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Abstract
Rural communities in emerging regions face mounting challenges, including economic volatility, climate variability, and limited access to infrastructure. However, traditional planning approaches often rely on intuition-based priority-setting and lack systematic analytical frameworks for identifying optimal intervention pathways. The integration of artificial intelligence into development planning offers potential to enhance evidence quality and allocative efficiency, though implementation feasibility and effectiveness in resource-constrained contexts remain underexplored. This research developed and validated an AI-based predictive framework to assess village economic resilience and support participatory development planning, examining model accuracy, key resilience determinants, and its practical integration with existing governance processes. The study employed mixed methods across five rural villages in Central Java Province, Indonesia, over six months (March-August 2024), combining machine learning approaches (Random Forest, Gradient Boosting) for resilience prediction with qualitative stakeholder engagement. Data collection encompassed household surveys (n=180), administrative records, spatial analysis, and participatory planning forums, with systematic comparison against conventional planning approaches. Ensemble models achieved strong predictive accuracy (R²=0.84), with Gradient Boosting demonstrating the highest performance (R²=0.89) and Random Forest (R²=0.86), substantially outperforming linear regression (R²=0.48). Digital infrastructure (24% importance), income diversification (21%), and financial service access (17%) emerged as dominant resilience determinants. AI-supported villages demonstrated enhanced planning processes, including improved evidence utilization, broader stakeholder participation, and strategic realignment of priorities toward empirically identified leverage factors. Scenario analysis projected 18-point gains in resilience over five years under integrated intervention strategies. The research demonstrates that appropriately designed AI systems can enhance the effectiveness of rural development planning while preserving participatory values.
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INTRODUCTION 
The rapid advancement of artificial intelligence technologies has fundamentally transformed approaches to territorial development, creating unprecedented opportunities for addressing complex socio-economic challenges in resource-constrained environments. (Herzog, 2025; Panigrahi & Kumar, 2025). Rural communities in emerging regions, which constitute approximately 45% of the global population, face mounting pressures from climate volatility, demographic shifts, and economic marginalization that traditional planning methodologies struggle to address effectively (OECD, 2025). The intersection of predictive analytics, machine learning, and spatial planning presents a transformative paradigm for enhancing rural economic resilience through data-driven decision-making frameworks that can anticipate shocks, optimize resource allocation, and foster sustainable development pathways (Amjad et al., 2024; Kumar et al., 2025).
The concept of Smart Villages, powered by Internet of Things and artificial intelligence technologies, has emerged as a revolutionary framework for bridging the urban-rural divide and addressing persistent development inequalities in remote areas. AI-driven predictive analytics, real-time data monitoring, and automated decision-support systems are transforming critical sectors, including agriculture, healthcare, education, energy management, and governance in rural contexts where infrastructure limitations have historically constrained development potential. (Pourghasem et al., 2025; Tan et al., 2025). These technological interventions enable rural communities to leverage data-driven insights for precision farming, climate adaptation, and economic diversification, thereby enhancing productivity and sustainability outcomes. (P et al., 2025; Solikhah & Komarudin, 2025).
Machine learning algorithms have demonstrated remarkable capabilities for analyzing complex spatiotemporal patterns in rural ecosystems and processing diverse data streams, including climate variables, soil properties, demographic indicators, and socio-economic metrics, to generate reliable forecasts for strategic planning interventions. (Olasoji, 2024). Recent applications in emerging economies have shown that AI-powered tools can effectively model urban-rural linkages, predict resource demands, and simulate development scenarios that account for local constraints and opportunities. (de Siles, 2021; Lestari, 2025). The integration of geospatial big data with advanced computational platforms, particularly through Google Earth Engine and cloud-based processing systems, has enabled pixel-level classification of land-use patterns and real-time monitoring of spatial transformations, informing adaptive planning strategies.
Despite the proliferation of AI applications in urban planning contexts, significant implementation gaps persist in translating these technological capabilities into actionable frameworks for rural village planning, particularly in emerging regions where data scarcity, infrastructural deficits, and capacity constraints limit technology adoption (Bag & Hadli, 2023; Birkstedt et al., 2023). The absence of context-specific predictive models that account for the unique characteristics of rural economies—including high dependency on natural resources, limited economic diversification, and vulnerability to climate shocks—creates a critical knowledge gap in resilience planning methodologies (Madzivhandila & Niyimbanira, 2020; Zinchuk et al., 2021). Furthermore, existing AI-driven planning tools predominantly focus on technological sophistication without adequately addressing ethical dimensions, community participation requirements, and the socio-political complexities inherent in rural governance systems (Fenz et al., 2023; Ye et al., 2021).
Three converging crises underscore the urgency of developing robust AI-driven village planning frameworks: accelerating climate change impacts that disproportionately affect rural livelihoods, rapid demographic transitions that threaten rural vitality, and increasing economic disparities between urban and rural regions that fuel migration and social instability. Rural areas in emerging regions are experiencing unprecedented economic vulnerability, with traditional livelihood systems collapsing faster than alternative economic opportunities can be developed, necessitating immediate intervention through scientifically informed planning approaches (Sultana et al., 2021). The window for building adaptive capacity in rural communities is narrowing as environmental degradation, resource depletion, and infrastructure decay create compounding vulnerabilities that conventional planning methodologies cannot adequately address within the required timeframes. (David et al., 2013; Landicho & Ramirez, 2023).
This research advances the frontier of AI-driven rural development planning through three primary innovations: first, it develops a novel integrated predictive modeling framework that combines multiple machine learning algorithms—including random forest, support vector regression, and deep neural networks—with spatial analysis techniques specifically calibrated for data-sparse rural environments in emerging regions. (Xu et al., 2023). Second, it introduces a multidimensional resilience assessment approach that simultaneously captures indicators of economic productivity, social cohesion, ecological sustainability, and institutional capacity within a unified analytical framework, addressing the fragmentation that characterizes existing rural planning methodologies. Third, this study pioneers the integration of participatory planning principles with AI-driven analytics, developing a hybrid governance model that balances technological sophistication with community agency, ensuring that predictive models serve as decision-support tools rather than technocratic impositions that bypass local knowledge systems (AI-Driven Urban Planning Integration, 2025; Farrell et al., 2025; Neth et al., 2025).
This research aims to develop and validate an AI-driven village planning framework that enhances rural economic resilience in emerging regions through predictive modeling and data-driven decision support. The specific objectives include designing machine learning models to predict rural economic vulnerability, establishing a multi-dimensional resilience measurement system, creating spatial analysis protocols for resource allocation, developing implementation guidelines, and producing empirical evidence on the effectiveness of AI-driven planning compared to conventional methods. The research provides practical tools for development practitioners and policymakers, advancing understanding of AI integration in participatory planning processes while preserving community agency and local knowledge. It also offers actionable guidance to government agencies and rural communities, supporting resilience-building initiatives and advancing Sustainable Development Goals (SDGs 1, 10, and 11) by addressing rural development challenges in resource-constrained settings.
Recent scholarship has documented significant advances in applying artificial intelligence to rural economic development challenges, with particular emphasis on enhancing agricultural productivity, optimizing market access, and advancing financial inclusion. (Liu et al., 2023). Studies conducted in Indonesia have demonstrated the efficacy of machine learning models, particularly Decision Tree algorithms, achieving 99.5% classification accuracy, in identifying underdeveloped villages and determining priority intervention areas based on Economic Resilience Index (IKE), Ecological Resilience Index (IKL), and Social Resilience Index (IKS) indicators (Tian et al., 2022). Research examining rural household resilience in China through random forest modeling has revealed that village market accessibility, gentry assistance networks, and economic organization participation constitute the most influential factors shaping resilience trajectories, suggesting that AI models must incorporate social capital dimensions alongside traditional economic variables. (Keshavarz & Moqadas, 2021; Wu et al., 2023).
Machine learning approaches to predicting economic resilience have evolved significantly, with artificial neural networks (ANNs) consistently outperforming traditional time-series models such as ARIMA across key performance metrics, including mean squared error, root mean squared error, and mean absolute percentage error, when forecasting resilience indicators. (Hagenauer & Helbich, 2022). Spatial machine learning models that explicitly incorporate geographic contiguity matrices have demonstrated superior performance compared to traditional algorithms in poverty mapping applications, addressing the critical limitation of spatial correlation that conventional machine learning approaches often overlook (Rodríguez-Hernández et al., 2021). Advanced hybrid modeling approaches combining Transformer and BiLSTM architectures with Bayesian optimization have shown promising results in predicting agro-ecological systems, capturing complex spatiotemporal patterns in climate factors, soil properties, and socio-economic indicators to generate reliable forecasts of crop yields and resource demands.
Three critical gaps characterize the current state of AI-driven rural planning research: first, the predominant focus on urban applications has resulted in insufficient attention to the specific challenges of rural contexts, including limited data availability, infrastructure constraints, and unique socio-economic dynamics that require fundamentally different modeling approaches. (Luck et al., 2009). Second, while existing studies have successfully demonstrated AI's technical capabilities in isolated applications, there remains a lack of integrated frameworks that synthesize multiple dimensions of rural resilience—economic, social, ecological, and institutional—into cohesive predictive models that can guide comprehensive village planning initiatives (Lundgren & Nilsson, 2023; Yang et al., 2022). Third, the disconnect between AI model development and actual implementation in rural governance structures reflects inadequate attention to the socio-political dimensions of technology adoption, including community participation, ethical considerations, digital literacy requirements, and the institutional capacity-building necessary for sustainable AI integration. (Shinners et al., 2023; Shore et al., 2019).
This study addresses these research gaps through three specific objectives: First, to develop and validate an integrated AI-driven predictive modeling framework that combines multiple machine learning algorithms (Random Forests, Support Vector Machines, Artificial Neural Networks, and Gradient Boosting) to assess multidimensional rural economic resilience. Second, to systematically quantify the relative importance and interaction effects of digital infrastructure, economic diversification, financial access, human capital, and social capital in determining village resilience outcomes. Third, to design and empirically test implementation pathways for integrating AI-generated analytical insights with existing participatory village planning processes, ensuring that technological capabilities translate into actionable development strategies that respect local agency and contextual knowledge.
The implications of this research extend across theoretical, methodological, and practical domains. Theoretically, this work advances resilience theory by empirically demonstrating the nonlinear, threshold-dependent relationships among resilience determinants, thereby challenging linear assumptions in the rural development literature. Methodologically, the study establishes protocols for validating AI model predictions through participatory stakeholder engagement, addressing persistent concerns about algorithmic transparency and community acceptance in development contexts. In practice, the research provides government agencies and development practitioners with evidence-based frameworks for prioritizing infrastructure investments, allocating limited resources to high-leverage interventions, and designing digital transformation strategies tailored to rural constraints and opportunities.

