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Abstract

This research emphasizes the examination of factors influencing behavioral
intention to use a Geographic Information System (GIS) for coastal marine resource
management in Bandon Bay, Surat Thani Province. The study employs a survey
research design with a population comprising residents along the Bandon Bay coastline.
A sample of 398 participants was selected through simple random sampling using a
questionnaire (Cronbach's Alpha = 0.857). The research utilizes an extended the
Unified Theory of Acceptance and Use of Technology 2 (UTAUT 2) model with seven
factors: Behavioral Intention (BI), Performance Expectancy (PE), Effort Expectancy
(EE), Social Influence (SI), Facilitating Conditions (FC), Hedonic Motivation (HM),
and Price Value (PV). Data analysis was conducted by using mean, standard deviation,
correlation, and multiple regression analysis.

The findings reveal that Behavioral Intention is the factor with the highest mean
level, with an overall mean in the highest category (X = 4.623, S.D. = 0.447), followed
by Price Value with an overall mean also in the highest category (X = 4.612, S.D. =
0.464). The remaining five factors have means in the high category: Social Influence
(x=4.474, S.D. = 0.658), Performance Expectancy (X = 4.463, S.D. = 0.515), Hedonic
Motivation (x = 4.376, S.D. = 0.506), Effort Expectancy (X = 4.366, S.D. = 0.446), and
Facilitating Conditions (x =4.154, S.D. = 0.504), respectively.

The multiple regression analysis results indicate an AdjR* value of 0.637,

accounting for 63.70% of the total variance from five factors. This demonstrates that
Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions,
and Hedonic Motivation have statistically significant effects. The resulting predictive
equation is as follows: Bl = 1.463 + 0.540(PE) - 0.126(EE) + 0.200(SI) - 0.042(FC) +
0.088(HM). The findings can be applied to support the development of a geographic
information system for managing marine and coastal resources in Bandon Bay, Surat
Thani Province. The system development should focus on the factor weights specified
in the predictive equation.
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Introduction

Bandon Bay, located in Surat Thani Province in southern Thailand, is one of the
country's most significant coastal areas, renowned for its high biodiversity. The bay
encompasses shallow waters not exceeding 10 meters in depth and hosts a diverse
marine ecosystem that serves as a habitat for numerous plant and animal species. It
plays a crucial role as a traditional fishing ground, characterized by both species
diversity and abundance of marine life, which constitutes the primary source of income
for local residents (Buatrakarn, 2022). Bandon Bay is an essential component of the
local ecosystem, significantly contributing to the local economy, particularly through
fisheries and marine tourism. In addition, Bandon Bay possesses natural beauty and
attracts tourists interested in marine activities such as snorkeling, marine life
observation, and marine tourism, which promote income generation for local
communities and enhance the local economy (Chanpruek, 2021; Kaewkosaba &
Horwongsakul, 2019). This underscores the critical importance of managing and
conserving marine resources in Bandon Bay to prevent biodiversity loss and maintain
resource sustainability for the long-term benefits of both communities and the
ecosystem (Mahanit, 2019). Currently, the application of Geographic Information
Systems (GIS) in natural resource management, especially in coastal resource
management, is widespread. GIS aids in efficiently collecting and storing crucial spatial
data or information about the distribution of natural resources and areas at risk of
change (Chancharoen, 2022). It is considered as an essential tool for resource
management decision-making and plays a significant role in spatial data analysis,
studying the relationship between resource use and ecosystem impacts, and assessing
the effects of various activities (Suriya, 2021; Thepthorn, 2023).

Therefore, developing a Geographic Information System for managing the
resources of Bandon Bay, Surat Thani Province is imperative for effective planning and
management. It helps in appropriately allocating areas for conservation and fishing,
thereby supporting sustainable resource management (Panyanin, 2023; Johnson,
Nguyen & Carter., 2019; Inmoon, 2022). GIS can monitor and evaluate changes in the
area and can assess management outcomes, such as tracking coral reef decline, helping
evaluate the effectiveness of management measures by comparing results before and
after implementation, and monitoring marine environmental changes and assessing
impacts from human activities (Kasemsuk, 2021; Chuchat, 2023; Lee & Kim, 2018).
Furthermore, GIS promotes community participation through the creation of maps and
tools that enable communities to explore and access to information (Martinez & Vargas,
2024; Garcia, Liu & Martinez, 2022; Nimsuwan, 2022; Miller, Thompson & Wilson,
2021), fostering involvement in the management of Bandon Bay resources through an
efficient Geographic Information System that aligns with user needs.

