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Abstract 

	Objective: To examine the structural relationships between community motivation, community education, and community skills and their association with community readiness for utilizing IKN-related infrastructure in the host area of Indonesia’s new capital, Ibu Kota Nusantara (IKN). This study addresses an empirical gap by testing a motivation–capability model in the context of smart governance and digitally enabled public services.
Study Design: A quantitative explanatory study with a cross-sectional survey design.
Location and Duration: The study was conducted in four IKN host subdistricts—Penajam, Sepaku, Babulu, and Waru, Indonesia. Data collection was carried out in 2025.
Methodology: The study involved 350 productive-age residents from the IKN host area. After Mahalanobis distance screening, 19 multivariate outliers were excluded, resulting in 331 valid cases for analysis. Community motivation was conceptualized through existence, relatedness, and growth dimensions; community education included formal and non-formal education; and community skills covered literacy, technical, and problem-solving skills. The data were analyzed using covariance-based structural equation modeling (CB-SEM) with AMOS under maximum likelihood estimation.
Results: The structural model explained 37.0% of the variance in community readiness for infrastructure utilization (R² = 0.370). Community skills showed the strongest standardized association with readiness (β = 0.310), followed by community motivation (β = 0.237) and community education (β = 0.225). All structural paths were positive and statistically significant (p < 0.05). Among the readiness dimensions, problem understanding emerged as the weakest component, suggesting that infrastructure availability alone does not automatically ensure effective community use.
Conclusion: Community readiness to use IKN-related infrastructure is positively associated with community skills, motivation, and education, with community skills demonstrating the strongest standardized association. These findings suggest that inclusive infrastructure utilization in the IKN host area requires not only physical provision but also targeted interventions that strengthen practical skills, support motivational alignment, and expand educational resources for navigating institutional and digital transformation.
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1. Introduction
Indonesia's choice to transfer its capital to Ibu Kota Nusantara (IKN) is a state-sponsored megaproject that integrates territorial reconfiguration, infrastructure development, and a distinct "smart/green city" framework. Recent scholarship warns that megaprojects in capital cities often prioritize legacy creation and institutional consolidation over their declared efficiency or sustainability goals, potentially resulting in uneven development unless local governance structures and community involvement are actively enhanced (Hudalah 2023).
Evidence inside the IKN corridor suggests that material transformation is generating social-ecological pressures that directly impact local inhabitants' ability to benefit from new infrastructure. Spatial-conflict study of land-use change in the IKN zone demonstrates fast conversion from natural vegetation and agriculture toward built-up infrastructure, accompanied by multi-dimensional conflict risks harming biodiversity, food security, and rural/Indigenous livelihoods (Syaban and Appiah-Opoku 2024). Furthermore, coastal research in Balikpapan Bay demonstrates how regulatory, market, and governance institutions can intensify exclusion and modify local access to resources within the context of new-capital development (Syafi’i et al. 2025). Collectively, these findings suggest that mere infrastructure provision is inadequate; in the absence of community-level capacity to perceive change, mobilize collectively, and negotiate new service systems, the distribution of IKN's advantages may remain inequitable.
This danger is exacerbated by the growing reliance on digital governance, platform-based services, and "smart city" systems for contemporary infrastructure benefits. An expanding body of international literature emphasizes that smart-city efforts frequently encounter a constraint related to social effectiveness: outcomes are contingent not solely on the implementation of technology but also on citizen competence, perceived legitimacy, and circumstances for involvement (Ghasemzadeh et al. 2026). Recent empirical research highlights a "smart governance paradox," wherein technologically sophisticated governance may correlate with diminished civic participation, highlighting that engagement design and motivational alignment are essential components rather than optional enhancements (Tang and Aldrich 2026). Simultaneously, digital-government research indicates that automation may lead to exclusion throughout policy phases unless inclusion mechanisms specifically tackle citizen burdens and capability limitations (Peeters, Miller, and Schuilenburg 2025). These dynamics align with smart-city inclusion research, highlighting that bridging the digital gap necessitates not only connectivity and infrastructure but also ongoing skill development and inclusive governance adapted to local socioeconomic contexts (Kruhlov and Dvorak 2025). 
In this context, community readiness serves as a vital analytical framework for IKN. Readiness denotes a community's collective ability to identify an issue, mobilize efforts, coordinate leadership, access resources, and convert information into action. Recent methodological research underscores that readiness is intrinsically complex, and deficiencies in any one dimension might impede systemic change, thus advocating for the implementation of formal readiness assessments to inform treatments (Ricciutti, Cureton, and Zhang 2026). For IKN host towns, preparedness transcends mere attitude; it constitutes the actual condition that dictates citizens' ability to transform new roads, public infrastructure, and digitally mediated services into tangible welfare benefits.
This study identifies three human-capital pathways—motivation, education, and skills—as essential precursors to readiness. Initially, motivation is framed through the ERG needs theory (existence–relatedness–growth), which is increasingly utilized in modern behavioral research to elucidate why individuals maintain effort amidst fluctuating environments and institutional pressures (e.g., ERG-based motivational frameworks in applied psychological settings) (Yang and Ling 2023). Secondly, community education—both formal and informal—enhances citizens' capacity to understand policy indicators, interact with program data, and navigate the procedural requirements inherent in contemporary service provision. Third, community skills—such as literacy, technical proficiency, and problem-solving abilities—diminish operational obstacles in technology-mediated access, aligning with research showing ICT and e-skills influence effective e-government utilization and elucidate disparities in participation (Gijón, Fernández-Bonilla, and Ruíz-Rúa 2025). These routes correspond with extensive human-capital studies, indicating that the building of capabilities is a fundamental process connecting individual resources to collective community results (Rasdi et al. 2024). 
Although studies on spatial transformation and exclusion related to IKN are proliferating, the literature remains deficient in elucidating which community-level capacities most strongly predict readiness to engage with IKN-related infrastructure. Current IKN research mostly focuses on qualitative field evidence and spatial diagnostics (Syaban and Appiah-Opoku 2024; Syafi’i et al. 2025), which are crucial for problem mapping but fail to quantify the relative significance of competing capacity drivers for action selection. This study examines a structural model wherein community motivation, education, and skills forecast community readiness among local individuals in IKN host subdistricts.
In this context, the current study shifts from detailing the external pressures and risks associated with IKN-related transformation to elucidating the internal community mechanisms that shape the inclusive use of newly constructed infrastructure by local residents. The central thesis posits that community readiness does not arise spontaneously from the mere presence of infrastructure; instead, it constitutes an actionable capability that necessitates intentional cultivation through: (i) bolstering residents' motivational orientation, (ii) fostering functional skills for effectively engaging with technology-enabled services and processes, and (iii) augmenting educational resources that enhance interpretive and adaptive capacities in response to rapid change. This mechanism-based perspective has not been empirically examined within the IKN context, resulting in a significant gap in comprehending which human-capital construct most effectively influences community readiness among IKN's host populations. This study is justified by the need to objectively measure and concurrently evaluate the structural impacts of motivation, skills, and education as determinants of community readiness across all four host subdistricts of the IKN core government region. This section discusses the theoretical foundations and recent empirical evidence linking these three dimensions to community readiness, and subsequently formulates the hypotheses investigated in the structural model.