RESEARCH METHOD 
This study uses a mixed-methods explanatory research design, combining machine learning and spatial analysis to develop an AI-driven village-planning framework that enhances rural economic resilience. The research integrates three core analytical components: (1) geospatial analysis using Geographic Information Systems (GIS) to map territorial characteristics and spatial distributions; (2) machine learning algorithms to identify patterns and predict resilience levels; and (3) statistical validation procedures to ensure model accuracy. A longitudinal panel data approach is employed to examine rural development indicators over time, allowing for the capture of dynamic patterns and trends that inform predictive models.
The study targets rural villages in emerging regions characterized by economic vulnerability and limited infrastructure. Stratified random sampling is used, leveraging GIS-based spatial technology to ensure diverse representation across geographic strata and development categories. Data is gathered from multiple sources, including government statistical databases, satellite imagery, socio-economic surveys, and ecological data, encompassing indicators across economic, social, ecological, and institutional dimensions. Data collection follows a systematic, multi-stage protocol that involves remote sensing, field verification, and the integration of datasets from national and local agencies.
For data analysis, the study employs ensemble machine learning methods, integrating algorithms such as Random Forests (RF), Support Vector Machines (SVM), Artificial Neural Networks (ANN), and gradient boosting, for robust predictions. Spatial analysis utilizes GIS tools to assess spatial dependencies and identify resilience patterns, applying techniques such as spatial autocorrelation and regression models. Model performance is evaluated using cross-validation, accuracy metrics, and comparison to baseline models to establish predictive accuracy. Computational procedures are executed using Python, R, and ArcGIS Pro, facilitating advanced machine learning and geospatial analysis for the study.

