results indicate that technology usage behavior does not have a significant direct influence on the
impact of technopreneurship in this model. On the other hand, US shows a significant influence on BI and SB.
With coefficients of 0.390 and 0.353, respectively, and T-Statistics of 4.183 and 3.053, and very low P-Values
(0.000 and 0.002), these results confirm that user satisfaction plays an important role in driving technology
usage intentions and behavior.

Overall, the results of this hypothesis test indicate that user trust and satisfaction play a key role in
driving technology adoption and use, which in turn can affect the impact of technopreneurship. However, the
direct relationship between usage behavior and technopreneurship impact is not significant, indicating the need
for further research to understand these dynamics in more depth.

5. MANAGERIAL IMPLICATIONS
From a practical perspective, the findings of this study offer several important insights for healthcare

institutions and technopreneurs developing AI-based solutions. The significant influence of User Satisfaction
(US) on Behavioral Intention (BI) and Usage Behavior (SB) highlights that improving user satisfaction should
be a top priority for healthcare developers and providers aiming to integrate AI-based systems, such as Safe
Entry Stations. Practical steps that can be taken include improving the user interface, increasing system relia-
bility, and providing adequate training for users. The weak but positive relationship between BI and US (path
coefficient = 0.129) highlights that while the intention to use the technology exists, user satisfaction needs to
be continuously improved to ensure continued use. The strong positive relationship between Trust (TR) and
Behavioral Intention (BI) also suggests the importance of building trust through measures such as algorithmic
transparency, data security, and reliable system performance. For healthcare institutions, addressing concerns
related to data privacy and system reliability is critical to enhancing user trust and promoting adoption of AI-
based technologies. Regular system updates, clear communication about how data is managed, and assurances
about the security and accuracy of the system are practical steps that can increase user trust.

The findings in this study suggest several important directions for future research. First, the negative
relationship between Usage Behavior (SB) and Technopreneurial Impact (TI) suggests the need for further re-
search to understand how and why increased usage does not necessarily translate into greater technopreneurship
success. Future research could explore whether mediating factors such as user experience, system scalability,
or contextual factors (e.g., health policy) play a role in moderating this relationship. Additionally, the lower
AVE value for the Usage Behavior (SB) construct suggests that this variable requires a more comprehensive
indicator or alternative measure to more fully capture user behavior. Future research should also delve deeper
into the role of trust in the adoption of AI technologies, especially in sensitive environments such as healthcare.
Given the importance of trust in driving behavioral intentions, understanding how trust evolves over time and
identifying specific strategies to enhance it could provide valuable insights for technopreneurs and healthcare
providers. Longitudinal studies could be particularly useful in exploring how trust evolves as users become
more familiar with AI-based systems. Send feedback Side panels History Saved

6. CONCLUSION
This study aimed to explore the relationships between user satisfaction, trust, behavioral intention,

usage behavior, and their impact on technopreneurship within the context of AI-driven technology in the health-
care sector. The analysis revealed that both user satisfaction and trust play a crucial role in driving behavioral
intention and usage behavior. Specifically, user satisfaction significantly influences both the intention to use
the technology and the actual usage behavior, with path coefficients of 0.390 (H1) and 0.353 (H2), respectively.
Similarly, TR has a significant positive effect on both behavioral intention and usage behavior, with path co-
efficients of 0.557 (H3) and 0.505 (H4), respectively. Additionally, behavioral intention was found to have a
strong positive impact on technopreneurial impact, with a path coefficient of 0.760 (H5), indicating that the
stronger the intention to use the technology, the greater the perceived impact on technopreneurship.
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These findings support the hypotheses that user satisfaction and trust significantly influence behav-
ioral intention and usage behavior (H1, H2, H3, H4) and that behavioral intention significantly impacts techno-
preneurial impact (H5). However, the study also found that the direct relationship between usage behavior and
technopreneurial impact was not significant, as indicated by a path coefficient of 0.111 (H6). This suggests
that merely using the technology does not directly lead to a measurable impact on technopreneurship in this
context. These findings underscore the importance of fostering user satisfaction and trust to drive successful
technology adoption and enhance technopreneurial outcomes.

The future research should delve deeper into understanding the factors that might mediate or mod-
erate the relationship between usage behavior and technopreneurial impact. Additionally, exploring external
factors such as institutional policies and socio-economic conditions that may influence technology adoption
would provide a more comprehensive understanding. While this study has touched on these factors, further
analysis is needed to explore how institutional policies, such as regulatory frameworks, data protection laws,
and healthcare standards, may either hinder or facilitate the adoption of AI-driven Safe Entry Stations tech-
nology. For instance, stringent regulations around data privacy could slow down adoption, while supportive
policies could accelerate its use. Similarly, socio-economic conditions, including access to technology, income
levels, and digital literacy, play a significant role in shaping user acceptance and usage of such systems. In
low-income regions or areas with limited technological infrastructure, adoption may be slower, whereas in
economically advantaged settings, the uptake might be faster. Thus, understanding these external influences is
crucial for creating tailored strategies that foster the successful integration of AI in healthcare settings. Lon-
gitudinal studies could also offer valuable insights into how user perceptions and behaviors evolve over time,
further informing strategies for successful technopreneurship. The study contributes to the literature on AI
adoption in healthcare by highlighting the importance of trust and user satisfaction in shaping technology us-
age. Practically, healthcare providers and technopreneurs should prioritize building trust and improving user
experience to encourage broader adoption.

Overall, this study provides important insights into the factors influencing the adoption of AI-driven
Safe Entry Stations in the healthcare sector. The findings emphasize the importance of user trust and satisfac-
tion, while also highlighting the complexity of the relationship between usage behavior and technopreneurial
impact. Both theoretical and practical implications have been identified, contributing to a broader understand-
ing of the adoption of AI technologies in the healthcare context. Future research should continue to explore
these relationships, focusing on trust, usage behavior, and technopreneurship, to further advance the field.
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