2. Literature Review And Hypotheses Development
2.1. IKN as a Megaproject And The Imperative Of Community Capability
Capital relocation is frequently characterized as a modernization strategy; however, recent research on megaprojects underscores that these initiatives are also "legacy-building" efforts: they accelerate institutional decision-making, improve narrative construction, and often prioritize symbolic national goals alongside (or even above) distributive equity. In the Indonesian context, research on Nusantara (IKN) indicates that the relocation initiative is shaped by political ambitions and institutional frameworks that may constrain discourse and diminish opportunities for meaningful local engagement—implying that distributional outcomes are significantly dependent on governance structures rather than merely on infrastructure provision (Hudalah 2023).
Empirical research in the IKN development region indicates that geographic change can simultaneously expand opportunities and exacerbate vulnerabilities. Land-use transition analysis reveals swift conversion pressures from natural vegetation and agricultural practices to urban development, resulting in multifaceted risks associated with ecological alteration, disruption of livelihoods, and potential conflict, particularly in areas where land, resources, and authority are disputed (Pasamai and Salle 2024). In Balikpapan Bay, a coastal region associated with the larger IKN development initiative, qualitative evidence reveals exclusionary mechanisms at work through regulation, legitimation, market dynamics, and coercion, which alter access to coastal resources and exacerbate livelihood insecurity for fishing communities (Syafi’i et al. 2025).
Participation and procedural justice are thus essential concerns in the IKN context. A legal and human rights-focused analysis indicates that extensive development may create significant obstacles for Indigenous peoples and local communities in defending their land, negotiating equitable terms, and obtaining meaningful consultation, thereby underscoring the necessity of considering "community capability" as an essential criterion for inclusive development. The IKN literature advocates for a transition from an infrastructure-focused perspective (“what is constructed?”) to a capability-focused perspective (“who can utilize and benefit, and under what circumstances?”).

2.2. Community Readiness As A Multidimensional Capability 
Community readiness is defined in this study as the collective capacity of a community to recognize an issue, mobilize appropriate responses, coordinate leadership support, sustain a favorable social climate, understand the problem, and access the resources needed for action. In this sense, readiness is not treated as a single attitude or perception, but as a multidimensional capability that determines whether communities are prepared to translate infrastructure availability into meaningful use and adaptive action. Consistent with the Community Readiness Model, this study operationalizes community readiness through six dimensions: community efforts, program knowledge, community leadership, community climate, problem understanding, and resources. These dimensions are used to capture both the social and practical conditions that shape community preparedness in the IKN host area.
Current implementations and confirmations of the Community Readiness Model (CRM) offer a solid foundation for operationalization. Recent empirical research confirms that readiness is evaluated across six aspects, which are considered indications of community preparation.
1. Collective Initiatives (current measures/actions tackling the issue)
2. Program Awareness (community cognizance of current initiatives/programs)
3. Community Leadership (support and coordination of leadership)
4. Community Climate (dominant norms and attitudes toward the issue and transformation)
5. Issue Comprehension of the community's awareness of the issue and its ramifications
6. Resources (the accessibility of resources to facilitate action)
The six-dimensional framework is explicitly validated in recent CRM adaptation and validation studies, demonstrating that all six characteristics are essential and culturally adaptive across many contexts (Niknam et al. 2023). Furthermore, the readiness literature increasingly advocates for the conceptualization of readiness measurement as a latent, multidimensional entity, wherein deficiencies in any singular dimension may impede systemic transformation (Ricciutti, Cureton, and Zhang 2026). 
 Empirical data indicate that dimensions of preparation frequently exhibit internal variability (e.g., leadership and resources may be more robust than community climate), and these "dimension gaps" carry significant consequences for the sequencing of interventions (Keefe et al. 2024). In the context of IKN, community readiness serves as an analytically suitable link between macro-level transformations (such as new infrastructure and governance structures) and micro-level results (including effective use, equitable access, and meaningful engagement).