The behavioral intention to use a Geographic Information System (GIS) for
coastal marine resource management in Bandon Bay, Surat Thani Province, is a crucial
consideration. This is particularly important as the system's user group comprises
citizens from communities residing in the Bandon Bay coastal area who participate in
marine resource management. These users can manage data by reporting/adding
information about marine resources or tracking resources they encounter personally.
Consequently, the system analysis and design must primarily align with the behavioral
intention to use the system. To thoroughly examine the factors influencing system
acceptance and usage, this research applies the Unified Theory of Acceptance and Use
of Technology 2 (UTAUT2) model as a key research tool. The UTAUT2 model was
developed to extend the Unified Theory of Acceptance and Use of Technology
(UTAUT) model by incorporating new significant factors such as Hedonic Motivation,
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Price Value, and Social Influence, which play crucial roles in decision-making
regarding technology use in daily life (Venkatesh, Thong & Xu, 2012). In employing
the UTAUT2 model for this study, the researcher has conducted an intensive and
comprehensive review and synthesis of significant factors from relevant research, as
shown in Table 1.

Table 1 Synthesis of Factors Affecting Behavioral Intention to Use Technology in the
UTAUT2 Model

Factors
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Khan, Ahmed & VvV vV - -
Shahzad (2020)
Understanding the impact of mobile
health applications on user behavior and
intention to use: An empirical study
Lee & Lee Understanding the acceptance of online AR R
(2021) learning platforms during the COVID-19
pandemic: A UTAUT2 perspective
Chao & Hsu Exploring the factors affecting the (A I A I A
(2021) adoption of digital health applications
among older adults: An extended
UTAUT2 model
Park, Lee & Lee | The role of social influence in the Vi vYYyovYo- -
(2023) acceptance of remote work technologies:
Insights from a UTAUT2-based study
Zhao, Lu & Facilitating conditions and technology v v v v v ; }
Wang (2020) acceptance: A study of remote work
technology adoption
Lee & Kim Exploring the role of hedonic motivation | v | v | v | ¥ - Vo
(2021) in the adoption of health apps among
adolescents
Wang & Xu The impact of price-value on the R A - -
(2022) acceptance of smart wearable devices:
Evidence from a UTAUT2 perspective
Zhang, Zhao & | Factors influencing the adoption of VIV YY)
Liu (2023) mobile banking apps among young
adults: A UTAUT?2 perspective
Khatri & Singh | Evaluating the acceptance of virtual VI v YV - Vo
(2022) reality in education: A UTAUT2 model
approach
Gupta & Gupta | Analyzing factors affecting the adoption | v | v | ¥V | ¥V | vV | ¥V | -
(2021) of telemedicine services in rural areas:
An extended UTAUT2 model
Factors determined for this research ViV v Y vY

Furthermore, the results from analyzing search results of research related to the
application of the UTAUT2 model from the Scopus database, searched on April 20,
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2022, covering studies from 2012 to 2022, revealed 3,686 document results. The
research subject areas were predominantly in Computer Science, followed by Business,
Management, and Accounting, and Social Sciences, respectively. The countries with
the most research in this field were Malaysia, China, and India, in that order. Notably,
studies using the UTAUT2 model have shown a consistently increasing trend from 2018
to 2022.

As shown in Table 1, this study employs seven factors from the UTAUT2
model: Behavioral Intention, Performance Expectancy, Effort Expectancy, Social
Influence, Facilitating Conditions, Hedonic Motivation, and Price Value. The synthesis
and selection of these factors involved a thorough and rigorous review of literature and
related research, particularly regarding the Behavioral Intention factor. This review
clearly demonstrated that Behavioral Intention is a crucial component in various
theories and models related to human behavior, serving as a primary variable in
assessing individual intentions and behaviors (Ajzen, 2020). In the context of
technology and innovation, Behavioral Intention is a key indicator that can help
evaluate users’ willingness to adopt new technologies (Venkatesh, Thong & Xu, 2021).
Studies using the UTAUT2 model indicate that Behavioral Intention significantly
influences the acceptance and success of new innovations (Venkatesh & Zhang, 2021).
More importantly, understanding Behavioral Intention can help organizations and
policymakers better plan strategies and make decisions, such as designing marketing
campaigns or developing public policies. Behavioral Intention can provide crucial
information for various strategic planning efforts (Hsu & Chiu, 2022). Based on this
literature review, the researchers have detailed the study factors as follows:

Performance Expectancy (PE)

Performance Expectancy is a crucial variable in the UTAUT2 model, playing
a significant role in evaluating the acceptance and use of new technologies, particularly
in the context of implementing new technologies in organizations or daily life.
Performance Expectancy refers to users' beliefs about technology’s capability to
enhance work efficiency or yield improved outcomes (Venkatesh & Zhang, 2021). It is
essential in stimulating usage intention and it is also considered as a primary factor
motivating individuals to adopt technology, as users tend to choose technologies, they
believe will increase their work efficiency and benefits (Venkatesh, Thong & Xu,
2021). High performance expectancy is likely to lead to increased satisfaction with
technology use, as the technology meets users' expectations for improved efficiency
and desired outcomes (Hsu & Chiu, 2022). When users believe that new technology
will enhance their work efficiency and produce better results, they are more likely to
accept and use that technology, which impacts the support and implementation of
technology in organizations (Zhang & Liu, 2023). This study emphasizes the
importance of understanding performance expectancy for designing and developing
systems that better respond to user needs.

Effort Expectancy (EE)

Effort Expectancy refers to users’ beliefs about the ease of use and learning of
new technologies (Venkatesh & Zhang, 2021). It is a crucial factor in reducing
resistance to the adoption of new technologies, as users tend to avoid technologies they
perceive as requiring significant effort to learn and use (Hsu & Chiu, 2022). Effort
Expectancy can increase adoption rates, as technologies with low effort expectancy are
more likely to be implemented because users feel they can start and use the technology
without expending much effort (Kim & Lee, 2023). Additionally, Effort Expectancy
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enhances user experience by reducing the effort required for use, leading to improved
experiences and satisfaction with technology, which affects long-term usage (Nguyen,
Tran & Nguyen 202 2). Effort Expectancy also impacts user satisfaction with
technology use, where reducing the effort required can increase satisfaction and
willingness to use the technology in the long term (Zhang & Liu, 2023; Zhang, Zhao &
Liu, 2023).

Social Influence (SI)

Social Influence is a crucial variable in the UTAUT2 model, explaining the
impact of influential individuals or social groups on an individual's intention to use
technology. Studies on Social Influence help us understand the motivations from social
environments that affect technology acceptance and use. Social Influence refers to an
individual's belief about how others or social groups influence their decision to use new
technology (Venkatesh, Thong & Xu, 2021). It is important in fostering willingness to
use technology. Support or recommendations from friends, family, or influencers can
increase willingness to try and use new technologies (Hsu & Chiu, 2022). Users tend
to adopt the opinions or behaviors of those around them more than making decisions
based solely on their own thoughts (Kim & Lee, 2023). Social Influence helps create
popularity and awareness, as the use of new technologies supported by social groups
tends to become trends, which can affect widespread acceptance and use of technology
(Nguyen, Tran & Nguyen, 2022; Lee & Kim, 2023).

Facilitating Conditions (FC)

Facilitating Conditions refer to the support in terms of resources, equipment,
assistance for troubleshooting, training or manuals, and infrastructure that enable users
to adapt and use technology or systems efficiently. It is a necessary element that should
be supported by organizations for system use. Facilitating Conditions are a significant
factor affecting users' intention to use technology, enhancing employees’ confidence in
using technology, which impacts the intention to use the system effectively. The
development of good technological infrastructure helps reduce potential problems in
using new technologies (Escobar-Rodriguez & Monge-Lozano, 2021). Thus,
Facilitating Conditions play a crucial role in supporting the implementation of new
technologies or systems, whether through organizational support, infrastructure,
training, or access to resources. All of these contribute to users’ ability to adapt and use
technology efficiently, affecting long-term success in usage (Ahmed, Rehman & Ali,
2022; Zhang & Liu 2023;).

Hedonic Motivation (HM)

Hedonic Motivation is a crucial factor driving user behavior, especially in the
context of technology use in the digital era. In this context, Hedonic Motivation refers
to the fun or satisfaction derived from using technology, which can directly affect users'
intentions and usage behavior. The importance of Hedonic Motivation lies in its ability
to increase usage intention. This research has shown that Hedonic Motivation
significantly impacts the intention to use technology. Venkatesh & Zhang (2021)
indicated that the enjoyment users derive from using digital applications or platforms
directly influences their decision to continue using that technology. Hedonic Motivation
plays a role in increasing user engagement with technology. The research by Liu, Yuan
& Chen(2022) found that when users enjoy using an application, they tend to spend
more time exploring various features and develop better relationships with the brand or
product. Furthermore, Hedonic Motivation affects the acceptance of new technologies.
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If users experience pleasure and enjoyment, it further stimulates their acceptance of
new technologies, especially among users with little prior experience. The more users
enjoy using technology, the more likely they are to feel satisfied and loyal to that
technology, leading to repeated use and recommendations to others (Sun & Huang,
2023; Lee, Kim & Park, 2024).

Price Value (PV)

Price Value is a crucial factor influencing consumer decision-making in
selecting products or services. It refers to the perceived value assessment by consumers
in exchange for the money they spend on the benefits or value received. Price Value
plays a significant role in the purchasing decision process, especially in the context of
digital goods and services. The importance of Price Value impacts purchase intention.
A study by Kim & Lee (2021) found that when consumers perceive a product or service
as valuable relative to its price, they are more likely to make a purchase decision. Price
Value also affects perceived value and repurchase decisions. The perception of value
in exchange for price plays a crucial role in consumer repurchase decisions. The
research by Huang, Wu & Zhang. (2022) found that consumers who perceive they
receive higher value compared to the price paid are more likely to repurchase and
recommend the product or service to others. Similarly, Sharma & Singh (2022)
indicated that consumers who feel they receive greater value than the price paid
experience higher satisfaction levels, which leads to brand loyalty. Wang & Lee (2024)
demonstrated that Price Value influences consumer decisions in adopting new
technologies. If consumers perceive technology as valuable compared to its price, they
are more likely to accept and use it.

Objectives

To examine the factors affecting behavioral intention to use the Geographic
Information System for marine resource management in Bandon Bay, Surat Thani
Province.

Conceptual Framework

The researcher intensively synthesized factors from literature reviews and
related research to define the research conceptual framework. This framework aims to
examine factors affecting behavioral intention to use the Geographic Information
System for marine resource management in Bandon Bay, Surat Thani Province. The
study employs the Unified Theory of Acceptance and Use of Technology 2 (UTAUT
2) (Venkatesh, Thong & Xu, 2012) to determine seven factors: Behavioral Intention,
Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions,
Hedonic Motivation, and Price Value. The research hypotheses are illustrated in
Figure 1.
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Effort Expectancy - H2

Social Influence — Behavioral Intention
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Facilitating Conditions

Hedonic Motivation

Price Value

Figure 1. Research hypothesis

Research Hypotheses

H1: Performance Expectancy has a statistically significant effect on Behavioral
Intention to use the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province.

H2: Effort Expectancy has a statistically significant effect on Behavioral
Intention to use the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province.

H3: Social Influence has a statistically significant effect on Behavioral Intention
to use the Geographic Information System for coastal marine resource management in
Bandon Bay, Surat Thani Province.

H4: Facilitating Conditions have a statistically significant effect on Behavioral
Intention to use the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province.

H5: Hedonic Motivation has a statistically significant effect on Behavioral
Intention to use the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province.

H6: Price Value has a statistically significant effect on Behavioral Intention to
use the Geographic Information System for coastal marine resource management in
Bandon Bay, Surat Thani Province.

Research Design
1. Population and sample

1.1 Research Population: The population in the Bandon Bay area covers
7 districts, including Tha Chana, Chaiya, Tha Chang, Phunphin, Mueang, Kanchanadit,
and Don Sak, with a total population of 558,854 (Surat Thani Provincial Statistical
Office, 2021).

1.2 Research Sample: The sample size should not be less than 20 times
the number of variables studied (this research has 7 variables). Therefore, the sample
population is not less than 140 people (Hair et al., 2014; Leekitwathana, 2012). This
study determined a research sample of 398 people and used simple random sampling to
collect research data according to the survey research design.
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2. Research instrument

2.1 Research Tool: The results from reviewing relevant research and
theories related to this study, and synthesizing the key factors anticipated to influence
user behavior and preferences were applied to create a questionnaire as the research
instrument, based on the Unified Theory of Acceptance and Use of Technology
(UTAUT 2) (Venkatesh, Thong & Xu, 2012). The researcher added relevant factors to
expand the research conceptual framework to comprehensively cover the research
objectives, totaling 7 factors with 35 indicators. The questionnaire used a 5-level rating
scale (Srisa-ard, 2017).

2.2 Quality of Research Instrument: The validity of the questionnaire
was evaluated using the Index of Item-Objective Congruence (I0C), with assessments
conducted by a panel of three experts. All items had values ranging from 0.60 to 1.00
(Rovinelli & Hambleton, 1976; Ursachi, Horodnic & Zait, 2015). The reliability was
checked using Cronbach's Alpha Method, yielding a value of 0.857 (Cortina, 1993).

3. Data collection: The researcher employed a questionnaire to gather data from
a sample of 398 individuals residing in the Bandon Bay area, selected through simple
random sampling, from July to December 2022. Before initiating data collection, the
researcher provided a detailed explanation of the respondents’ rights and obtained their
informed consent in compliance with established ethical standards for research
involving human participants.

4. Data analysis: The collected data were analyzed by using research statistics
with SPSS software as follows:

4.1 Analysis of mean and standard deviation for data on factors affecting
behavioral intention to use the Geographic Information System for Bandon Bay
resource management, Surat Thani Province, using interpretation criteria of Srisa-ard
(2017) with a 5-level rating scale.

4.2 Correlation analysis and multiple regression analysis to test research
hypotheses for examining factors affecting behavioral intention to use the Geographic
Information System for Bandon Bay resource management, Surat Thani Province.

This research methodology begins with a rigorous process of population
determination and sample selection, creation of a quality research instrument, data
collection, and data analysis to obtain valuable in-depth study results. The research
methodology process is illustrated in Figure 2.

Sample size: 398

Simple random sampling technique (Leekitchwatana, 2012)

Extention of UTAUT2 Mode] (Queationnaire Design)

Cronbach’s Alpha = 0.857
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Collecting data using questionnaires
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Data collection

Mean and Standardization

Correlation and Multiple regression Analysis

Data analysis

Figure 2. Research methodology process
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Results

The Pearson correlation coefficient analysis and independence testing of all
independent variables using Tolerance values showed that this research had values
greater than 0.2 for all variables. The Variance Inflation Factor (VIF) was required to
not exceed 10 for all variables. The results indicated that VIF values did not exceed 10,
demonstrating that the independent variables were not correlated. Additionally,
no variable had a Tolerance value approaching 0, thus concluding that the variables
were highly independent of each other. This met the conditions for regression analysis
of Independent Tolerance VIF (Stoltzfus, 2014; Jinpeng, Smith & Zhou, 2023).
As presented in Table 2, the highest correlation coefficient between variables was found
between Bl and PE, with a coefficient of 0.781, statistically significant at the 0.01 level.
This coefficient was within the acceptable threshold of not exceeding 0.80, confirming
that this analysis did not exhibit multicollinearity, thus ensuring reliable research results
(Gujarati & Porter, 2009).

Table 2. Results of correlation analysis

Variables PE EE SI FC HM PV BI Tolerance VIF
X 4.463 4.366 4.474 4.154 4.376 4.612 4.623
S.D. 0.515 0.446 0.658 0.504 0.506 0.464 0.447
PE 0.517%% | 0.479%% | 0.546%* | 0.614%* | 0.628%* | 0.781%* 0.478 2.093
EE 0.490%* | 0.610%* | 0.559%% | 0.613%* | 0.412% 0456 2.192
SI 0.432%% | 0.678%* | 0.728%* | 0.630%* 0.278 3.603
FC 0.656%* | 0.416* | 0.433%* 0.399 2.503
HM 0.718%* | 0.625%* 0316 3.169
PV 0.668%%* 0.282 5.491
BI
*Correlation 1s significant at the 0.05 level (2-tailed).
** Correlation is significant at the 0.01 level (2-tailed).