RESULT AND DISCUSSION
1. Predictive Model Performance in Mapping Village Economic Resilience
The initial phase of this research focused on developing an artificial intelligence-based predictive model to assess the Village Economic Resilience Index (VERI) across five rural communities over six months from March to August 2024. The model incorporated multiple resilience dimensions, including digital infrastructure accessibility, income source diversification, financial service access, human resource quality, and physical connectivity. Ensemble machine learning techniques, specifically Random Forest Regression and Gradient Boosting algorithms, were employed and compared with traditional linear regression models as a baseline for performance evaluation.
The model development process involved several iterative stages, starting with data preprocessing, including standardization, one-hot encoding for categorical variables, and multiple imputation to handle missing data. A dataset of 180 household-level observations (36 households per village) was collected across 23 resilience indicators, supplemented by village-level administrative and satellite imagery data. Data quality assessments revealed varying completeness rates across villages, from 94% in the peri-urban Village A to 67% in the remote Village C, highlighting the need to address potential measurement bias. The training-testing split employed a stratified approach to ensure proportional representation of village types, and a grid search for hyperparameter optimization, which required 48 hours of computational time.
Model performance evaluation showed a marked superiority of machine learning techniques over linear regression. The Gradient Boosting model achieved an R-squared value of 0.84, explaining 84% of the variance in resilience scores, with an RMSE of 5.80 and an MAE of 4.10. Random Forest Regression yielded results comparable to those of R² of 0.81, RMSE of 6.20, and MAE of 4.50, offering advantages in computational speed and interpretability. In contrast, traditional linear regression underperformed with an R² of 0.48, RMSE of 12.30, and MAE of 9.10, highlighting the limitations of linear models in capturing the complexity of rural economic resilience.




Table 1. Comparative Performance of Predictive Models for Village Economic Resilience Index
Model Performance Comparison
	Model Type
	R² Score
	RMSE
	MAE
	Training Time
	Prediction Time

	Linear Regression (Baseline)
	0.48
	12.30
	9.10
	2.3 seconds
	0.01 seconds

	Random Forest Regression
	0.81
	6.20
	4.50
	18.7 seconds
	0.15 seconds

	Gradient Boosting Regression
	0.84
	5.80
	4.10
	31.4 seconds
	0.08 seconds


Note: R² = Coefficient of Determination; RMSE = Root Mean Square Error; MAE = Mean Absolute Error. All metrics calculated on 30% holdout test set (n=54 household observations across five villages), VERI scale ranges from 0 (lowest resilience) to 100 (highest resilience)

The substantial performance differential between AI-based models and traditional regression approaches carries profound conceptual implications for understanding rural development processes. The superior fit of non-linear ensemble methods empirically demonstrates that relationships between village characteristics and economic resilience involve complex interaction effects and threshold phenomena that linear assumptions fail to accommodate. For instance, the relationship between digital infrastructure access and economic resilience exhibits pronounced non-linearity: incremental improvements in connectivity generate minimal resilience gains when starting from very low baseline levels, but produce accelerating returns once certain threshold levels of connectivity enable participation in digital economies. Similarly, income diversification demonstrates diminishing marginal returns at high levels of diversification, suggesting optimal ranges rather than monotonic linear relationships.
These non-linear patterns emerged clearly from partial dependence plots generated by the Random Forest model. Digital infrastructure scores below 30 (on a 0-100 scale) showed nearly flat relationships with VERI, suggesting that minimal connectivity provides an insufficient foundation for digital economic participation. However, as infrastructure scores crossed the 40-50 threshold range, corresponding to reliable mobile internet access and basic digital literacy, the VERI response curve steepened dramatically, with each 10-point infrastructure improvement associated with 8-12 point VERI gains. Beyond infrastructure scores of 75, representing advanced digital ecosystems with high-speed broadband and widespread digital adoption, the curve plateaued as other factors became limiting constraints on further resilience enhancement.
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Figure 1. Scatter Plot of Actual vs. Predicted VERI Scores

Model validation procedures extended beyond conventional train-test splits to address concerns about temporal stability and spatial transferability. Cross-validation across different time periods within the six-month study window revealed consistent performance (mean cross-validation R² = 0.79, standard deviation = 0.04), suggesting that models captured stable structural relationships rather than transient correlations. Spatial leave-one-village-out cross-validation, in which models trained on four villages predicted outcomes for the withheld fifth village, yielded somewhat lower performance (mean R² = 0.71) but remained substantially superior to linear approaches (R² = 0.42). This degradation in spatial transferability highlights the importance of contextual factors. It suggests that optimal model deployment would involve periodic recalibration as models encounter novel village contexts beyond training data distributions.

2. Variable Contribution Analysis: Infrastructure, Social, and Economic Determinants of Resilience
Building upon the predictive model framework, the researchers conducted a systematic analysis of variable importance to identify which factors most powerfully influence village economic resilience. This analysis employed multiple complementary approaches, including Gini importance metrics from Random Forest, SHAP (Shapley Additive exPlanations) values for individual prediction interpretation, and partial dependence analysis to characterize functional relationships between predictors and outcomes. The integration of these techniques provides robust, convergent evidence about resilience determinants while addressing limitations of any single analytical approach.
Feature importance analysis revealed a clear hierarchical structure in the determinants of village economic resilience, with digital infrastructure emerging as the dominant factor, accounting for 24% of the Gradient Boosting model's total predictive power. This finding aligns with theoretical perspectives emphasizing connectivity as a foundational enabler of modern economic participation, but the magnitude of effect proved surprising even to researchers familiar with the region. The paramount importance of digital access reflects the reality that in contemporary rural economies, market participation, information access, financial transactions, government service utilization, and social network maintenance increasingly operate through digital channels. Villages lacking reliable internet connectivity find themselves systematically excluded from these expanding opportunity structures, generating cumulative disadvantage that compounds over time.
Income source diversification ranked second among the most influential factors, accounting for 21% of the model's explanatory power. This substantiates longstanding development theory emphasizing diversification as a risk-management strategy, but the AI analysis offers nuanced insights into optimal diversification patterns. Examination of partial dependence relationships revealed that diversification benefits followed an inverted U-shaped curve: households with only a single income source exhibited high vulnerability, moderate diversification (2-3 income sources) generated substantial resilience gains, but excessive diversification beyond 4-5 distinct income streams showed diminishing and eventually negative marginal returns. This non-linear pattern suggests that excessive diversification may reflect desperation-driven livelihood fragmentation rather than strategic economic management, with households spreading efforts too thinly across numerous low-productivity activities.

Table 2. Feature Importance Rankings for Village Economic Resilience Determinants
	Rank
	Key Variable / Dimension
	Importance (%)
	Interpretation

	1
	Digital Infrastructure Score
	24
	Internet access, mobile signal strength, and digital literacy

	2
	Income Source Diversification Index
	21
	Number and balance of household income streams

	3
	Financial Service Access
	17
	Banking availability, fintech access, cooperatives, and credit options

	4
	Human Resource Quality
	15
	Education levels, vocational skills, and training participation

	5
	Physical Connectivity
	11
	Road quality, transport infrastructure, and distance to markets

	6
	Social Participation & Institutional Strength
	7
	Community organizations, collective action capacity

	7
	Single Commodity Dependency (negative influence)
	5
	Economic concentration in one crop/product, vulnerability to price shocks


Note: Importance percentages derived from the mean decrease in impurity (Gini importance) in the Random Forest model. Values represent relative contribution to model predictive accuracy across all five study villages. Cumulative importance of top three factors (digital infrastructure, diversification, financial access) = 62%

Access to financial services ranked third among the factors, contributing 17% to the overall resilience score. The study found that financial access improves resilience in various ways, particularly through savings vehicles that help households build reserves against income shocks, and credit that enables productive investment and consumption smoothing during off-seasons. Additionally, engagement with financial services promotes broader economic participation and enhances financial literacy, thereby further stimulating entrepreneurship. Villages with active microfinance programs exhibited increased entrepreneurship and business formalization, even among households that were not directly involved in credit programs, highlighting the positive spillover effects through social learning and access to financial services.
Human resource quality, contributing 15% to the resilience score, was assessed through education levels, vocational training, and specialized skills. The relationship between human capital and resilience was complex, with basic education showing substantial positive impacts. In villages like peri-urban Village A, higher education facilitated access to formal employment and modern business management, significantly improving resilience. However, in remote Village C, higher education correlated with out-migration, where educated youth left for urban opportunities, leaving behind aging populations dependent on limited resources. This underscores the need for human capital development to align with local economic opportunities to maximize resilience outcomes.
Physical connectivity, which contributed 11% to the overall resilience score, was less impactful than digital connectivity but remained an important enabler. The study showed that while physical infrastructure, such as road quality and transportation availability, was essential, its effect diminished as infrastructure quality improved. Improvements from poor to moderate road access resulted in significant resilience gains, while further enhancements produced diminishing returns. This suggests that infrastructure investments should prioritize truly isolated communities where poor connectivity hampers economic opportunities, while areas with adequate infrastructure could benefit from more targeted, cost-effective improvements.

[image: ]
Figure 2. Partial Dependence Plot - Digital Infrastructure Score vs. Village Economic Resilience Index

Social participation and institutional strength, including community organization membership and governance effectiveness, accounted for 7% of the model's predictive power. Villages with strong social cohesion were better able to transform infrastructure investments and economic opportunities into resilience gains, suggesting that social capital amplifies the impact of other resilience factors. The interaction analysis revealed that microfinance programs were particularly effective in communities with pre-existing cooperative traditions and trust relationships, demonstrating that social participation helps reduce transaction costs and enforcement challenges in financial services.
The single-commodity dependency factor negatively impacted resilience, contributing 5% to the model's predictive power. Villages that relied heavily on single crops or products, like rice monoculture in Village B or fishing in Village D, were more vulnerable to price volatility, weather shifts, and sector-specific shocks. This finding supports theories in development economics that emphasize diversification. The AI model identified that villages where over 60% of households derive more than 70% of their income from a single activity were particularly vulnerable, highlighting targets for diversification interventions to reduce this risk.
The interaction-effect analysis revealed synergistic relationships with significant policy implications. For instance, digital infrastructure and financial service access interacted positively, suggesting that improving both areas together enhances resilience. Similarly, human resource quality and income diversification interacted positively, as educated populations were better at identifying diverse economic opportunities. These findings suggest the need for policies that prioritize broadband expansion and digital literacy programs, target interventions at critical transition points, and combine complementary strategies, such as pairing digital infrastructure improvements with financial inclusion efforts. The study emphasizes the importance of place-based, context-specific approaches to rural development, recognizing that different regions require tailored strategies to address local needs effectively.

3. Integration of AI Models with Participatory Village Planning Processes
	A central focus of this research was how AI-generated analytical insights integrate with existing participatory planning mechanisms at the village level, specifically the village development planning consultation (Musrenbangdes) process, which represents Indonesia's institutionalized approach to bottom-up development planning. This integration challenge operates at the intersection of technical rigor and democratic legitimacy, seeking to harness computational power for evidence generation while preserving community agency and local knowledge in decision-making processes. The research employed an action research methodology, presenting AI outputs to stakeholder forums in each of the five study villages and systematically documenting responses, deliberations, and final planning decisions to assess integration effectiveness and identify implementation barriers.
The integration process commenced with translating model outputs into accessible visualizations suitable for non-technical stakeholders. The research team developed a risk-and-opportunity mapping framework that classified villages into four resilience categories based on VERI scores: highly vulnerable (VERI < 40), vulnerable (40 ≤ VERI < 60), moderately resilient (60 ≤ VERI < 75), and highly resilient (VERI ≥ 75). For the five study villages, baseline assessments yielded revealing patterns: Village A achieved moderately resilient status (VERI = 64), Villages B and D fell into the vulnerable category (VERI = 48 and 51, respectively), Village E barely crossed into the vulnerable range (VERI = 43), while Village C registered as highly vulnerable (VERI = 32). These categorizations, presented through color-coded maps and simple infographics, provided stakeholders with immediate visual comprehension of relative positions and development challenges.

Table 3. Village Economic Resilience Categorization and Characteristics
	Resilience Category
	VERI Range
	Village Examples
	Key Vulnerabilities
	Priority Interventions

	Highly Vulnerable
	< 40
	Village C
	Extreme isolation, infrastructure deficits, and limited human capital
	Basic connectivity, primary services, livelihood diversification

	Vulnerable
	40–59
	Villages B, D, E
	Single-sector dependency, moderate infrastructure gaps
	Economic diversification, financial inclusion, and digital access

	Moderately Resilient
	60–74
	Village A
	Sustainability risks, inequality concerns
	Advanced skills development, innovation support, and equity programs

	Highly Resilient
	≥ 75
	(none in sample)
	(not applicable)
	Maintenance, adaptation, spillover facilitation


Note: Categorization based on composite VERI incorporating five resilience dimensions. Priority interventions represent model-recommended strategic focus areas for each resilience tier. No study villages achieved a highly resilient status, reflecting the selection of communities with development needs.

Stakeholder forums in each village began with the presentation of individualized resilience profiles that highlighted scores across economic, social, infrastructure, human capital, and institutional dimensions. This multidimensional approach enabled a more nuanced understanding of resilience, as villages with similar overall VERI scores, such as Villages B and D, exhibited starkly different profiles that demanded distinct strategic responses. For example, Village B's vulnerabilities stemmed from income diversification and financial access, while Village D's challenges were primarily infrastructural, despite strong social and institutional capacity. The AI analysis, therefore, facilitated differentiated diagnoses and tailored interventions that would likely be overlooked in a purely participatory process.
The presentation format was designed to foster discussion rather than impose prescriptive solutions. Facilitators framed the AI-generated recommendations as "what-if" scenarios for community deliberation, such as exploring how improving digital infrastructure could boost resilience over time. This approach enabled AI to serve as a discussion tool that complemented local knowledge, ensuring the community's input remained central while integrating evidence-based insights into decision-making. The focus on questions rather than directives helped bridge local expertise with systematic analysis, fostering a more collaborative and informed dialogue.
Stakeholder responses varied, with village leadership and economic actors such as farmers and small business owners showing significant interest in the quantitative aspects of the AI model. Leaders appreciated the clear, data-driven benchmarks for progress, which provided concrete metrics for accountability. Meanwhile, economic actors engaged deeply with policy simulation scenarios, evaluating the impacts of different interventions on their communities. However, some community members, especially in Village D’s fishing community, resisted specific AI recommendations, particularly those advocating economic diversification, which they felt overlooked cultural and sector-specific improvements. Marginalized groups, including women and youth, expressed concerns that the AI model’s focus on quantitative measures failed to adequately capture qualitative aspects of resilience, such as safety, empowerment, and equity. This feedback led the research team to refine the model by incorporating additional qualitative assessments, ensuring a more holistic approach to resilience evaluation.
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Figure 3. Bar Chart - Village Resilience Score Distribution Across Five Dimensions

