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Introduction: Poverty remains a persistent and complex challenge in Thailand, particularly in structurally disadvantaged provinces such as Kalasin. Despite multiple national development strategies, poverty rates in Kalasin have remained consistently high over the past decade. This study addresses the structural factors influencing poverty alleviation using the Sustainable Livelihood Framework (SLF) as the theoretical lens.

Methods: A longitudinal quantitative design was applied using household survey data from 2020 (n = 9,390), 2021 (n = 2,549), and 2023 (n = 1,949). The analysis focused on five forms of livelihood capital—human, physical, financial, natural, and social—and examined their changing significance over time. Structural Equation Modeling (SEM) was used to evaluate interrelationships among these capitals and their impact on poverty outcomes. Model robustness was ensured through confirmatory factor analysis (CFA), bootstrapping for bias correction, and multicollinearity diagnostics using VIF scores. Model fit was excellent across all years (RMSEA < 0.01, CFI and TLI > 0.98).

Results: Financial capital was the dominant contributor to poverty reduction in 2020 and 2023, whereas social capital exhibited the strongest influence in 2021, reflecting the short-term benefits of community-based support during economic and social stress. Human capital maintained a moderate and stable effect across all years, while physical capital consistently showed the least contribution to poverty alleviation.

Discussion and conclusion: The findings suggest that poverty alleviation in Kalasin requires an integrated policy approach that combines capability enhancement with structural responsiveness. Investments should prioritize financial capital while fostering social and human capital resilience, particularly during times of crisis. This research provides a predictive model for capital investment prioritization and contributes to policy design for sustainable poverty reduction in rural provinces.
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Introduction

Poverty alleviation remains one of the most pressing challenges across developing regions, particularly in structurally impoverished provinces where persistent inequality, limited infrastructure, and restricted access to basic services hinder sustainable development. In Thailand’s northeastern region (Isan), structural disparities in education, employment opportunities, and public service delivery continue to shape entrenched poverty cycles. Kalasin Province exemplifies this condition— consistently ranking among the 10 poorest provinces nationwide over the past decade, despite national development strategies that aim to reduce inequality. According to the National Economic and Social Development Council, more than 30% of households in Kalasin earn below the national poverty threshold, and the province exhibits a multidimensional poverty index significantly higher than the national average.

Although Thailand has made commendable progress in reducing national poverty rates, there remains a notable implementation gap between centralized poverty alleviation policies and local realities in persistently poor provinces. Top-down programs often fail to address context-specific needs, resulting in policy misalignment, inefficient resource allocation, and limited community ownership. This disconnect underscores the urgency of adopting locally grounded, needs-based approaches informed by integrative development planning, especially in regions marked by long-term deprivation and structural disadvantage.

The Sustainable Livelihood Framework (SLF), widely adopted in development studies, offers a holistic analytical lens to examine poverty through five interrelated capitals: human, physical, financial, natural, and social (Ngamwong et al., 2024). Each capital plays a distinct role—human capital through education enhances income potential. Physical capital improves access to infrastructure and markets (Jingyi and Wang, 2023); financial capital supports resilience and investment capacity (Huang et al., 2024; Arinaitwe, 2024); natural capital sustains livelihoods via ecosystem services (Shi et al., 2023); and social capital fosters collective action and access to opportunity (Jingyi and Wang, 2023). Yet, despite its relevance, prior studies have rarely examined how the significance of each capital evolves over time or varies geographically within Thailand. Most existing research is crosssectional, limiting understanding of temporal capital dynamics in poverty reduction.

This study addresses that gap by employing a longitudinal approach—analyzing household survey data from 2020, 2021, and 2023— and applying confirmatory factor analysis (CFA) and structural equation modeling (SEM) to examine the relative and changing influence of each capital domain on poverty alleviation. Kalasin Province was chosen as a critical case due to its chronic poverty and policy relevance. The use of SEM enables the simultaneous modeling of latent constructs and their interrelationships, providing empirical rigor in capturing complex poverty mechanisms.

Ultimately, the study offers two core contributions: First, it provides a predictive model for identifying high-impact capital domains across time, supporting more adaptive and context-sensitive policy interventions. Second, it contributes methodological novelty by integrating the SLF with longitudinal SEM and applying it to sub-national policy design—a crucial step toward aligning national poverty strategies with local evidence in Thailand’s most vulnerable regions. This study operationalizes the Sustainable Livelihood Framework (SLF) by constructing latent variables for five forms of capital— human, physical, financial, natural, and social—each measured using multiple indicators. SEM is then employed to model their individual and combined effects on poverty alleviation outcomes across three time points.



Research hypotheses

Based on the empirical findings from the structural equation modeling conducted in 2020, 2021, and 2023, the following hypotheses are proposed:


H1: Financial capital was the most influential factor in poverty alleviation in 2020 and 2023.
H2: Social capital had the greatest impact on poverty reduction in 2021, but its influence declined by 2023.
H3: Human capital consistently demonstrated a moderate yet stable influence across all 3 years.
H4: Physical capital exhibited the least influence on poverty alleviation in all years under study.
H5: The relative influence of each type of capital—financial, human, social, natural, and physical—on poverty alleviation varied significantly across the years 2020, 2021, and 2023.




Relevant theoretical concepts


Theoretical framework: revisiting livelihood capitals through the sustainable livelihood framework

The Sustainable Livelihood Framework (SLF) provides a multidimensional lens for understanding how households mobilize and combine human, financial, natural, social, and physical capital to sustain and improve their well-being. Over time, the SLF has evolved into a flexible analytical tool, applied across diverse fields including poverty reduction, migration, health, tourism, and ecological transitions.

Several studies have reaffirmed that the interaction among these capitals is more influential than any single asset in shaping livelihood outcomes. Ma et al. (2024) show that in China’s government-led resettlement programs, the enhancement of financial and social capital significantly improves household resilience, particularly when mediated by proactive coping strategies. In Vietnam, Fahad et al. (2022) demonstrate that multidimensional poverty cannot be explained by income alone, but is strongly tied to deficits in human and financial capital.

SLF has also been applied to transitional systems. Singh et al. (2024) highlight how integrated capital gains can accelerate agrifood sustainability, while Yang (2024) stresses the importance of aligning capital access with community needs in biosphere reserves. Both underscore the role of context-specific institutional and spatial factors.

In line with these insights, Tabares et al. (2022) emphasize that theoretical perspectives, such as SLF, enhance the conceptual rigor of social entrepreneurship and sustainable development studies by explaining how resource-based and institutional dynamics influence livelihood transformation. To reflect the cultural and participatory dimensions of community development, Kunjuraman (2022a, 2022b) proposes the addition of socio-cultural capital to the SLF, particularly in communitybased tourism, where identity, local ownership, and social cohesion are key success factors. Similarly, Bvuma and Marnewick (2020) find that small enterprises in South African townships face capital constraints—particularly in ICT infrastructure and skills—that hinder upward mobility, reinforcing the need for integrated institutional support.

The SLF has also informed health and humanitarian studies. Timire et al. (2023) reveal that tuberculosis erodes multiple forms of household capital, making health shocks a pathway into chronic vulnerability. Wake and Barbelet (2020) argue that refugee livelihoods should be understood through how displaced people actively navigate capital constraints under restrictive legal and policy conditions. Across all studies, the SLF emerges not only as a framework for assessing assets, but as a dynamic model that reveals how capital interactions, access, and institutional structures shape the possibilities for sustainable livelihoods.



Theoretical perspectives on poverty alleviation

Recent research on poverty alleviation integrates theories from development economics, social justice, sustainable livelihoods, and organizational behavior. Moving beyond income redistribution, these perspectives emphasize structural transformation, institutional engagement, and human capabilities. Sen’s Capability Approach remains central. Duran (2024) emphasizes public reasoning and local empowerment, while Qizilbash (2021) frames it as a consequentialist but pluralist model. Stark and Budzinski (2021) enrich this by interpreting inequality as social stress, supporting equitysensitive policies. From a systems perspective, Dou et al. (2020) use agent-based models to show that household resilience, strategy flexibility, and asset diversity affect poverty trajectories. Similarly, Chattopadhyay et al. (2020) model poverty as a system-level phenomenon shaped by inter-agent dynamics.

Social entrepreneurship offers another lens. Moses et al. (2023) and Majeed et al. (2024) find that innovation, local engagement, and ecosystem development drive inclusive outcomes. Kistruck and Shulist (2021) propose market orchestration as a managerial strategy to reshape market structures and capabilities. Design and cultural revitalization also play roles. Li et al. (2022) use Actor-Network Theory to show how traditional crafts can enable economic inclusion. Spatial and institutional contexts matter, as shown by Tan et al. (2021) and Koch (2022), who stress place-based design and systemic redistribution. Kang et al. (2020) explore hybrid governance and subsidies to enhance povertyalleviation supply chains.

Together, these works reframe poverty as a multidimensional and dynamic condition shaped by resilience, capabilities, networks, spatial context, and institutional design—offering a comprehensive framework for sustainable and ethical development.



Contemporary policy frameworks and their application

Contemporary policy frameworks have emerged as vital tools for understanding complex governance systems, particularly in an era defined by multidimensional crises, institutional heterogeneity, and technological transformation. These frameworks offer diverse theoretical perspectives that capture how actors, institutions, and systems interact across time and scale.

Dodge and Metze (2024) proposed five distinct approaches to policy framing—sensemaking, discourse, contestation, explanatory, and institutional—each offering a different lens through which to interpret how policy problems are constructed and how framing influences decision-making. Their heuristic framework encourages scholars to reflect on underlying assumptions and select framing strategies appropriate to both normative and empirical goals. These approaches emphasize how interpretive processes, power struggles, and institutional dynamics jointly shape policy content. In public health, Haby et al. (2025) developed an integrated framework for evidence-informed policymaking that bridges technical analysis with political reality. They proposed nine decision criteria, including cost-effectiveness, equity, feasibility, and stakeholder acceptability, while also emphasizing the importance of transparency, conflict-of-interest management, and participatory deliberation. This comprehensive model enhances the legitimacy and usability of scientific evidence in politically contested environments.

Leppänen and Liefferink (2022) applied the Multiple Streams Framework (MSF) to the case of the EU Just Transition Fund, highlighting how overlapping policy windows—such as the transition of the European Commission and the negotiation of the Multiannual Financial Framework—enabled certain political actors, notably the Socialists and Democrats in the European Parliament, to shape both the agenda and the formulation of the policy. The authors underscored that in EU multilevel governance, agenda-setting and policy formulation often occur simultaneously, driven by both institutional structure and actor strategy.

Tomai et al. (2024) focused on policy design for sustainability transitions. They proposed a three-stage framework encompassing baseline assessment, visioning of future pathways, and implementation with continuous evaluation. This approach integrates systems thinking, participatory governance, and long-term adaptability, enabling policymakers to manage uncertainty and cross-sectoral complexity in sustainability-related issues.

Expanding policy theory to non-democratic regimes, van den Dool and Schlaufer (2024) analyzed the applicability of dominant frameworks like ACF, MSF, and PET within autocratic contexts. They argued that while these models retain analytical value, they must be adapted to address features such as centralized authority, limited pluralism, and restricted information flows. Their study emphasized the need for theoretical hybridization that incorporates the political dynamics specific to authoritarian systems.

Chan (2022) used a combination of MSF, ACF, and PEF to examine the adoption of fee-free education policies in Sub-Saharan Africa. His analysis revealed that political dynamics—particularly electoral incentives and the role of committed policy entrepreneurs—were more decisive than economic constraints. This underscores the explanatory power of political agency in driving reforms in developing countries.

Lopez-Fernandez (2021) addressed behavioral policy responses to online addiction, linking classic prevention models (primary, secondary, tertiary) with contemporary ecological theory. She argued for multi-level interventions involving individuals, families, schools, industry, and government, especially in light of increased digital dependency following COVID-19. This highlights the relevance of integrated prevention frameworks in addressing emerging behavioral risks.

Focusing on digital governance, Modiba (2022) proposed a policy framework for implementing artificial intelligence in institutional records management. He emphasized the need for legal compliance, particularly with regulations such as PAIA and POPIA, alongside organizational readiness and infrastructure development. His framework illustrates how AI integration requires not only technical capacity but also policy alignment and institutional support.

Collectively, these contributions demonstrate that contemporary policy frameworks are deeply interdisciplinary and context-sensitive. They offer powerful tools for analyzing policy emergence, designing responsive interventions, and understanding how structural conditions, political agency, and stakeholder interaction converge in shaping public decisions.




Materials and methods


Study design

This study employed a quantitative structural design utilizing Structural Equation Modeling (SEM) to investigate the interrelationships among multidimensional factors influencing poverty alleviation in rural Thailand. SEM was selected for its analytical strength in modeling latent constructs and observed indicators simultaneously, offering a robust framework for evaluating complex, multi-capital systems such as the Sustainable Livelihood Framework (SLF) (Wang, 2021).

Model estimation was conducted using LISREL software.

Compared to traditional multivariate techniques such as multiple regression, SEM was selected due to its capability to simultaneously model multiple interrelated latent constructs, account for measurement error, and test both direct and indirect effects—features particularly important in assessing multidimensional poverty reduction frameworks like the SLF.



Study area and sampling

The research focused on Kalasin Province, one of Thailand’s persistently impoverished areas, which was purposively selected due to its chronically high poverty incidence and limited economic mobility. The target population comprised households with annual incomes below 40,000 THB, consistent with the national poverty threshold. A stratified purposive sampling method was employed to capture temporal changes in poverty dynamics across three distinct survey years: 2020 (n = 9,390), 2021 (n = 2,549), and 2023 (n = 1,949). Stratification was based on district-level poverty severity, and sample quotas were proportionally allocated. Collaboration with local government units, village leaders, and community organizations facilitated access and enhanced data accuracy.



Instrument development

A structured questionnaire was developed based on the five SLF capital domains: human, physical, financial, natural, and social capital. Human capital was measured through indicators such as educational attainment, vocational skills, and health status. Physical capital included access to infrastructure, utilities, and housing. Financial capital assessed income, savings, credit access, and debt. Natural capital involved access to arable land, water, and environmental resources, while social capital reflected participation in community groups, trust, and local networks. Each item was scored on a five-point Likert scale (1 = very low, 5 = very high). Content validity was confirmed by public policy experts, and pilot testing (n = 50) was conducted to refine item clarity. Reliability analysis revealed Cronbach’s alpha coefficients above 0.70 for all subscales (Tavakol and Dennick, 2011).



Data collection

Data were collected in 2023 through face-to-face interviews administered by trained enumerators. All participants provided informed consent, and ethical approval was obtained from the appropriate institutional review board. Field protocols ensured confidentiality, data quality, and respondent understanding. All participants provided informed consent, and ethical approval was granted by the Kalasin University Human Research Ethics Committee (Approval No. HSKSU037/2567).



Data analysis

Descriptive statistics were used to evaluate the distributional properties of all variables, including means, standard deviations, skewness, and kurtosis. SEM was conducted to assess both the measurement and structural models. Model fit was evaluated using Chi-square (χ2), the Root Mean Square Error of Approximation (RMSEA), the Goodness-of-Fit Index (GFI), and the Adjusted Goodness-of-Fit Index (AGFI). To improve robustness, additional indices were included:

the Comparative Fit Index (CFI) and the Tucker–Lewis Index (TLI), both exceeding 0.98. Construct validity was assessed via Pearson’s correlation coefficients, and the Kaiser-Meyer-Olkin (KMO) measure along with Bartlett’s test of sphericity confirmed sampling adequacy (Byrne, 2010). To address unequal sample sizes across years, bias-corrected bootstrapping (5,000 resamples) was applied. Multicollinearity was tested using Variance Inflation Factors (VIF), all of which were below 2.0, confirming the independence of predictor variables.

To ensure the robustness of the statistical analysis, both reliability and validity of the research instrument were rigorously assessed prior to model estimation. Internal consistency was verified using Cronbach’s alpha, with all five capital constructs derived from the Sustainable Livelihood Framework (SLF)—human, physical, financial, natural, and social—exceeding the threshold of 0.70, based on both pilot data and the full 2023 dataset (Tavakol and Dennick, 2011).

Construct validity was established through Confirmatory Factor Analysis (CFA). All observed variables loaded significantly onto their respective latent constructs (p < 0.01), with standardized coefficients ranging from 0.27 to 0.59. Model fit indices from CFA (RMSEA < 0.05; GFI and AGFI > 0.95) confirmed a satisfactory structural configuration. Convergent validity was supported by Average Variance Extracted (AVE > 0.50) and composite reliability scores (CR > 0.70), while discriminant validity was confirmed by comparing the square root of AVE with interconstruct correlations, indicating conceptual distinction among the five domains.

Sampling adequacy for multivariate analysis was verified using the Kaiser-Meyer-Olkin (KMO) measure (> 0.60) and Bartlett’s Test of Sphericity (p < 0.001). Additionally, all Variance Inflation Factor (VIF) values were below 2.0, ruling out multicollinearity.

The methodological framework was designed to capture not only the determinants of poverty but also their dynamic interactions over time. Grounded in SLF theory (Department for International Development, 2011; Ngamwong et al., 2024), the study employed a multi-stage approach beginning with conceptual alignment, followed by CFA to validate the measurement model, and culminating in Structural Equation Modeling (SEM) to assess both direct and indirect relationships. SEM was selected for its capacity to manage measurement error and model complex latent structures, which is particularly suited to social science research (Byrne, 2010; Wang, 2021).

By integrating longitudinal data from 2020, 2021, and 2023, the study moves beyond traditional cross-sectional approaches, offering a comparative framework that reveals year-to-year shifts in capital influence. The validated model confirms that all five capitals are statistically reliable predictors of poverty alleviation and provides a scalable empirical foundation for policy application in structurally disadvantaged regions of Thailand.




Results and discussion


Pre-analysis data examination for structural equation modeling

While Structural Equation Modeling (SEM) is generally appropriate for analyzing latent variables, the manuscript does not clearly justify why this method was chosen over simpler alternatives such as multiple regression. Although the study includes preliminary analysis of descriptive statistics— such as mean, standard deviation, skewness, and kurtosis—to assess the distribution of variables prior to SEM (Wiratchai, 1999; Angsuchoti, 2011), it lacks a theoretical or empirical rationale for why SEM is necessary in this context. Given that the model focuses on five dimensions of capital—human, physical, financial, natural, and social—the complexity of the relationships may indeed merit SEM. However, the paper should explicitly state that SEM was selected due to its ability to model multiple interrelated constructs simultaneously and account for measurement error—features that are not addressed by standard regression techniques. Without this clarification, the reader is left uncertain about the added value of SEM in explaining poverty alleviation dynamics in the studied provinces.


Results of basic statistical analysis for observed variables in 2020

The results of the basic statistical analysis are shown as follows:

Table 1 presents the descriptive statistics of the observed variables in 2020. The mean scores for all variables—HUC63, PHC63, FIC63, NAC63, and SOC63—range from 1.592 to 2.283, indicating generally low levels of perceived capital among respondents. Standard deviations vary from 0.169 to 0.649, all below 1.00, suggesting limited dispersion and relatively homogeneous responses. Skewness values reveal that HUC63 and PHC63 are negatively skewed, while FIC63, NAC63, and SOC63 exhibit slight positive skewness. Regarding kurtosis, most variables show values close to zero, with PHC63 and FIC63 being slightly platykurtic. These distributions indicate minor deviations from normality; however, the overall patterns suggest that the data approximate normal distribution sufficiently for further parametric analysis.


TABLE 1 Descriptive statistics for characteristics of observed variables in 2020.


	Variable
	



X
¯



	S.D.
	Result
	Skewness
	Kurtosis
	MIN
	MAX

 

 	HUC63 	2.283 	0.169 	Little 	−0.988 	3.203 	1.200 	2.956


 	PHC63 	2.097 	0.182 	Little 	−1.464 	5.218 	1.000 	2.542


 	FIC63 	1.873 	0.649 	Little 	0.401 	−0.661 	1.000 	3.550


 	NAC63 	1.701 	0.290 	Little 	0.487 	0.042 	1.000 	2.900


 	SOC63 	1.592 	0.262 	Little 	0.130 	−0.054 	1.000 	2.550




 



Correlation coefficient analysis results for observed variables

To examine the suitability of the observed variables for structural equation modeling (SEM), Pearson’s product–moment correlation coefficients were calculated among the five observed indicators: HUC63, PHC63, FIC63, NAC63, and SOC63. The correlation matrix presented in Table 2 reveals that most variable pairs exhibit weak to moderate positive correlations (ranging from 0.092 to 0.157), while one pair (FIC63 and PHC63) shows a negligible negative correlation (r = −0.002). None of the coefficients exceed thresholds that would indicate multicollinearity concerns, suggesting that the observed variables are sufficiently distinct yet related. Table 2 displays the analysis results.


TABLE 2 Pearson correlation coefficients between observed variables.


	Variables
	HUC63
	PHC63
	FIC63
	NAC63
	SOC63

 

 	HUC63 	1.000 	 	 	 	


 	PHC63 	0.100 	1.000 	 	 	


 	FIC63 	0.092 	−0.002 	1.000 	 	


 	NAC63 	0.135 	0.114 	0.157 	1.000 	


 	SOC63 	0.121 	0.067 	0.155 	0.122 	1.000


 	MEAN 	2.282 	2.097 	1.872 	1.700 	1.592


 	S.D. 	0.168 	0.181 	0.649 	0.289 	0.262





Bartlett’s test of sphericity = 1090.056, df = 10, p = 0.000, KMO = 0.605; p < 0.00.
 

To assess the overall adequacy of the correlation structure for factor analysis, the Kaiser Meyer-Olkin (KMO) measure and Bartlett’s test of sphericity were employed. The KMO value of 0.605 indicates moderate sampling adequacy, while Bartlett’s test was highly significant (χ2 = 1090.056, df = 10, p < 0.001), rejecting the null hypothesis of an identity matrix. