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A B S T R A C T 

Artificial intelligence (AI) technology in healthcare has the potential to reach 

mass targets by providing rapid and free-cost services. The paper tries to reveal 

determinant factors on AI acceptance using the extended Technology 

Acceptance Model and testing correlations among organizational capability 

and self-efficacy as external variables to user’s acceptance on the classic TAM 

variables. The study utilized a structural equation model for quantitative tests. 

It is revealed that using advanced technology in rural areas goes beyond simply 

developing a system that meets technological standards per se. Building local 

organization capability is a must when it gives a multiplier positive impact on 

other variables. The better the organizational capability, the higher the self-

efficacy of the village users, leading to higher acceptance and increased use of 

the AI application at the village level. These results reaffirm the strength of 

TAM as a foundational framework for understanding user acceptance of 

technology in diverse settings and validate its continued relevance in 

contemporary research. 

                    © 2026 Journal of Trends and Challenges in Artificial Intelligence R      

 

 
 

 

1. INTRODUCTION 
 

In line with the global agenda, stunting prevalence 

reduction in Indonesia has become a priority program; 

since 21.6% of Indonesian children suffer from stunting 

in 2022. Though, it was decrease compare to the 2013 

survey with 37.2%. However, the data is still alarming 

that about 4.7 million Indonesian children are at risk of 

stunting. Stunting is failure growth due to chronic 

malnutrition during the critical physical and cognitive 

development of the first two years of a child's life 

(Budiastutik & Nugraheni, 2018; Ejaz & Latif, 2010). 

The obvious stunted children are shorter and height 

below average for their age (Titaley et al., 2019). 

Stunting has severe long-term impacts on children's 

health and development. Stunting syndrome reflected 

linear and multiplied children retardation growth, which 

is associated with morbidity, physical and mental 

retardation and leads to metabolic disease in adulthood 

(Leroy & Frongillo, 2019; Soliman et al., 2021; UNICEF 

et al., 2023).  It is also important to note that stunting is 

more prevalent in rural areas (Akram et al., 2018; 

Khuwaja et al., 2005; Nugroho & Putri, 2019; Sserwanja 

et al., 2021). 

Stunted children become a global issue when the long-

term consequences will impede their physical and mental 

development (Galasso & Wagstaff, 2018; McGovern et 

al., 2017; Perkins et al., 2017). Irreversible physical and 

cognitive failure leads to substantial economic losses for 

low—and middle-income countries. The annual 

economic loss is at least US$135.4 billion, and sufferers 

experience significant income reductions (Akseer, 2022). 

The issue of stunting is complex and needs a 

comprehensive public policy framework to solve the 

problems. How does national policy interpret and provide 
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sufficient budget, human resources, and building network 

at the local level are key determinant factors (Arieffiani 

& Ekowanti, 2024). Injecting technology innovation 

proves accelerate stunting prevalence reduction in 

Indonesia (Yuliansyah et al., 2022). 

Globally,there is now great interest in using Artificial 

intelligence (AI), and several studies have focused on its 

utilization. AI provides significant benefits due to its 

ability to perform complex tasks.  Artificial intelligence 

benefited human life with its ability to increase efficiency 

and faster, accurate, and real-time services. AI powerful 

technology has a significant potential for modern human 

life (Davenport & Ronanki, 2018; Dwivedi et al., 2021; 

Mikalef & Gupta, 2021; Yigitcanlar et al., 2020). Despite 

the pros and cons of ethical violations, the unimaginable 

development of sciences and technology over the last five 

decades has shifted the world from the conventional 

human capacity to superhuman capabilities. Artificial 

intelligence consistently performs specific tasks with 

mathematical precision and speed far exceeding human 

capabilities (Davenport, 2019; X. Zhang & Wen, 2021). 

Artificial intelligence technology have utilized into broad 

spectrum human life (Jiang et al., 2017; Russell & 

Norvig, 2016). AI used in public administration since it 

contributes on decision making policy process 

(Dziundziuk et al., 2024) for better policy 

implementation (Mikhaylov et al., 2018). The use of AI 

in the health sector has been widely known and revealed 

it has the potential to improve quality of life (Alowais et 

al., 2023; Bajwa et al., 2021; Davenport, 2019; Jiang et 

al., 2017).  Artificial intelligence is vital in improving 

diagnosis accuracy, personalized care, and health data 

management to provide more effective and affordable 

healthcare services (Lee et al., 2024; Ramezani et al., 

2023; Wu, 2024). Though it less effective for complex 

case. 