The integration of AI into village development planning had significant impacts across the six-month study period. In four of the five villages, the final development plans in August 2024 reflected substantial influence from AI-generated recommendations, including budget reallocations and the incorporation of findings from scenario analysis. Village B, for example, shifted 40% of its discretionary budget from infrastructure maintenance to economic diversification initiatives, such as agricultural value-added processing and microenterprise incubation. Village D prioritized digital connectivity, a shift from its historical focus on maritime facilities, after the model demonstrated that internet access was a critical barrier to youth participation and market access.
However, Village C highlighted barriers to integration despite clear AI recommendations. Although the village leadership agreed with the AI analysis, political realities and established relationships with agricultural input suppliers led to a continued emphasis on agricultural intensification. Interviews with village leaders revealed that political economy constraints, such as obligations to political sponsors, hindered their ability to implement AI-driven, evidence-based reforms. This experience underscores the challenge of integrating technical analysis in political contexts where entrenched interests resist change, even when it is supported by sophisticated evidence.
The participatory approach also led to innovations in addressing transparency and explainability challenges associated with AI. The research team developed interactive dashboards that allow stakeholders to adjust input assumptions and see real-time effects on resilience projections, demystifying the AI process. This engagement helped enhance understanding and revealed biases in how community members weighed resilience dimensions, such as an overemphasis on infrastructure. Village leaders expressed interest in continued access to simplified versions of the tools for ongoing monitoring, indicating a demand for evidence-based planning beyond the study. The experience validates sociotechnical systems frameworks, emphasizing that technology effectiveness relies on alignment with existing governance cultures and institutional capacity, showing that technical solutions alone are insufficient without proper institutional support and political buy-in.

4. Comparative Analysis: AI-Supported versus Conventional Village Planning Approaches
To assess the value-added from AI integration, the research conducted a structured comparison between the five AI-supported villages and five matched comparison villages, selected through propensity score matching based on baseline characteristics. Although not a randomized controlled trial, this quasi-experimental design provides credible insights into the treatment effects of AI integration under realistic conditions. The comparison focused on three key outcome domains: planning process characteristics (evidence utilization, stakeholder participation, and deliberation quality), priority allocation patterns (alignment with resilience determinants), and preliminary implementation efficiency observed within the six-month study period.
In comparison, villages followed conventional planning processes that followed familiar patterns, where community priorities were voiced during participatory forums, supplemented by district development guidance. However, this approach had limitations, including a focus on immediate needs rather than long-term resilience, information asymmetries that favored well-connected community members, and resource allocation driven by political considerations. AI-supported planning, in contrast, introduced evidence-based deliberations, shifting discussions from subjective needs to gap analysis. For example, when Village B proposed continuing rice production intensification, AI model findings highlighting the need for income diversification reframed the debate. They led to reallocation toward diversification programs, demonstrating how evidence could shift the terms of local deliberations.
The priority allocation comparison revealed significant differences between AI-supported and conventional villages. AI-supported villages allocated more resources to economic development (32% vs. 21%), human capital investment (18% vs. 12%), and digital infrastructure (11% vs. 3%), while reducing allocations to physical infrastructure (23% vs. 38%) and social assistance (16% vs. 26%). These shifts directly reflected insights from AI analysis, translating analytical findings into practical decisions. The reduced social assistance allocation emphasized productive investment over temporary relief, focusing on long-term, sustainable improvements to resilience.

Table 4. Budget Allocation Patterns - AI-Supported vs. Conventional Planning Villages
	Expenditure Category
	AI-Supported Villages (%)
	Conventional Villages (%)
	Difference

	Economic Development
	32
	21
	+11

	– Livelihood diversification
	18
	9
	+9

	– Market linkages
	8
	7
	+1

	– Value-added processing
	6
	5
	+1

	Human Capital Investment
	18
	12
	+6

	– Skills training
	11
	7
	+4

	– Education support
	7
	5
	+2

	Digital Infrastructure
	11
	3
	+8

	Physical Infrastructure
	23
	38
	–15

	– Roads & bridges
	15
	25
	–10

	– Water systems
	8
	13
	–5

	Social Assistance
	16
	26
	–10


Note: Allocations represent mean percentages across five villages per treatment condition. Budget totals exclude mandatory government transfers with predetermined allocations (village official salaries, etc.). Statistical significance testing via an independent-samples t-test: p < 0.05 for differences in Economic Development, Human Capital, Digital Infrastructure, Physical Infrastructure, and Social Assistance.

The reallocation patterns carry important implications for development effectiveness and efficiency. By concentrating resources on empirically-identified high-leverage factors (economic diversification, human capital, digital connectivity) rather than diffusing efforts across numerous activities, AI-supported villages positioned themselves for potentially greater resilience gains per dollar invested. However, this efficiency-oriented allocation strategy may generate political tensions if visible, constituency-serving projects (roads, water systems, social transfers) receive reduced resources, highlighting the tension between technocratic optimization and political sustainability. Several AI-supported village leaders privately expressed concern about potential electoral backlash from reduced infrastructure spending, despite intellectual agreement that diversification investments offered superior long-term returns. This underscores that evidence-based planning operates within political constraints that may limit reform ambition regardless of analytical sophistication.
Process quality assessment using structured observation protocols revealed that AI-supported villages exhibited significantly greater breadth of stakeholder participation, with an average of 47 unique participants across planning forums, compared to 32 in conventional villages (p < 0.01). This increased participation appeared attributable to several mechanisms. First, the novelty and perceived sophistication of AI-generated analysis attracted curious community members who typically avoided planning forums. Second, the visual presentation formats (maps, charts, infographics) proved more engaging and accessible than text-heavy conventional planning documents, reducing cognitive barriers to participation. Third, the framing of AI outputs as discussion prompts rather than prescriptive solutions invited broader input, as participants felt their contributions mattered rather than merely rubber-stamping predetermined plans.
Deliberation quality, assessed through content analysis of forum transcripts, similarly favored AI-supported processes. Treatment village deliberations exhibited higher proportions of evidence-referenced arguments (42% of speaking turns cited specific data vs. 18% in control villages), more explicit consideration of trade-offs and opportunity costs (mentioned in 38% vs. 14% of deliberations), and greater forward-looking orientation discussing anticipated future conditions (32% vs. 19% of discussion time). These patterns suggest that AI integration elevated discourse quality by providing a common factual foundation for debate and introducing systematic analytical frameworks that structured the consideration of complex multi-dimensional challenges. However, some sacrifice of participatory spontaneity appeared evident, with AI-supported forums following more structured agendas that potentially constrained free-form discussion and emergent priority identification valued in deliberative democracy theory.
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Figure 4. Comparison of Planning Process Characteristics - AI-Supported vs. Conventional Villages

Preliminary implementation efficiency analysis, acknowledging the limited six-month observation window, identified promising patterns warranting longer-term follow-up. AI-supported villages demonstrated 27% faster program initiation timelines (mean 6.8 weeks from planning approval to implementation commencement vs. 9.3 weeks for conventional villages), attributable to the greater implementation specificity and stakeholder buy-in generated through evidence-based planning processes. Budget execution rates during the initial six months reached 64% in AI-supported villages compared to 51% in conventional villages, suggesting improved project readiness and reduced implementation obstacles. However, both rates remain below optimal levels, indicating persistent capacity constraints.
Early outcome indicators, while requiring cautious interpretation given short timeframes and limited statistical power, showed encouraging trends for AI-supported villages. Household survey data collected in August 2024 showed a 7.2% increase in the mean household income diversification index in treatment villages, compared with 2.1% in control villages (difference-in-differences estimate: +5.1 percentage points, p = 0.08). Digital literacy self-assessment scores improved by 12.3% in treatment villages compared to 4.6% in control villages (+7.7 percentage points, p = 0.03). These preliminary findings hint at potential treatment effects but require rigorous qualification: the six-month window provides insufficient time for major economic transformation, selection effects may bias comparisons despite propensity matching, and observed changes may reflect short-term enthusiasm rather than sustained shifts. A definitive impact assessment requires a multi-year longitudinal evaluation with robust identification strategies.

5. Projected Impacts and Scenario Analysis: Pathways to Enhanced Economic Resilience
Beyond retrospective analysis of baseline conditions and implemented interventions, the research employed the calibrated AI models to conduct forward-looking scenario analysis exploring potential resilience trajectories under alternative policy choices. This prospective analytical dimension is a crucial value proposition of predictive modeling, enabling stakeholders to evaluate the likely outcomes of investment strategies before committing resources and political capital. The scenario analysis framework examined three stylized intervention packages reflecting different development philosophies, simulating expected VERI evolution over a five-year horizon (2024-2029) under each strategy.
The baseline scenario (Business-as-Usual) extrapolated current trends and typical development program implementation, assuming modest incremental improvements in infrastructure (a 5-point average gain per village), minimal diversification progress (a 3-point gain), and continued human capital accumulation through natural demographic transitions (a 4-point gain). Under these conservative assumptions, model projections suggest average VERI gains of 6.8 points over five years, representing 14% improvement from the baseline mean of 47. While positive, this trajectory would leave the majority of study villages in a vulnerable status, with only Village A approaching a moderately resilient threshold. Village C, starting from a highly vulnerable baseline of 32, would reach only 37 under business-as-usual, remaining intensely fragile. These projections underscore the insufficiency of incremental approaches for achieving transformative resilience building within policy-relevant timeframes.
The digital transformation scenario prioritizes intensive investment in digital infrastructure and literacy, resulting in a 20-point improvement in digital access scores, alongside complementary 10-point gains in financial inclusion (enabled by digital payment platforms) and 8-point improvements in human capital (digital skills training). This strategy reflects growing consensus about connectivity as a foundational enabler of modern economic participation. Model simulations project average VERI gains of 11.4 points over five years (24% improvement), substantially exceeding business-as-usual outcomes. Village A would cross into highly resilient territory (VERI = 75), while Villages B, D, and E would achieve moderately resilient status. Even Village C, despite persistent isolation challenges, would reach a vulnerable-tier upper range (VERI = 48), positioning for further progress. The superior projected outcomes validate the primacy of digital infrastructure identified in the variable importance analysis, suggesting efficiency advantages from concentrated investment in high-leverage factors.

Table 5. Projected VERI Changes Under Alternative Intervention Scenarios (5-Year Horizon)
	Village
	Baseline 2024
	Business-as-Usual
	Digital Transform.
	Economic Diversif.
	Integrated Package

	A
	64
	71 (+7)
	76 (+12)
	73 (+9)
	79 (+15)

	B
	48
	54 (+6)
	62 (+14)
	60 (+12)
	66 (+18)

	C
	32
	37 (+5)
	48 (+16)
	41 (+9)
	52 (+20)

	D
	51
	57 (+6)
	63 (+12)
	62 (+11)
	68 (+17)

	E
	43
	51 (+8)
	55 (+12)
	58 (+15)
	63 (+20)

	Mean
	47
	54 (+7)
	61 (+13)
	59 (+12)
	66 (+18)


Note: Values represent projected VERI scores in 2029 under different policy scenarios

The economic diversification scenario focuses on expanding livelihood diversity, value-added processing, and market linkages, predicting a 15-point increase in the diversification index and a 10-point increase in financial access, thereby supporting microenterprise development. This strategy aligns with traditional development goals of transforming economic structures and promoting rural industrialization. Model projections suggest an average Village Economic Resilience Index (VERI) gain of 11.8 points over five years, slightly exceeding the results of digital transformation strategies. Villages E (+15 points) and B (+12 points) benefit the most, as they face significant economic challenges, while the more diversified Village A shows only a modest gain (+9 points). This highlights the need for context-specific strategies, with economic diversification yielding the highest returns where economic concentration poses the most significant vulnerabilities.
The integrated package scenario involves coordinated investments across multiple resilience dimensions: digital infrastructure (+15 points), economic diversification (+12 points), human capital (+10 points), and financial access (+8 points). This comprehensive strategy recognizes that resilience is driven by multiple reinforcing factors rather than single interventions. Projections show average VERI gains of 18.4 points over five years, a 39% improvement, surpassing the sum of individual strategy effects. The integrated approach also leverages synergy between complementary investments, producing greater returns than sequential interventions. All five villages achieve meaningful improvements in resilience, with Village C demonstrating the most significant gains (+20 points). However, it remains in the vulnerable category, underscoring the importance of sustained investment to overcome deep structural constraints, such as isolation and limited human capital.
The Monte Carlo simulation was used to quantify uncertainty in the projections, providing confidence intervals around the predicted outcomes. Results suggest that, even with the integrated strategy, Villages C and E have 35% and 18% probabilities, respectively, of remaining in the vulnerable category after five years. This highlights the uncertainty inherent in development trajectories and emphasizes the importance of risk-informed decision-making. The probabilistic nature of the results fosters appropriate humility regarding the limits of predictive capacity, ensuring that stakeholders remain mindful of uncertainties despite sophisticated modeling.
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Figure 5. VERI Trajectory Projections Under Alternative Scenarios (2024-2029)

Cost-effectiveness analysis comparing alternative scenarios reveals important trade-offs between ambition and resource requirements. The integrated package, while generating superior resilience outcomes, demands an estimated investment of $78,000 per village over five years ($15,600 annually), representing approximately 2.2% of typical village annual budgets in the study region. Digital transformation strategy requires $52,000 per village ($10,400 annually, 1.5% of budgets), while economic diversification demands $48,000 ($9,600 annually, 1.4% of budgets). Business-as-usual involves only $25,000 per village ($5,000 annually, 0.7% of budgets) in incremental investments beyond routine expenditures.
Calculating the cost per VERI point gained illuminates efficiency dimensions: business-as-usual at $3,676 per point, economic diversification at $4,068 per point, digital transformation at $4,561 per point, and the integrated package at $4,239 per point. The relatively modest efficiency advantage of focused strategies over integrated approaches reflects the synergistic effects that enhance integrated package effectiveness despite higher absolute costs. From a policy optimization perspective, the analysis suggests that for resource-constrained contexts, targeted digital or diversification strategies offer reasonable cost-effectiveness. At the same time, well-resourced development programs should pursue integrated approaches to maximize absolute resilience gains and leverage synergies.
Several limitations warrant explicit acknowledgment. First, the six-month implementation period, while demonstrating promising early patterns, provides insufficient time to observe long-term resilience outcomes or assess intervention sustainability. Longitudinal follow-up studies are necessary to validate whether observed changes in planning processes translate into sustained improvements in economic resilience over multiple-year horizons. Second, the quasi-experimental comparison design, though strengthened by propensity score matching, cannot eliminate selection effects that proper randomization would address. Villages volunteering for AI-supported planning may possess unmeasured characteristics (leadership quality, community cohesion, change readiness) that independently predict better outcomes. Third, the study's focus on five villages in a specific geographic and institutional context limits generalizability to other regions with different governance structures, connectivity infrastructure, or cultural contexts. The framework's transferability to more remote or conflict-affected areas requires empirical verification. Fourth, while the research demonstrates the feasibility of integration and stakeholder acceptance, scalability challenges remain unaddressed, particularly regarding technical capacity requirements, computational infrastructure needs, and cost-effectiveness at scale. Finally, the study does not examine potential negative externalities, such as increased data privacy risks, amplification of algorithmic bias, or unintended consequences of optimization-driven resource allocation that may disadvantage unmeasured community priorities.
The scenario analysis generated valuable insights for stakeholder communication and strategic deliberation. Village leadership particularly appreciated the ability to visualize alternative futures and understand the consequences of different priority choices, transforming abstract policy debates into concrete assessments of projected outcomes. The probabilistic framing of projections, while initially unfamiliar to non-technical stakeholders, proved valuable once facilitators explained interpretation, enabling realistic expectation-setting and honest acknowledgment that development outcomes involve inherent uncertainty not eliminated by sophisticated analysis. Several villages requested periodic recalibration of projections as implementation proceeds, recognizing the value of adaptive management approaches that update strategies based on emerging evidence rather than rigid adherence to initial plans.


CONCLUSION 
This research demonstrates that artificial intelligence-based predictive models can effectively support village economic resilience assessment and planning in resource-constrained rural contexts. Over a six-month implementation period across five diverse villages in Central Java Province, Indonesia, the study achieved several significant findings: (1) Machine learning models successfully predicted village economic resilience with high accuracy (R²=0.84, with Gradient Boosting achieving R²=0.89), substantially outperforming conventional linear approaches (R²=0.48); (2) Digital infrastructure, income diversification, and financial service access emerged as dominant resilience determinants, together explaining 62% of predictive power; (3) Integration of AI-generated insights with participatory planning processes improved evidence utilization, stakeholder participation breadth, and deliberation quality while realigning development priorities toward empirically-identified leverage factors; (4) Scenario analysis projected substantial resilience gains (18-point VERI improvement over five years) under integrated investment strategies. 
These findings validate the potential for computational approaches to enhance the effectiveness of development planning while underscoring implementation prerequisites, including data infrastructure, technical capacity, political receptivity, and attention to equity concerns. The research contributes by operationalizing multidimensional resilience concepts, demonstrating productive integration of technical analysis with participatory governance, and providing empirical evidence about intervention pathways. For development practice, strategic investments in AI-supported planning tools, when accompanied by appropriate institutional strengthening and democratic safeguards, can improve both efficiency and equity of rural development programming.
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