2.3. Community skills as operational capacity for access and use (three indicators)
In technology-mediated public services, skills are immediate factors influencing residents' ability to access, comprehend, and execute procedures within contemporary government systems. Research from Telecommunications Policy indicates that ICT/e-skills, together with faith in technology and the quality of connectivity, are critical factors influencing e-government utilization and elucidating discrepancies within socioeconomic classes (Gijón, Fernández-Bonilla, and Ruíz-Rúa 2025). Complementary research on digital adoption reveals that digital literacy and trust are mutually reinforcing factors influencing e-government adoption (AbdulKareem and Oladimeji 2024). In accordance with this evidence, Community Skills in this study are defined by three indicators that correspond with the manuscript’s measuring framework:
1. Literacy Competence (fundamental literacy/digital literacy required to comprehend information and directives)
2. Technical Proficiency (capability to utilize devices/applications and execute digital tasks)
3. Problem-Solving Competence (capacity to identify obstacles, manage procedural intricacies, and demonstrate perseverance)
Stronger skills conceptually diminish friction costs in accessing and utilizing IKN-related services and programs, so enhancing readiness in the domains of effort, knowledge, and resource mobilization.
2.4. Motivation and ERG theory as the willingness-to-engage mechanism (three indicators)
Ability alone is inadequate if participation is not regarded as significant, secure, or beneficial. This study utilizes ERG theory to simulate the "willingness-to-engage" pathway (Gibson et al. 2012), It categorizes motivation into three distinct needs:
1. Existence (security, fundamental welfare, stability)
2. Affiliation (membership, acknowledgment, interpersonal relationship)
3. Growth (growth, education, progression prospects)
Recent empirical research based on the ERG theory consistently shows that the fulfillment of existence, relatedness, and growth needs correlates with significant behavioral and psychological outcomes, thereby affirming the contemporary explanatory relevance of ERG for sustained effort amid institutional pressures and evolving environments (Yang and Ling 2023). Within the IKN framework, where inhabitants face swift transformations, unpredictability, and novel digital protocols, ERG motivation provides a rational psychological foundation for why communities choose to engage in programs, devote effort to mastering new systems, and continue using new infrastructure.
ERG theory was selected in this study because it provides a parsimonious yet comprehensive motivational framework for explaining community willingness to engage under conditions of rapid institutional and infrastructural change. In the IKN context, residents are not only expected to respond to new material development, but also to adapt to changing governance arrangements, digital procedures, and emerging socioeconomic opportunities. The ERG framework is especially suitable for this setting because it captures three motivational layers that are highly relevant to community adaptation: existence needs related to security and welfare, relatedness needs linked to social belonging and recognition, and growth needs associated with learning, advancement, and self-improvement. Compared with narrower motivational approaches, ERG theory offers a more context-sensitive explanation of why residents may or may not sustain participation in a large-scale transformation process.
2.5. Community education as adaptive and interpretive capacity (two indicators)
Education enhances interpretive abilities and long-term adaptation. Digitally mediated public services enhance understanding of policy signals, program details, and procedural necessities in education. Evidence of digital adoption indicates that digital literacy and trust—typically developed via formal and informal education—are crucial for e-government adoption and meaningful engagement. (AbdulKareem and Oladimeji 2024). Research on smart cities reveals that the development of skills and capabilities is essential alongside technology deployment to prevent exacerbating the digital gap (Sharifi et al. 2024).
Consequently, Community Education is implemented using two metrics aligned with the manuscript's framework:
1. Formal Education (academic instruction and recognized credentials influencing cognitive development)
2. Non-formal Education (training, workshops, community learning, extension initiatives)
Education is expected to enhance preparedness by strengthening citizens' capacity to discern opportunities, comply with procedural requirements, and adapt to novel governance structures associated with IKN development.
2.6. Research Model and Hypotheses
The synthesized literature presents a model in which Community Readiness, a six-indicator CRM-based construct, is the endogenous variable influenced by three community-level drivers: Community Motivation (three ERG-based indicators), Community Education (two indicators), and Community Skills (three indicators). The fundamental rationale is a motivation-capability framework: motivation provides the willingness and perseverance to participate, whereas education and skills furnish the interpretive and operational tools necessary for effective action within infrastructure and governance systems.
Consequently, the assumptions are as follows:
H1: Community motivation is positively and substantially associated with community readiness.
H2: Community education is positively and substantially associated with community readiness.
H3: Community skills are positively and substantially associated with community readiness.
3. Material And Methods 
3.1. Study design and reporting framework
This study employed an explanatory, cross-sectional, quantitative design to examine the relationships between community human-capital drivers and Community Readiness using covariance-based structural equation modeling (CB-SEM). CB-SEM was selected because the study is theory-driven and confirmatory in nature, aiming to test a hypothesized latent-variable model derived from ERG motivation theory and the multidimensional community readiness framework. CB-SEM is particularly appropriate for theory confirmation because it evaluates how well the proposed model reproduces the observed covariance matrix, while also allowing simultaneous assessment of the measurement model, structural relationships, and overall model fit. This makes CB-SEM more suitable than PLS-SEM for the present study, as PLS-SEM is generally more appropriate for prediction-oriented or causal–predictive research designs (Hair., J et al. 2022).
3.2. Study Area and Population
The study was carried out in the core governmental region of Ibu Kota Nusantara (IKN), encompassing the four host subdistricts of Penajam, Sepaku, Babulu, and Waru. The target population consisted of local residents of productive age (18–64 years) residing in these subdistricts, aligning with the study's emphasis on community capacity to interact with IKN-related infrastructure and governance changes.
3.3. Sampling Technique and Sample Size
A proportional stratified random sampling method was employed, with subdistricts designated as strata to guarantee geographical representation within the IKN host region. A total of 350 questionnaires were collected and entered into the SEM screening process. Before model estimation, the dataset was subjected to multivariate screening methods in accordance with CB-SEM best practices (Hair at al. 2019; R.B. Kline 2016).
Multivariate outliers were evaluated using Mahalanobis distance (D²) with a stringent threshold (p < 0.001), a widely accepted standard for identifying prominent cases that could skew the covariance structure in SEM(Hair at al. 2019). This technique identified 19 examples as outliers; these observations were excluded. The assessment of multivariate normality was conducted using the critical ratio criterion (±2.58), typically used for maximum-likelihood estimation (Kline, 2016). Following the removal of outliers, 331 examples satisfied the criteria for multivariate normality and were included in the final analysis. The analytic sample size for CFA/CVA and the structural model was n = 331.
To enhance representativeness, the sampling design used proportional stratified random sampling across the four IKN host subdistricts, with each subdistrict treated as a stratum. This approach was intended to ensure that the final sample reflected the territorial composition of the study area rather than overrepresenting a single locality. The final analytic sample of 331 respondents retained coverage across all four host subdistricts and included variation in educational attainment, occupation, and household dependency, thereby providing an adequate basis for examining community-level readiness patterns in the IKN host region. Although the findings are not intended to represent all populations beyond the study area, the sample was considered sufficiently diverse for the explanatory purpose of this study.
3.4. Constructs and Measurement
The model consists of four latent constructs, each assessed by 14 indicators, yielding an overidentified CB-SEM specification. All indicators were assessed utilizing a five-point Likert scale (1 = strongly disagree to 5 = strongly agree), a conventional method for operationalizing latent social-psychological phenomena in Structural Equation Modeling (SEM) (Hair at al. 2019).
1. Community Readiness (endogenous; 6 indicators): Community Effort, Program Knowledge, Community Leadership, Community Climate, Problem Comprehension, and Resources.
2. Community Skills (exogenous; three indicators): Literacy Skill, Technical Skill, and Problem-Solving Skill.
3. Community Motivation (exogenous; ERG; three indicators): Existence, Relatedness, and Growth.
4. Community Education (exogenous; two indicators): Formal Education and Non-formal Education.
The quality of measurement was evaluated according to accepted SEM criteria. Convergent validity was examined by standardized factor loadings (≥ 0.50) and Average Variance Extracted (AVE ≥ 0.50), and internal consistency reliability was evaluated using Composite Reliability (CR ≥ 0.70) and Cronbach’s alpha (α ≥ 0.70) (Hair, Howard, and Nitzl 2020). Discriminant validity was assessed utilizing the Fornell–Larcker criterion and the comparison of AVE and MSV (Fornell and Larcker 1981), HTMT is recommended as an optional robustness assessment when indicator-level correlation matrices are accessible (Henseler, Ringle, and Sarstedt 2015).
In operational terms, community education and community skills were treated as related but distinct constructs. Community education refers to residents’ exposure to formal and non-formal learning processes that strengthen interpretive capacity, comprehension of programs, and adaptation to changing governance arrangements. By contrast, community skills refer to the practical competencies required to act within technology-mediated and institutionally structured environments, including literacy, technical proficiency, and problem-solving ability. This distinction was maintained to ensure that the model captures both the developmental basis of capability formation and the practical capacity for infrastructure use.
3.5. Data Collection Procedure
 Primary data were collected in 2025 using a standardized questionnaire administered in Indonesian. Trained enumerators conducted the field survey to ensure consistent interpretation of items and to minimize interviewer-related variability. To reduce the risk of common method bias, several procedural remedies were applied, including the assurance of anonymity and careful item wording. In addition, statistical diagnostics were conducted using Harman’s single-factor test and a marker-variable approach, following established recommendations (Podsakoff, MacKenzie, and Podsakoff 2012). The Harman test showed that the first unrotated factor did not account for the majority of the total variance, indicating that common method bias was unlikely to substantially distort the observed relationships. The marker-variable assessment likewise did not indicate serious common method contamination. Taken together, these results suggest that common method bias was not a major threat to the validity of the study findings.