Furthermore, the examination of means and standard deviations of factors
affecting behavioral intention to use the system revealed that Behavioral Intention had
the highest average level compared to other factors in this study, with a total mean at
the highest level (x = 4.623, S.D. = 0.447). This was followed by Price Value, also at
the highest level (x = 4.612, S.D. = 0.464). The other five factors were all at high level:
Social Influence (x =4.474, S.D. = 0.658), Performance Expectancy (x = 4.463, S.D. =
0.515), Hedonic Motivation (X = 4.376, S.D. = 0.506), Effort Expectancy (X = 4.366,
S.D. = 0.446), and Facilitating Conditions ranking seventh (x = 4.154, S.D. = 0.504),
respectively.
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Table 3. Multiple regression analysis

Model Behavioral Intention (BI) t o-value
B Std. Error
Intercept 1.463 0.539 2.714 0.011*
Performance Expectancy (PE) 0.540 0.129 4.183 0.000*
Effort Expectancy (EE) -0.126 0.152 0.827 0.005*
Social Influence (SI) 0.200 0.132 1.518 0.000*
Facilitating Conditions (FC) -0.042 0.143 0.296 0.015*
Hedonic Motivation (HM) 0.088 0.162 0.540 0.000*
Price Value (PV) 0.044 0.233 0.189 0.285
R-squared = 0.703 AdjR® =0.637 SE,, =0.265 F=10.650

* Regression is significant at the 0.05 level (2-tailed)

Table 3 showed that Performance Expectancy, Social Influence, and Hedonic
Motivation exhibited positive relationships, while Effort Expectancy and Facilitating
Conditions showed negative relationships. These variables affected the behavioral
intention to use the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province, with overall statistical significance
at 0.05 for all these variables, except for Price Value, which did not show a significant
relationship or impact on the behavioral intention to use the system.

The multiple regression analysis results showed an Intercept of 1.463 and an R2
of 0.637, indicating that the variables influencing the behavioral intention to use the
Geographic Information System for coastal marine resource management in Bandon
Bay, Surat Thani Province, accounted for 63.70% of the total variance from five factors:
Performance Expectancy, Social Influence, and Hedonic Motivation have positive beta
values, while Effort Expectancy and Facilitating Conditions have negative beta values.

These findings highlight the importance of factors that play crucial roles in
analyzing and designing an efficient system that aligns with future user behavior needs.
These factors have been rigorously verified as clear indicators for predicting
participation in using the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province, as shown in the following
predictive equation:

Bl = 1.463 + 0.540(PE) - 0.126(EE) + 0.200(SI) - 0.042(FC) + 0.088(HM)
where:

Bl = Behavioral Intention

PE = Performance Expectancy

EE = Effort Expectancy

Sl = Social Influence

FC = Facilitating Conditions

HM = Hedonic Motivation

Moreover, the research hypothesis testing to examine factors affecting

behavioral intention to use the Geographic Information System for coastal marine
resource management in Bandon Bay, Surat Thani Province, resulted in the acceptance
of five hypotheses (H1 - H5). This indicates that Performance Expectancy, Effort
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Expectancy, Social Influence, Facilitating Conditions, and Hedonic Motivation all have
statistically significant effects on Behavioral Intention to use the system. The
hypothesis testing resulted in the rejection of one hypothesis, H6: Price Value does not
have a statistically significant effect on Behavioral Intention to use the Geographic
Information System for coastal marine resource management in Bandon Bay, Surat
Thani Province.

Discussion and Conclusion
In this study, the researcher's multiple regression analysis revealed an Intercept

of 1.463 and an AdjR? of 0.637, accounting for 63.70% of the total variance from five

factors. The remaining 36.30% is influenced by other variables not included in this
study. This demonstrates the impact of variables affecting the behavioral intention to
use the Geographic Information System for coastal marine resource management in
Bandon Bay, Surat Thani Province, as detailed below:

Performance Expectancy has a statistically significant effect on Behavioral
Intention to use the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province (f = 0.540). This result accepts
hypothesis H1, aligning with the findings of Hsu & Chiu (2022), which showed that
Performance Expectancy can accurately predict the acceptance and use of new
technologies. Users tend to choose technologies they expect will improve efficiency
and outcomes. Both system quality and data quality in the system are likely to increase
the tendency towards behavioral intention to accept and use that technology. This
affects organizational support and technology adoption (Zhang & Liu, 2023; Zhang,
Zhao & Liu, 2023). Venkatesh, Thong & Xu (2021) found that Performance
Expectancy is a highly influential variable on the intention to use new technologies,
especially in organizational contexts where technology use is related to work efficiency.
Systems should not be complex, should help reduce time or effort in use, and must be
beneficial to work. This is consistent with studies by Gong, Xu & Zhang (2024)
Nguyen, Tran & Nguyen (2022) and Zhang & Liu (2023) found that Performance
Expectancy also impacts user satisfaction in technology use, directly affecting long-
term intention to use the technology. This research should therefore emphasize the
importance of understanding performance expectations to design and develop
technologies that better respond to user needs.

Effort Expectancy has a statistically significant effect on Behavioral Intention
to use the Geographic Information System for coastal marine resource management in
Bandon Bay, Surat Thani Province (B = -0.126). This result accepts hypothesis H2.
It is an important factor for increasing the likelihood of using new technologies or
systems. When users feel the system is easy to use, it leads to a greater tendency to use
the system, as users feel they can start and use the technology without much effort (Kim
& Lee, 2023). If the system has uncomplicated learning steps and users can interact
with the system easily and smoothly (Gong, Xu & Zhang, 2024), it reduces the effort
required for use, helping users have a better experience and satisfaction with the
technology, which affects long-term use (Nguyen, Tran & Nguyen, 2022; Zhang & L.iu,
2023). Furthermore, Venkatesh & Zhang (2021) found that Effort Expectancy directly
impacts the intention to use new technologies, especially in contexts where users need
to learn and adapt to new technologies. Low effort expectancy makes users more willing
to adopt the technology, demonstrating that Effort Expectancy plays a crucial role in
behavioral intention to use the system.
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Social Influence has a statistically significant effect on Behavioral Intention to
use the Geographic Information System for coastal marine resource management in
Bandon Bay, Surat Thani Province (f = 0.200). This result accepts hypothesis H3.
Social Influence is a stimulus from the social environment and is an individual's belief
about how other people or social groups influence the decision to use new systems or
technologies (Venkatesh & Zhang, 2021; Chen, Liu & Wang, 2023). Users tend to be
influenced by opinions, support, or behaviors of colleagues, family, executives, local
leaders, or people around them rather than making decisions based on their own
thoughts. This affects the perception of successful use by others, helping users feel
confident in trying and using new systems or technologies (Hsu & Chiu, 2022; Zhou &
Li, 2024; Martinez & Vargas, 2024). It helps create popularity and awareness. New
technologies that are supported by social groups are likely to become trends or popular
among groups of people, which can affect the acceptance and use of technology on a
wide scale (Nguyen, Tran & Nguyen, 2022; Gong, Xu & Zhang, 2024; Sharma &
Singh, 2022).

Facilitating Conditions has a statistically significant effect on Behavioral
Intention to use the Geographic Information System for coastal marine resource
management in Bandon Bay, Surat Thani Province (B = -0.042). This result accepts
hypothesis H4, consistent with the study by Escobar-Rodriguez & Monge-Lozano
(2021), which found that technological support from organizations can increase
employee confidence in using technology, affecting the intention to use the system
effectively. Good technological infrastructure development must help reduce problems
that may arise in using new technologies, including readiness of resources and
equipment, having a system of assistance in using the system, as well as an environment
conducive to system use. Additionally, the research by Zhang, Wang & Li (2023)
indicates that quality Facilitating Conditions can reduce user resistance to change and
increase sustainability in long-term technology use. In terms of training and skill
development, adequate training helps users use new technologies to their full potential
(Ahmed, Rehman & Ali, 2022; Zhang & Liu, 2023).