AI is an effective instrument for stunting. However, 

implementing this advanced technology in areas with low 

socio-economic and technological levels is questionable. 

Sumedang Regency area is 1.559 km2, divided into 26 

sub districts and 270 villages at rural and 7 in town, the 

human index development is 72,69. In 2018, the number 

of stunting sufferers almost spread across villages. While 

the Sumedang Government believes in the potential of AI 

inline with the policy of smart-government and take 

advantages of gadget ownership among villagers, 

however several factors have to be considered.  

Whereas, AI closely relate with urban context, well 

educated and well informed (Yigitcanlar et al., 2020), 

therefore how it utilized in rural areas is intersting to be 

exposed.  Some paper reveal that community 

participation and its involvement as users are the main 

keys to the successful implementation of AI (Boyce et al., 

2024; Dahawy & Kamel, 2005), especially for the 

advance-latest technology such as AI. Though the 

perception of AI still polarized among people, the 

controversy is around benefits and ethics, still debatable 

(Gerlich, 2023). Recent papers provide rich sources on 

how AI technology utilized and accepted. Some paper 

pointes direct dimension of AI’ acceptance. Determinant 

factors of AI’ acceptance is depend on country and 

individual digital capacity (Demaidi, 2023; Vu & Lim, 

2022) trust comes as hinder factor for medical doctor 

(Tamori et al., 2022) to some extent,  cultural is important 

factor when AI can’t replicate human (Kelly et al., 2023). 

The most important factor for developing countries is that 

increasing capacity building, public-private partnerships, 

and tailored policy frameworks to address infrastructure 

limitations and skill gaps (Kelly et al., 2023) .  

The Sumedang government acknowledges its 

shortcomings and has taken significant steps to 

implement the AI’ stunting prevalence application. 

Collaborated with the private sector to strengthen 

technological infrastructure and utilize CSR funds to 

distribute smartphones for  health and development 

volunteers, and government officials at the village level. 

Creating a comprehensive business processes involving 

different municipal agencies such as health, social, 

education, public works, regional planning, sub-district, 

and village organizations. The municipal government 

facilitates digital knowledge transfer through 

dissemination and training for village users. However, 

the impact of these efforts on the acceptance of artificial 

intelligence technology in rural communities still 

requires scientific validation. Accepting artificial 

intelligence technology in rural communities still needs 

to be scientifically proven. 

The injection of AI as a mass-healthcare tool at the 

municipal administration level in developing countries is 

an interesting phenomenon that poses an intriguing 

question about how rural communities with a low level 

of economic-societal-digital literacy can accept this 

technology to their benefits and what the municipal’ do 

to get optimum result. 

The research uses a case study approach. The case study 

method is an in-depth research approach to a particular 

phenomenon or subject in a real situation (Priya, 2021). 

The main goal is to gain a deep understanding of how a 

phenomenon or specific issue operates in a specific 

context (Coombs, 2022) . The method selected based on 

some considerations: 1) The Sumedang government is 

the first local government organization to use AI formally 

on a wide scale to reduce stunting, 2) Sumedang is 

considered to be among the first AI’ user and the leading 

reduce-stunting prevalence municipal in Indonesia.3) 

The use of AI has succeeded in reducing the prevalence 

of stunting significantly. 4) The central government then 

adopted the e-simpati application used in Sumedang for 

apply in 50 other municipalities that have high stunting 

prevalence rates. The question raises on this paper is How 

do ruralites accept artificial intelligence applications, and 

what is the determinant factor? The novelty of the paper 

is reveal the local organizational capability is 

determinant factor on how the technology accepted in 

rural areas.  