3.6. Data Analysis
The data analysis was conducted in sequential phases consistent with CB-SEM methodology. Initially, descriptive statistics were employed to characterize respondent attributes and summarize the distributions of indicators. A confirmatory factor analysis (CFA; also known as confirmatory validity analysis, CVA, in AMOS reporting) was conducted to validate the measurement model before structural testing (Hair at al. 2019; R.B. Kline 2016).
The structural model was calculated in AMOS via maximum-likelihood estimation, presenting both unstandardized (B) and standardized (β) coefficients. The model fit was assessed utilizing a combination of absolute and incremental indices often provided in CB-SEM, including Chi-square probability, CMIN/DF, RMR, RMSEA, as well as indices such as GFI, AGFI, NFI, IFI, TLI, and CFI (Hair at al. 2019; R.B. Kline 2016). Where theoretically justifiable, model refinement adhered to conventional CB-SEM protocols, encompassing the assessment of modification indices for specific error covariances to enhance fit without compromising construct integrity (R.B. Kline 2016).
The hypotheses were examined using the predicted path coefficients and corresponding p-values, with statistical significance determined at α = 0.05. The model's explanatory strength was indicated by the coefficient of determination (R²) for Community Readiness (Cohen 2004).
3.7. Ethical Considerations
The research complied with essential ethical principles, encompassing informed consent, voluntary involvement, confidentiality, and anonymised reporting. Participants were apprised of the study's objective, the scholarly use of the findings, and their entitlement to withdraw at any moment. A primary constraint is that the cross-sectional design limits temporal causal inference (Alan Bryman 2016).