Hedonic Motivation was found to have a statistically significant effect on
Behavioral Intention towards the Geographic Information System for Coastal Marine
Resource Management in Bandon Bay, Surat Thani Province (p = 0.088). This finding
supports hypothesis H5 and aligns with the study by Venkatesh & Zhang (2021), which
indicated that the enjoyment users derive from digital applications or platforms directly
influences their decision to continue usage. It also corroborates the research of Liu,
Yuan & Chen (2022), who found that when users enjoy an application, they tend to
spend more time exploring its features and develop a stronger relationship with the
brand or product. Furthermore, Hedonic Motivation influences the adoption of new
technologies. Users who experience pleasure, excitement, or relaxation from using a
system are more likely to accept new technologies, especially among those with limited
prior experience. This increased acceptance leads to system usage during leisure time,
consistent with findings by Sun & Huang (2023) and Lee, Kim & Park (2024). These
studies emphasize that Hedonic Motivation positively correlates with user satisfaction
and loyalty. The more enjoyment users derive from technology use, the more likely
they are to feel satisfied and loyal, leading to repeated use and recommendations to
others.
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Conversely, this study found that Price Value did not have a statistically
significant effect on Behavioral Intention towards the Geographic Information System
for Coastal Marine Resource Management in Bandon Bay, Surat Thani Province ( =
0.044). This result rejects hypothesis H6 and contradicts the findings of Kim & Lee
(2021), who observed that when users perceive a product as valuable relative to its
benefits and competitive with similarly priced digital products or services, they are
more willing to pay for the system and view it as an economical and worthwhile choice.
This perception typically leads to increased system adoption and repeated use (Huang,
Wu & Zhang, 2022). The discrepancy in findings may be attributed to the specificity of
the system under study, which is not a widely used digital product or service. The results
suggest that users prioritize system efficiency, ease of use, enjoyment, and minimal
learning effort, along with system support - factors that showed statistically significant
influence. This indicates that Price Value does not significantly impact the behavioral
intention to use this particular system. This research has raised awareness about the
importance of developing such systems by emphasizing the need to analyze and design
them in direct alignment with user requirements. The primary focus is on considering
key factors identified in this study. Consequently, the analysis and design of this system,
which is both specific and tailored, presents a significant responsibility and challenge,
as it must effectively serve the needs of local community users.
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The list of questions that passed the quality control of the instrument with
Cronbach's Alpha value between 0.637 - 0.824 and the total value of this research
questionnaire was equal to 0.857 as shown in Table 4.
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List of questions | Reliability
Performance Expectancy (PE)
1. You expect this system to help improve the efficiency of marine resource 0.751
management (PE1).
2. You expect the system to have quality in both functionality and data quality to 0.799
support marine resource management processes for agencies and stakeholders
(PE2).
3. You expect this system to help you perform complex tasks better (PE3). 0.790
4. You expect this system to reduce the time spent on managing marine resources 0.787
(PE4).
5. You expect this system to be useful for marine resource management (PE5). 0.754
Effort Expectancy (EE)
1. You think this system is easy to use (EE1). 0.782
2. You think this system has a simple learning process (EE2). 0.736
3. You think the interaction was smooth and hassle-free (EE3). 0.740
4. You think the system works immediately without needing additional assistance 0.764
(EEA4).
5. You think the system will not cause you too much confusion or problems 0.726
(EE5).
Social Influence (SI)
1. The opinions of friends or colleagues influence your decision to use this 0.725
system (SI1).
2. You feel that people who are important to you (e.g. family, boss, local leaders) 0.804
expect you to use this system (S12).
3. Support from people around you makes you more likely to use this system 0.778
(SI13).
4. You think that using this system will make you accepted by people around you 0.767
(S14).
5. The opinions of academics, experts or leaders have influenced your decision to 0.777
use this system (SI5).
Facilitating Conditions (FC)
1. You have sufficient resources or equipment to use this system (FC1). 0.670
2. You feel that there is sufficient technical assistance available when you 0.577
encounter problems using this system (F2).
3. You have the knowledge and skills necessary to use this system (FC3). 0.600
4. You think the relevant organization or agency has a policy or training to 0.630
support the use of this system (FC4).
5. You feel that your environment is conducive to using this system (FC5). 0.594
Hedonic Motivation (HM)
1. You think using this system will make you feel fun and satisfied (HM1). 0.718
2. You think using this system will make you feel happy (HM2). 0.729
3. You think using this system will be an interesting and exciting experience 0.770
(HM3).
4. You think using this system will help you feel relaxed (HM4). 0.824
5. You think using this system would be a good way to spend your free time 0.778
(HM5).
Price Value (PV)
1. You think the cost of using this system is worth the benefits it will provide 0.645
(PV1).
2. You feel that this system offers good value compared to other similarly priced 0.772
technologies/systems (PV2).
3. You are willing to pay for the system because you think it provides more value 0.690
than you pay for it (PV3).
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List of questions Reliability
4. You think the price of this system is reasonable for the quality and 0.806
performance received (PV4).
5. Considering the cost, you feel that using this system is a cost-effective and 0.769
worthwhile option (PV5).
Behavioral Intention (BI)
1. You intend to use this system in the future (BI1). 0.668
2. You plan to use this system continuously (BI2). 0.639
3. You think this system will be used frequently in the future (BI3). 0.637
4. You are likely to recommend this system to other people (Bl4) 0.773
5. You believe that use of this system will be an important part of your future 0.675
activities (BI5).
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