 

 

2. LITERATURE REVIEW 
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The Technology Acceptance Model  is a well-establishes 

framework for measuring individual-user reactions to the 

new technology (Martin, 2022). It covers two main 

variables: perceived usefulness (PU) and perceived ease 

of use (PEOU), which influence users' attitudes toward 

technology, affecting their intention to use it and, 

ultimately, their actual usage on its technology 

(Vogelsang et al., 2013) . PU refers to the increase in user 

job performance using a particular system. PEOU refers 

to the user's belief that the system is effortless. By 

understanding these factors, TAM helps predict and 

explain user adoption of new technologies. The user's 

belief that the system is effortless. By understanding 

these factors, TAM helps predict and explain user 

adoption of new technologies (Davis, 1989; Venkatesh & 

Davis, 1996). Suppose the 'common' technology 

acceptance tools are available in various models. Given 

its deep intervention in daily human activities, how is AI 

technology accepted when it replaces human work with 

machines and when utilized in public services? Public 

acceptance of AI services is related to the government's 

capacity as a provider (Gesk & Leyer, 2022), where trust 

and the practical applications of AI are significant factors 

shaping public opinion and engagement with the 

technology. Despite of uniformity acceptance tool for AI 

technology, however the recent studies revealed that the 

modified-extended Davis’ TAM’ model is the most 

preference  models for explaining the factors that 

influence the acceptance of various artificial intelligence 

technologies across different user groups, settings, and 

(Agustini et al., 2023; Alhashmi et al., 2019; Aziz et al., 

2020; Darayseh, 2023; Hercheui & Mech, 2021; Jimenez 

et al., 2021; Kim, 2024; Na et al., 2022; Sohn & Kwon, 

2020; Wang et al., 2023; C. Zhang et al., 2023) . Along 

with technology development, TAM has evolved into an 

open model for adapting to different technological 

contexts, revealing new determinant factors on TAM 

generic (Alshammari & Rosli, 2020; Aziz et al., 2020; 

Marangunić & Granić, 2015). 

In addition to the core variables of PEOU, PU, Attitude, 

Behavioral Intention, and Actual Use, the Technology 

Acceptance Model (TAM) also identifies external 

variables that influence AI technology acceptance.  These 

external variables are frequently modified and extended 

in research on AI acceptance.These external variables 

addition include  user characteristic: self efficacy, anxiety 

& stress (Darayseh, 2023; Liao et al., 2018; Marangunić 

& Granić, 2015; Navarro et al., 2023; C. Zhang et al., 

2023), enjoymeny, effort, performance  (Kim, 2024) 

experiences & skills (Agustini et al., 2023) ; innovation 

characteristic: compatibility, complexity (Hercheui & 

Mech, 2021), image: reliability, security , well being 

benefits (Kim, 2024)  ;  environmental characteristic: 

trust & subjective norm (AlQudah et al., 2021; Wang et 

al., 2023),  innovativeness (Cornelissen et al., 2022).   

Self-efficacy is a crucial external factor that affects the 

adoption of new technology, it is pertains to an 

individual's belief in their ability (Liao et al., 2018),  

know-how  (Pan, 2020), desire (Darayseh, 2023) , 

confidence (Navarro et al., 2023), competence (Zhang et 

al., 2023)   to use technology effectively. Research on 

technology acceptance in different areas, including rural 

and remote regions, shows that self-efficacy is the strong 

predictor, meaning that technology will only be used by 

users if they have adequate capacity to navigate it and 

help their tasks . Self-efficacy is rooted in the 

psychological concept of how people perceive and 

engage with new technologies.. Varying levels of 

individual self-efficacy lead to different outcomes in 

technology acceptance. This paper measures self-

efficacy across three dimensions: knowledge, ability, and 

experience.is measured by three dimensions: knowledge, 

ability, and experiences.  

The primary results of the TAM research are focused on 

individual decisions on whether the user will take or 

leave the new technology. Here, we can say that 

acceptance of AI depends on the user's preferences; 

however, who has responsibility for it? Do they increase 

digital capability on their own? The answer is yes if the 

user has adequate knowledge and socio-economic level 

and link with the new innovation, but how does it happen 

in for rural community in developing countries? 

Some papers mention that formal institutions take part in 

TAM (Na et al., 2022). added TOE (technology-

organization-environment) framework as important 

external variables for AI acceptance. The importance of 

organizational support with individual capacity on 

technology acceptance is also mentioned by Nasongkhla 

& Shieh  (Nasongkhla & Shieh, 2023). Applied 

technology in the public sector in developing countries 

exposed organizational culture as a determinant factor of 

its acceptance (Corvalán, 2018) . The success of AI 

implementation is digital and intelligence government 

capacity’(Indra & Khoirunurrofik, 2022; Weber et al., 

2023).  

However, the ultimate goal of artificial intelligence in the 

public sector, particularly when engaging vulnerable 

groups, is to encourage collective action for their benefit. 

Achieving this requires robust governmental 

organizational capabilities that can provide technological 

and non-technological support to foster trust and 

understanding among these groups. The role of 

organizational capability in stunting reduction at the 

village level is revealed by previous research; when the 

budget is available, the local organization and 

administration capacity are capable enough, and the 

program will succeed (Debbarma & Chinnadurai, 2023). 

Utilization technology at the grassroots level needs 

comprehensive strategies and strengthening local 

organization capability (Konopik et al., 2022). 

Herein, the  framework on organizational capabilities 

enlightens what the municipal government has to do 

(Östlund et al., 2011) . He mentioned six dimensions: 

strategy and ecosystem, innovation thinking, data 

technology, operations, organizational design and 

leadership. Based on those literatures, the research reveal 

extended TAM model which emphasis on organizational 

capability and self efficacy as determinant factors. 
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3. METHOD 

 
The study utilized a mixed method approach, structural 

equation model, SEM-PLS for quantitative test. Focusing 

on determinant factor as statistical test result to support 

and complement deep understanding of research 

objective conducted for qualitative approach. The 

research method used the survey questionnaires among  

AI application users at village level as research 

population Figure 1.  

 

 
 

Figure 1. Research Model 

 

The questionnaire was divided into three parts: the first 

contained an introduction and general information about 

the study’s subject, the second contained user’s 

demographic information gender, academic level and 

age. The third consisted 26 items that measured 7 

variables:  organization capability-six items; self-

efficacy- 3 items; perceived of usefulness- 4 items; Easy 

of use-5 items; attitude towards AI applications- 2 items; 

behavioural intention-5 items and actual use- 1 item. The 

questions used a five-point Likert scale, a widely used 

method in social science research, to rate the level of 

user’ response. The scale ranged from 1-5, with 1 

indicating 'strongly disagree' and 5 indicating 'strongly 

agree'. Data analyzed by SEM-PLS. Data gathered from 

27 villages in 27 sub-districts within Sumedang Regency, 

Indonesia. Data encompass 256 questionnaire anwers 

from  village AI application’s users:  human development 

cadres, village officials, village integrated service 

volunteers who deal with todlers’ health, family welfare 

empowerment’ volunteers,  the number of population is 

378. The questionnaire was distributed with a return ratio 

of 67.7%, resulting in 256 AI users responding to the 

questionnaire. Study conducted in March-June 2024.  

The questionnaire was designed according to the research 

objectives based on previous research (Cornelissen et al., 

2022; Corvalán, 2018; Darayseh, 2023; Indra & 

Khoirunurrofik, 2022; Kelerey et al., 2020; Liao et al., 

2018; Navarro et al., 2023; Östlund et al., 2011; Pan, 

2020) . The objective of the question was to illustrate and 

examine the relationship between the research variables 

by measuring AI applications user’ perception.   

Scoping focus on determinant factor as statistical test 

result to support and complement deep understanding of 

research objective conducted for qualitative approach. 

Data gathered through interview with key informants 

who involve directly with this program: Sumedang’s 

Regent, Regency’s secretary, Regency officials, IT’s 

enterprise, university’s students, primary health center’s 

officers, and supported by secondary  data from scientific 

papers and related documents. 

Combining the qualitative approach sequence with 

quantitative data will facilitate the researcher's finding of 

a comprehensive result. While the quantitative data 

offered statistical trends and measurable outcomes, the 

qualitative data allowed in-depth interpretation of the 

results. The method provides a better understanding of 

the links between theory and empirical findings (Shorten 

& Smith, 2017; Ursachi et al., 2015; Vebrianto et al., 

2020) . 

 

4. RESULT AND DISCUSSION 
 

4.1 Respondents characteristic 

The respondents reflect the general demographic of 

Indonesia in terms of education and age (Table 1). 

 

Table 1. Respondent characteristic 

 

Characteristics Number % 

Gender Male 55 21.5 

 Female 201 78.5 

Education Elementary-Middle 

School 

20 7.8 

 High School 125 48.8 

 College 76 29.7 

 Graduate -Post 

Grad 

35 13.7 

Age ≥ 30 

30 40 

≥ 40 

72 

150 

34 

28.1 

58.6 

13.3 

 

The majority attain a middle education level 48.8%) and 

belong to a  productive age group (58.6%). In terms of 

gender, most of the respondent are women (78.5%), 

which reflects the typical  high involvement  of women 

in family-children health care program at the village level 

and women empowerment agenda in the same time 

(Sugiarto, 2020). 

 

Reliability and Validity 

This research employed a quantitative approach, utilizing 

the Structural Equation Modeling-Partial Least Squares 

(SEM-PLS) technique for statistical analysis. During the 

evaluation process, the results revealed that the 

constructs met the required standards for validity and 

reliability. 

Validity: Research uses convergent and discriminant 

validity to measure construct validity. Average Variance 

Extracts (AVE) measure convergent validity. The 

threshold value for the AVE is ≥ 0.5. 
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Table 2. Convergent Validity 

 

Variabel Indikator 
Loading 

Factor 
Cut Value AVE Keterangan 

Attitude Toward 
A1 0,920 0,7 

0,857 
Valid 

A2 0,932 0,7 Valid 

Actual Use AU1 1,000 0,7 1,000 Valid 

Behavior Intention Use 

BI1 0,935 0,7 

0,853 

Valid 

BI2 0,908 0,7 Valid 

BI3 0,933 0,7 Valid 

BI4 0,876 0,7 Valid 

BI5 0,964 0,7 Valid 

Perceived Easy to Use 

E1 0,905 0,7 

0,82 

Valid 

E2 0,901 0,7 Valid 

E3 0,943 0,7 Valid 

E4 0,861 0,7 Valid 

E5 0,916 0,7 Valid 

Oragnizational Capitacy 

OC1 0,917 0,7 

0,823 

Valid 

OC2 0,866 0,7 Valid 

OC3 0,944 0,7 Valid 

OC4 0,947 0,7 Valid 

OC5 0,853 0,7 Valid 

OC6 0,913 0,7 Valid 

Self Efficacy 

SE1 0,919 0,7 

0,858 

Valid 

SE2 0,915 0,7 Valid 

SE3 0,945 0,7 Valid 

Perceived Usefulness 

U1 0,881 0,7 

0,823  

Valid 

U2 0,924 0,7 Valid 

U3 0,908 0,7 Valid 

U4 0,914 0,7 Valid 

 

The result of reliability and validity shows that all the 

constructs have  ≥ 0.5, which is convergently valid 

(Sarker et al., 2021). 

Convergent validity is presented in table 2.

Tabel 3. Fornell- Larcker Criteria 

 

  A AU BI E OC SE U 

Attitude  0,926             

Actual Use 0,798 1,000           

Behavioral Intention 0,680 0,872 0,924         

Perceived Easy to Use 0,708 0,644 0,562 0,906       

Organization Capability 0,688 0,779 0,604 0,663 0,907     

Self Efficacy 0,692 0,795 0,659 0,701 0,740 0,926   

Perceived Usefulness 0,765 0,810 0,685 0,658 0,758 0,805 0,907 

The research construct validity is measured by Fornell-

Larcker, HTMT ratio, and cross-loading (Table 3). The 

Fornell Larcker criteria show that all the diagonal values 

are more significant than the values of the table, which 

are horizontal and vertical diagonal values. While all the 

self-loading values of the individual items were also 

more significant than the cross-loading of the other items. 

(Sarker et al., 2021). Discriminant validity was verified 

using the Fornell-Larcker criterion and cross-loadings, 

ensuring that each construct was distinct (Afthanorhan et 

al., 2021).  

The validity of the constructs and indicators in this study 

was evaluated using the Heterotrait-Monotrait (HTMT) 

ratio of correlations (Table 4). 
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Table 4. Heterotrait-Monotrait Ratios 

  A AU BI E OC SE U 

Attitude                

Actual Use 0,871             

Behavioral Intention 0,757 0,888           

Perceived Easy to Use 0,798 0,659 0,588         

Organization Capability 0,767 0,794 0,628 0,694       

Self Efficacy 0,788 0,826 0,696 0,751 0,782     

Perceived Usefulness 

 
0,865 0,839 0,720 0,697 0,801 0,868   

 

The HTMT analysis demonstrated that all values were 

below the recommended threshold of 0.90, indicating 

satisfactory discriminant validity. This result confirms 

that the constructs in the model are distinct and that the 

indicators accurately measure their respective constructs 

(Yusoff et al., 2020). Both convergent and discriminant 

validity were confirmed. Convergent validity exceeded 

the recommended thresholds. 

 

 

Table 5. Composite Reliability 

Construct Cronbach's Alpha Composite Reliability Reliability 

A 0,834 0,923 reliabel 

AU 1,000 1,000 reliabel 

BI 0,957 0,967 reliabel 

E 0,945 0,958 reliabel 

OC 0,957 0,965 reliabel 

SE 0,917 0,948 reliabel 

 

Reliability: The instrument reliability classified if the 

outer loading value of each item close to or above 0.7 

(Table 5). The test shows that items have loading values 

more significant than the threshold, the cronbach’s alpha 

and the composite reliability above 0.7.  Internal 

consistency through Cronbach's alpha and composite 

reliability scores above the acceptable benchmark of 0.7, 

indicating consistent measurements across items 

(Ursachi et al., 2015).These results validate the 

robustness of the measurement model, confirming that 

the constructs and indicators used in the study are reliable 

and valid for capturing the underlying phenomena. 

 

Hypothesis Testing  

Hypothesis testing by path analysis through R square and 

Q square, SRMR, and multi-co-linearity measurements 

are the final step in drawing conclusions and testing 

research model assumptions (Figure 2). 

 

 

 
Figure 2. Path analysis model estimation results 
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The significance and direction of direct influence can be 

seen from the p-value, t-statistics, and path coefficients 

on each path connecting endogenous and exogenous 

variables. If the p-value  <0.05, and the T statistic is > 

1.96 (t value two tail, α 5%), and the T statistic is > 1.65 

in the one-tail test, then it can be concluded that the 

exogenous variable has an influence significant towards 

endogenous with the direction of influence according to 

the sign attached to the path coefficient. Furthermore, if 

the p-value is > 0.05 and the T statistic < 1.96 (t value 

two tail, α 5%) in the two-tail test and the T statistic < 

1.65 in the one-tail test, it is concluded that the exogenous 

variable has no significant effect on endogenous (Hair et 

al., 2017). 

After establishing the model fit in the Partial Least 

Squares (PLS) analysis, the next step involved testing the 

relationships between variables. The influence testing 

was conducted through path analysis, including 

assessments of direct, indirect, and total effects. These 

tests provide a comprehensive understanding of the 

relationships among the constructs in the model. The 

bootstrapping method was employed to estimate the path 

coefficients and evaluate their significance. This non-

parametric resampling technique enhances the reliability 

of the results by generating confidence intervals and t-

statistics for hypothesis testing. The path analysis model 

estimation results are presented, demonstrating the 

significance of the direct, indirect, and total effects 

among the variables. 

Table 6 shows the strength of all the direct relationships 

of the constructs, indicating fourteen direct relationships 

research’s structural model. The first direct relationship 

is between the attitude of use and behavioral intention, p-

value  0,000 < 0,05 T statistic 4,777 > 1,96 and positive 

path value in 0,340. The result significantly reflects a 

positive effect; the higher the attitude, the higher the 

behavior intention to use, and vice versa; a low attitude 

toward tends to have a low intention to use. The second 

direct relationship is between behavioral intention and 

actual use. p-value 0,000 < 0,05 T statistic 25,830 > 1,96 

and positive path coefficient is 0,579. The result reflects 

a positive effect and significance; the higher the behavior 

intention to use, the higher the actual use, and vice versa; 

a low behavioral intention to use AI applications leads to 

low actual use. 

The third direct relationship is between perceived ease of 

use and attitude toward use. .p value 0,000 < 0,05 T 

statistic 8,009 > 1,96 and positive path coefficient is 

0,362. The result reflects a significant positive effect; the 

higher the perceived ease of use, the higher the attitude 

toward use, and vice versa; low perceived ease of use 

tends to a low attitude toward the use of the AI 

application. 

The fourth direct relationship is between perceived ease 

of use and actual use. p-value is 0,004 < 0,05 T statistic 

2,906 > 1,96 and positive path coefficient in 0,081. The 

result reflects a significant positive effect; the higher the 

perceived ease of use, the higher the actual use of AI 

application among ruralites, and vice versa; a low 

perceived easy to use tend to a low acceptance of ruralites 

in the e-simpati application. 

The fifth direct relationship is between perceived 

usefulness and behavior intention use. p value is 0,264 > 

0,05, T statistic 1,119 < 1,96. The relation is 

insignificant. The sixth, Perceived easy to use, has a 

positive and significant effect on perceived usefulness as 

shown by a p-value of 0.039 < 0.05 T statistic 2.074 > 

1.96 and a coefficient on the positive path of 0.089; this 

means that the higher the perceived ease of use, the 

higher the perceived usefulness, and conversely low 

perceived ease of use tends to have low perceived 

usefulness.  

The seventh: Organizational capability has a positive and 

significant effect on perceived ease of use, shown by a p-

value of 0.000 < 0.05 T statistic 4.150 > 1.96 and a 

coefficient on the positive path of 0.318; the higher the 

organizational capacity, the higher the perceived ease. to 

use, and vice versa. Low organizational capacity tends to 

have low perceived ease of use.  

The eighth direct relationship is that organizational 

capability has a positive and significant effect on self-

efficacy, shown by a p-value of 0.000 < 0.05 T statistic 

23.659 > 1.96 and a coefficient on the positive path of 

0.740; the higher the organizational capability, the higher 

the self-efficacy. conversely, low organizational capacity 

tends to have low self-efficacy.  

The tenth,  Self-efficacy, has a positive and significant 

effect on perceived ease of use, shown by a p-value of 

0.000 < 0.05 T statistic 6.476 > 1.96 and a coefficient on 

the positive path of 0.466; this means that the higher the 

self-efficacy, the higher the perceived ease to use, and 

vice versa, low self-efficacy tends to have low perceived 

ease of use.  

The eleventh direct relationship: Self-efficacy has a 

positive and significant effect on perceived usefulness, 

shown by a p-value of 0.000 < 0.05 T statistic 8.620 > 

1.96 and a coefficient on the positive path of 0.499; this 

means that the higher the self-efficacy, the higher 

perceived usefulness, and conversely low self-efficacy 

tends to have low perceived usefulness.  

The twelfth, Perceived usefulness, has a positive and 

significant effect on attitude toward as indicated by a p-

value of 0.000 < 0.05 T statistic 11.020 > 1.96 and a 

coefficient on the positive path of 0.527; this means that 

the higher the perceived usefulness, the higher the 

attitude toward to use. Conversely, those with low 

perceived usefulness tend to have a low attitude toward 

using the AI application.  

The thirteenth direct relationship: Perceived usefulness 

has a positive and significant effect on actual use as 

shown by a p-value of 0.000 < 0.05 T statistic 11.646 > 

1.96 and a coefficient on the positive path of 0.360; this 

means that the higher the perceived usefulness, the higher 

the actual use, and vice versa, low perceived usefulness 

tends to have low actual use.  

The Fourteenth direct relationship: Perceived usefulness 

has a positive and significant effect on behavior intention 

to use as indicated by a p-value of 0.000 < 0.05 T statistic 
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5.685 > 1.96 and a coefficient on the positive path of 

0.376, this means that the higher the perceived 

usefulness, the higher behavior intention to use, 

conversely, perceived usefulness, which tends to be low, 

has low behavior intention to use.  

 

Table 6. Path Coefficient 

Relationship ß T Stat P Values 

A -> BI 0,340 4,777 0,000 

BI -> AU 0,579 25,830 0,000 

E -> A 0,362 8,009 0,000 

E -> AU 0,081 2,906 0,004 

E -> BI 0,074 1,119 0,264 

E -> U 0,089 2,074 0,039 

OC -> E 0,318 4,150 0,000 

OC -> SE 0,740 23,659 0,000 

OC -> U 0,330 5,970 0,000 

SE -> E 0,466 6,476 0,000 

SE -> U 0,499 8,620 0,000 

U -> A 0,527 11,020 0,000 

U -> AU 0,360 11,646 0,000 

U -> BI 0,376 5,685 0,000 

 

The role of organizational capability in technology 

acceptance has already been mentioned. However, more 

is needed to cover how it is run. Here are the details of 

what the organization does to trigger advanced 

technology among rural people. The Sumedang regency 

fully realizes its standpoint, which is a lack of capacity in 

terms of budget, human resources, technology, and low 

digital literacy among the user’s target. The first step, 

which The Sumedang Regency does, is to optimize 

corporate social Responsibility in collaboration 

with  Telkomsel,  a state-owned  IT enterprise, to create 

and develop applications. Simultaneously, the Sumedang 

formed an IT workforce to absorb the advanced digital 

technology knowledge and prepare IT facilities through 

Provincial aid. When the application was available, the 

task force trained to take over the IT technology.  The 

second step is to disseminate the mobile AI application 

and distribute the smartphone – as CSR from the private 

sector to the Posyandu- integrated health service post 

cadres at the forefront of maternal and child health at the 

village level. They have to collect, update, and input vital 

stunting indicators, which will be able to give real-time 

data. Meanwhile, the regency and the University 

collaborate when the number of stunted targets is 

scattered. The Sumedang Regency Government is 

collaborating with higher education service institutions in 

Region IV by holding thematic internships in 2023 and 

2024, involving 1,500 students from 111 universities. 

The new collaboration model between academicians and 

government creates mutual benefits for both sides, 

helping the government reach its mission. On the other 

hand, students benefit from how public policy is 

implemented in real life. 

The study utilized the Technology Acceptance Model 

(TAM) to examine factors influencing the acceptance of 

new technology. The model included perceived 

usefulness, perceived ease of use, attitude toward use, 

and behavioral intention to use as endogenous variables. 

Hypothesis testing, conducted using Structural Equation 

Modeling-Partial Least Squares (SEM-PLS), revealed 

that all endogenous variables significantly influenced the 

acceptance of new technology. 

In addition to the core constructs of the Technology 

Acceptance Model (TAM), this study extended the model 

by incorporating self-efficacy and organizational 

capability as endogenous variables to provide a more 

comprehensive understanding of user acceptance of new 

technology especially for AI. The hypothesis testing 

revealed that self-efficacy and organizational capability 

significantly affected user acceptance.  

The findings of this study are consistent with and provide 

empirical support for the Technology Acceptance Model 

(Davis, 1989; Venkatesh & Davis, 1996). The significant 

relationships identified among perceived usefulness, 

perceived ease of use, attitude, and behavioral intention 

align closely with the theoretical foundations of TAM. 

Add self-efficacy and organizational capability as 

extended variables further corroborates the model’s 

adaptability in addressing broader contextual factors 

influencing technology acceptance. These results 

reaffirm the strength of TAM as a foundational 

framework for understanding user acceptance of 

technology in diverse settings and validate its continued 

relevance in contemporary research. 

 

 

5. CONCLUSION 

 
Building organizational capability is fundamental to how 

advanced technology is used in peripheral areas with 

multifaceted conditions. Research findings fill the gap on 

how local organizations build and strengthen themselves 

to support digital innovation for local people, which 

needs to be revealed from previous research. The local 

capability translates into different efforts; collaboration 

with different external actors and how rural people are 

empowered through training-education on AI 

applications and supported by distributing smartphones 

resulted in ruralites' self-efficacy level. Self-efficacy is an 
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essential factor in the Technology Acceptance Model 

because it influences users' perceptions of the ease of use 

and usefulness of technology and their intention to adopt 

and use the technology. By increasing user self-efficacy 

through training, support, and intuitive design, 

organizations can increase the acceptance and use of new 

technologies. 
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