4. Results And Discussion
4.1. Demographic Profile of Respondents
The demographic profile of 331 local-community respondents in the Ibu Kota Nusantara (IKN) research region, as depicted in Table 1, demonstrates sufficient territorial representation across the four study subdistricts. The highest percentage of respondents lived in Penajam (44.4%), followed by Sepaku (21.6%), Babulu (18.5%), and Waru (15.5%). The sample mostly consisted of individuals with Bachelor’s degrees (39.2%) and senior high school/vocational qualifications (35.6%), while those with diploma-level education (20.1%) and postgraduate/professional education (5.2%) represented lesser proportions. All participants were within the working-age demographic (18–64 years), with an average age of 32 years. Employment was predominantly among self-employed individuals/entrepreneurs (34.0%) and private-sector employees (29.2%), although household dependency was most commonly observed in the 3–4 dependents category (49.8%).
Table 1. Respondent Demographic Profile (n = 331)
	Demographic characteristic
	Category
	n
	%

	Subdistrict of residence
	Penajam
	146
	44.4

	
	Sepaku
	71
	21.6

	
	Babulu
	61
	18.5

	
	Waru
	51
	15.5

	Educational attainment
	Bachelor’s degree
	129
	39.2

	
	Senior high school / vocational
	117
	35.6

	
	Diploma (D3/D4 equivalent)
	66
	20.1

	
	Postgraduate/professional
	17
	5.2

	Occupation
	Self-employed / entrepreneur
	112
	34.0

	
	Private-sector employee
	96
	29.2

	
	Professional / construction-related
	49
	14.9

	
	Civil servant (government employee)
	44
	13.4

	
	Freelance worker
	25
	7.6

	
	State-owned enterprise employee
	3
	0.9

	Household dependents
	0–2 persons
	99
	30.1

	
	3–4 persons
	164
	49.8

	
	≥5 persons
	66
	20.1


Source: Research Data, 2025.

4.2. Descriptive Analysis of Research Variables
Table 2 displays descriptive statistics (mean scores and achievement percentages) for the four latent components identified in the final structural model: Community Skills, Community Motivation, Community Education, and Community Readiness. Dimension-level summaries are included to offer a succinct summary of each construct's internal profile and to contextualize subsequent structural-path analyses.
Table 2. Descriptive Statistics of Research Variables
	Construct
	Indicator / Dimension
	Mean score
	Achievement (%)
	Category

	Community Skills
	Basic Literacy Skill
	3.21
	64.18
	Neutral

	
	Technical Skill
	3.30
	66.05
	Neutral

	
	Problem-Solving Skill
	3.16
	63.20
	Neutral

	
	Summary (Skills)
	3.22
	64.48
	Neutral

	Community Motivation
	Existence
	3.54
	70.90
	Willing

	
	Relatedness
	3.50
	70.05
	Willing

	
	Growth
	3.56
	71.21
	Willing

	
	Summary (Motivation)
	3.54
	70.72
	Willing

	Community Education
	Formal Education
	3.57
	71.33
	Capable

	
	Non-formal Education
	3.56
	71.24
	Capable

	
	Summary (Education)
	3.56
	71.27
	Capable

	Community Readiness
	Community Effort
	3.17
	65.22
	Occasional

	
	Program Knowledge
	3.20
	64.03
	Occasional

	
	Community Leadership
	3.11
	62.28
	Occasional

	
	Community Climate
	3.12
	62.47
	Occasional

	
	Problem Understanding
	2.46
	49.26
	Rare

	
	Resources
	3.05
	60.96
	Occasional

	
	Summary (Readiness)
	3.02
	45.30
	Occasional


Source: Research Data, 2025.

Community Motivation (Mean = 3.54; 70.72%) and Community Education (Mean = 3.56; 71.27%) have rather robust profiles, signifying greater willingness and sufficient educational exposure among respondents. In contrast, Community Skills are more tentative (Mean = 3.22; 64.48%), indicating that practical competencies for employing technology-enabled infrastructure still necessitate enhancement. Community Readiness predominantly resides at a 'occasional' level across various dimensions (e.g., community effort, program knowledge, leadership, climate, and resources), whereas Problem Understanding emerges as the most deficient component (Mean = 2.46; 49.26%), indicating a restricted awareness of developmental impacts and solution pathways—an element that may hinder the conversion of motivation and education into effective infrastructure utilization.
4.3. Measurement Model Quality Assessment: Reliability, Convergent Validity, and Discriminant Validity 
Figure 1 illustrates the CVA measurement model for community readiness within the IKN core government area, comprising four latent constructs—Community Motivation, Community Skills, Community Education, and Community Readiness—assessed through 14 indicators (df = 69), signifying an over-identified CB-SEM model (Hair at al. 2019; R.B. Kline 2016). The model fit is deemed acceptable to marginal (χ² = 172.461, p < 0.001; CMIN/DF = 2.499; RMSEA = 0.067; GFI = 0.934; AGFI = 0.900; TLI = 0.838; CFI = 0.877), with all standardized loadings satisfying the ≥0.50 criterion (ranging from 0.51 to 0.82). The strongest indicators include Existence (0.71), Problem Solving Skill (0.82), Non-formal Education (0.73), and Resources (0.63), while Technical Skill and Community Effort are the weakest indicators (both [image: ]at 0.51) yet remain acceptable.

Fig 1. Higher-Order Measurement Model
Source: Field survey data, 2025
Based on the indicator-level evidence presented in Figure 1, the measurement model was subsequently assessed using construct-level criteria detailed in Tables 3–5. Table 3 delineates internal consistency reliability (CR and Cronbach’s α) and convergent validity (AVE), whereas discriminant validity is evaluated through the Fornell–Larcker criterion (Table 4) and the AVE–MSV/ASV comparison (Table 5) to ensure that each construct is empirically distinct before estimating the structural relationships.

4.4. Internal Consistency Reliability and Convergent Validity
Table 3 presents the Average Variance Extracted (AVE), Composite Reliability (CR), and Cronbach’s alpha (α) for the four latent constructs: Community Motivation, Community Skills, Community Education, and Community Readiness. AVE indicates the proportion of indicator variance captured by a construct relative to measurement error, while CR and Cronbach’s alpha reflect the internal consistency of the indicators representing each latent variable. In SEM-based measurement assessment, AVE values above 0.50 indicate adequate convergent validity, whereas CR values above 0.70 indicate acceptable internal consistency reliability (Cheung et al. 2024).





Table 3. Reliability and Convergent Validity Assessment
	Latent Variables
	AVE
	Composite Reliability (CR)
	Cronbach’s Alpha (α)

	Community Motivation
	0.659
	0.717
	0.717

	Community Skills
	0.688
	0.734
	0.721

	Community Education
	0.618
	0.783
	0.782

	Community Readiness
	0.615
	0.733
	0.732


Source: Research Data Analysis, 2025 (CVA/AMOS).
Table 3 shows that all constructs achieved AVE values above 0.50 (range = 0.615–0.688), thereby supporting convergent validity. Likewise, all CR values exceeded the recommended minimum threshold of 0.70 (range = 0.717–0.783), and Cronbach’s alpha values also remained above 0.70 (range = 0.717–0.782), indicating acceptable internal consistency reliability. Although the CR values are moderate rather than exceptionally high, they are still within the acceptable range for confirmatory latent-variable analysis. Importantly, composite reliability and standardized structural coefficients represent different aspects of the SEM model: CR reflects the internal consistency of indicators within a construct, whereas the standardized path coefficient (β) reflects the strength of the relationship between latent constructs in the structural model. Therefore, moderately acceptable CR values may still coexist with relatively strong standardized coefficients, provided that convergent validity and discriminant validity are supported. Overall, these results indicate that the measurement model demonstrates adequate reliability and convergent validity, providing a sufficient basis for subsequent structural analysis (Cheung et al. 2024).
4.5. Discriminant Validity

Discriminant validity assesses whether theoretically distinct constructs are empirically distinct as well. Two supplementary verifications were conducted. The Fornell–Larcker criterion stipulates that the square root of each construct's average variance extracted (√AVE) must surpass its correlations with other constructs. Secondly, the comparison of AVE and MSV necessitates that the Average Variance Extracted (AVE) for each construct above its Maximum Shared Variance (MSV) (Hair at al. 2019; R.B. Kline 2016), signifying that the construct accounts for a greater proportion of variance in its indicators than it shares with any other construct.
Table 4. Fornell–Larcker Criterion 
	
	Motivation
	Skills
	Education
	Readiness

	Motivation
	0.812
	0.520
	0.630
	0.620

	Skills
	0.520
	0.829
	0.410
	0.450

	Education
	0.630
	0.410
	0.786
	0.460

	Readiness
	0.620
	0.450
	0.460
	0.784


Source: Research Data Analysis, 2025 (CVA/AMOS).
Table 4 demonstrates that each diagonal element (√AVE) exceeds the equivalent off-diagonal correlations, signifying that each construct possesses larger variance with its own indicators than with those of other constructs. The highest inter-construct correlation (0.630) is below the lowest √AVE among the constructs (0.784), hence affirming discriminant validity according to the Fornell–Larcker criterion.
Table 5. MSV/ASV Assessment
	Latent Variables
	AVE
	MSV
	ASV
	AVE > MSV?

	Community Motivation
	0.659
	0.397
	0.351
	Yes

	Community Skills
	0.688
	0.270
	0.214
	Yes

	Community Education
	0.618
	0.397
	0.259
	Yes

	Community Readiness
	0.615
	0.384
	0.266
	Yes


Source: Research Data Analysis, 2025 (CVA/AMOS).
Note: If additional robustness is required, discriminant validity may also be assessed using the Heterotrait–Monotrait ratio (HTMT). HTMT computation requires the indicator-level correlation matrix (raw data).

In accordance with the Fornell–Larcker findings, Table 5 demonstrates that the Average Variance Extracted (AVE) surpasses the Maximum Shared Variance (MSV) for all constructs, further substantiating that the shared variation with other constructs does not overshadow the variance represented by the indicators of each construct. The measuring model exhibits satisfactory discriminant validity. 

4.6. Structural Model Assessment
Figure 2 illustrates the final structural model delineating the impacts of Community Motivation, Community Skills, and Community Education on Community Readiness within the IKN core government region. Model refinement adhered to the conventional CB-SEM methodology, in which theoretically justified alterations, such as specific error covariances indicated by modification indices, were assessed to enhance model fit.

[image: ]
Fig. 2. Final structural model of community readiness (AMOS output).



4.7. Fit of the Overall Structural Model
The overall structural model fit was evaluated using a comprehensive set of goodness-of-fit statistics commonly reported in AMOS-based CB-SEM, including chi-square probability, CMIN/DF, RMR, RMSEA, GFI, AGFI, NFI, RFI, IFI, TLI, and CFI. These indices were used to assess both absolute fit and incremental fit of the proposed model. The reported values indicate that the model demonstrates a satisfactory to very good fit to the observed data, thereby supporting the adequacy of the structural specification for interpretation.
The structural model exhibits a robust global fit (χ² = 59.770, df = 54, p = 0.274), with CMIN/DF = 1.107 and RMSEA = 0.018, signifying a close fit. The incremental and absolute fit indices above traditional thresholds (GFI = 0.975; AGFI = 0.952; NFI = 0.936; IFI = 0.993; TLI = 0.988; CFI = 0.993), hence affirming the model's suitability for structural interpretation.

Table 6 summarizes the structural model goodness-of-fit statistics against commonly used cut-off values.
	Fit Index
	Model Value
	Recommended Cut-off (Acceptable)

	Chi-square (χ²)
	59.770
	Lower is better; non-significant preferred

	Degrees of freedom (df)
	54
	—

	Probability (p)
	0.274
	> 0.05

	CMIN/DF
	1.107
	< 3.00

	RMR
	0.042
	< 0.08

	RMSEA
	0.018
	< 0.08 (≤ 0.05 desirable)

	GFI
	0.975
	> 0.90

	AGFI
	0.952
	> 0.90

	NFI
	0.936
	> 0.90

	RFI
	0.892
	≥ 0.90 (marginal if slightly below)

	IFI
	0.993
	> 0.90

	TLI
	0.988
	> 0.90

	CFI
	0.993
	> 0.90


Source: Research data analysis (AMOS output), 2025.
Table 6 demonstrates that nearly all indices satisfy the specified requirements, signifying an exceptional fit. Despite the RFI being marginally below 0.90, it stays near the threshold and does not significantly compromise the conclusion that the model well represents the observed covariance structure (Hair at al. 2019; R.B. Kline 2016).

4.8. Structural Relationships and Hypothesis Testing
Table 7 presents the direct effects of Community Motivation, Community Skills, and Community Education on Community Readiness. In CB-SEM, hypothesis testing is evaluated using the unstandardized estimate (B), standard error (S.E.), critical ratio (C.R.), and associated probability value (p). The critical ratio is obtained by dividing the unstandardized estimate by its standard error and serves as the main test statistic for parameter significance. As a general rule, a C.R. value greater than 1.96 indicates statistical significance at the 5% level. Therefore, the interpretation of the structural paths in this study is based on the verified AMOS regression-weight output to ensure consistency among the unstandardized estimate, standard error, C.R., and p-value.
Table 7 presents the direct impacts of the three antecedent constructs on Community Readiness.
	Hypothesis / Path
	B (Unstd.)
	β (Std.)
	S.E.
	C.R.
	p-value
	Decision

	H1: Community Motivation → Community Readiness
	1.671
	0.237
	0.244
	6.848
	< 0.001
	Supported

	H2: Community Skills → Community Readiness
	1.743
	0.310
	0.264
	6.602
	< 0.001
	Supported

	H3: Community Education → Community Readiness
	0.874
	0.225
	0.178
	4.910
	< 0.001
	Supported


Note: B = unstandardized coefficient; β = standardized coefficient; S.E. = standard error; C.R. = critical ratio; significance at α = 0.05.

After verification of the AMOS regression-weight output, all three structural paths were found to be positive and statistically significant. Community Skills demonstrated the strongest standardized association with Community Readiness (β = 0.310), followed by Community Motivation (β = 0.237) and Community Education (β = 0.225). These findings indicate that practical community capabilities constitute the strongest predictor of readiness in the IKN host area, while motivation and education also make meaningful contributions to residents’ capacity to engage with IKN-related infrastructure and institutional transformation.
The structural model explained 37.0% of the variance in Community Readiness (R² = 0.370), indicating a moderate level of explanatory power within the context of social-behavioral SEM. In addition, the correlations among the exogenous constructs were moderate to strong (Motivation–Education r = 0.711; Motivation–Skills r = 0.586; Skills–Education r = 0.503), suggesting that these predictors are theoretically related while remaining empirically distinguishable. This pattern supports the proposed motivation–capability framework, in which motivation can be interpreted as contributing to the willingness to engage, whereas education and skills can be interpreted as contributing interpretive and operational resources for translating infrastructure availability into actual community readiness.
From a methodological standpoint, the structural results should be interpreted by distinguishing effect magnitude from statistical precision. The standardized coefficient (β) represents the relative strength of the relationship between latent constructs, whereas the critical ratio (C.R.) reflects the precision of the unstandardized estimate relative to its sampling error. Accordingly, the interpretation of the structural model considers B, S.E., C.R., p-value, and β together, so that substantive conclusions are supported by statistically coherent SEM evidence.


5. Discussion
5.1. Hypothesis 1 (H1: Community Motivation → Community Readiness)
The structural model supports H1, indicating that community motivation is positively associated with community readiness (β = 0.237). This indicates that when residents' motivation—reflected in existence, relatedness, and growth orientations—is elevated, the community is more inclined to mobilize collective efforts, embrace program information, and coordinate leadership and resources to leverage IKN-related infrastructure. This aligns with recent evidence in smart-city governance, indicating that program efficacy relies not solely on technology implementation but also on citizens' attitudes, perceived risks, and conditions for participation, with governance quality and inclusivity influencing the translation of initiatives into genuine engagement (Ghasemzadeh et al. 2026). 
Recent empirical research highlights a "smart governance paradox": technological progress may lead to diminished civic engagement. This underscores the necessity of aligning motivations and designing meaningful engagement to avert passive or tokenistic participation in extensive urban transformations (Tang and Aldrich 2026).
5.2. Hypothesis 2 (H2: Community Education → Community Readiness)
The results support H2, indicating that community education is positively associated with community readiness (β = 0.225). This suggests that formal and non-formal education is linked to stronger capacity among residents to comprehend policy signals, navigate public-service processes, and interpret infrastructure availability as practical opportunities. This corresponds with contemporary work on digital governance, highlighting that exclusion may arise throughout the policy process, especially when automation and digital services impose participation barriers, necessitating intentional inclusion initiatives and capability-support systems (Ghasemzadeh et al. 2026). 
Simultaneously, research on smart-city inclusion posits that addressing the digital divide necessitates a multifaceted approach: enhancement of infrastructure, educational and skill development initiatives, and governance methods that are inclusive and adapted to local socioeconomic contexts (Kruhlov and Dvorak 2025).
5.3. Hypothesis 3 (H3: Community Skills → Community Readiness)
The findings support H3, showing that community skills are positively associated with community readiness for utilizing IKN-related infrastructure (β = 0.310). This indicates that fundamental literacy, technical proficiency, and problem-solving skills appear to function as facilitators that may reduce operational obstacles when citizens seek information, understand procedures, and use technology-mediated services. Recent findings from e-government research indicate that ICT/e-skills are a crucial factor in the effective usage of e-government and are essential to current theories of the "digital divide," suggesting that disparities in abilities might lead to unequal participation and utilization outcomes (Gijón, Fernández-Bonilla, and Ruíz-Rúa 2025). Furthermore, the digital government study underscores that automation may lead to exclusion throughout policy phases unless inclusion mechanisms specifically tackle citizens' capability limitations, hence highlighting the importance of skills as a fundamental readiness element (Peeters, Miller, and Schuilenburg 2025). Smart-city literature emphasizes user capacity as a fundamental social obstacle influencing participation and fairness, asserting that urban digital participation necessitates not only platforms but also residents' proficiency in engaging with data-driven practices and post-participation procedures (Ghasemzadeh et al. 2026). Consequently, within the IKN framework, skill-building initiatives should be formulated as practical, use-case-focused programs (e.g., service navigation, digital transaction procedures, and problem-solving exercises) to ensure that infrastructure accessibility translates into inclusive and enduring community engagement. 

5.4. Integrated Interpretation and Theoretical Contribution
From a methodological perspective, the structural findings should be interpreted by distinguishing measurement adequacy from structural effect magnitude. The construct reliability results indicate acceptable internal consistency rather than exceptionally high redundancy among indicators, which is appropriate for preserving the conceptual breadth of multidimensional social constructs. At the same time, the standardized path coefficients indicate that the latent constructs remain substantively related to community readiness. Thus, the measurement model provides sufficient reliability for inference, while the structural model captures the relative strength of the theoretical relationships among the constructs (Hair at al. 2019; R.B. Kline 2016).
The results support a motivation–capability framework of community readiness. In this framework, motivation, represented through ERG-oriented needs, is interpreted as an important impetus for participation, whereas education and skills are interpreted as supplying the interpretive and operational resources necessary for effective action. This pattern suggests that readiness in the IKN host area is shaped not only by infrastructure provision, but also by the extent to which residents are able to participate in, understand, and benefit from institutional and digitally mediated forms of governance. This interpretation is consistent with recent studies emphasizing user capacity, public participation, equity, and digital inclusion as central conditions for effective smart-city and digital-government implementation (Ghasemzadeh et al. 2026; Kruhlov and Dvorak 2025; Peeters, Miller, and Schuilenburg 2025).
This study’s theoretical contribution lies in the empirical integration of an ERG-based motivational framework (existence, relatedness, and growth) with a multidimensional community readiness model consisting of community efforts, program knowledge, leadership, community climate, problem understanding, and resources. By linking these perspectives within a single structural model, the study extends the readiness literature beyond descriptive assessment and shows how human-capital factors can be examined as antecedents of readiness in a large-scale capital-relocation context. This contribution is especially relevant because recent readiness research continues to conceptualize community readiness as a construct intended to assess a community’s capacity to address systemic issues and to inform collective action through rigorous measurement and validation procedures (Ricciutti, Cureton, and Zhang 2026).
In the context of the IKN megaproject, these findings imply that interventions focused solely on technical training may be insufficient unless they are accompanied by efforts to strengthen motivational alignment, expand residents’ capacity to engage with change, and improve equitable access to information and digital services. Accordingly, inclusive readiness-building should combine motivational reinforcement, educational support, and practical skill development through sustained community engagement. This implication is derived from the present findings in light of the broader literature on the social challenges of smart governance and digital inclusion (Ghasemzadeh et al. 2026; Kruhlov and Dvorak 2025; Peeters, Miller, and Schuilenburg 2025).

Implications
From a smart governance perspective, the findings imply that inclusive infrastructure provision should be accompanied by readiness-building strategies targeted at the host community. First, governance actors should strengthen motivational alignment by linking IKN-related programs to residents’ perceived welfare, security, belonging, and future opportunities. Second, non-formal educational interventions should be expanded to improve residents’ understanding of program procedures, institutional changes, and available channels for participation. Third, practical skill-building initiatives should focus on digital navigation, service access, procedural literacy, and problem-solving in real use contexts. In this way, smart governance can function not merely as a technological system, but as an inclusive governance process that enables citizens to understand, access, and benefit from public infrastructure and digital services.


Conclusion
This study shows that community readiness in the IKN host region is associated with a motivation–capability process. All proposed structural paths were positive and statistically significant. Community Skills showed the strongest standardized association with Community Readiness (β = 0.310), followed by Community Motivation (β = 0.237) and Community Education (β = 0.225), together explaining 37.0% of the variance in readiness (R² = 0.370). These findings suggest that communities are better positioned to engage in IKN-related transformation when residents possess practical operational capabilities, maintain sufficient motivational orientation, and have adequate educational resources to interpret and respond to institutional and infrastructural change.
However, readiness was not evenly distributed across its dimensions. The descriptive results indicate that Problem Understanding was the weakest component of readiness (Mean = 2.46; 49.26%), suggesting that limited understanding of the ongoing changes, their implications for livelihoods, and the available pathways for accessing benefits may constrain the conversion of human capital into effective infrastructure utilization. Therefore, the inclusive implementation of IKN should prioritize continuous communication, participatory outreach, and experiential learning in order to strengthen community understanding and support more sustained and equitable engagement with IKN-related infrastructure and governance transformation.

Limitations and Future Research
 This study should also be interpreted in light of limitations associated with its cross-sectional design. Although the proposed structural model is theoretically grounded, the data were collected at a single point in time and therefore do not permit definitive temporal or causal inference. As a result, the observed relationships may still be affected by endogeneity concerns, including omitted variables, reciprocal influences, or unobserved contextual factors that were not directly modeled in the analysis. Future research would benefit from longitudinal, panel, or quasi-experimental designs, as well as the inclusion of objective indicators of service use and program participation, in order to strengthen causal interpretation and assess how readiness translates into observable behavioral outcomes over time.
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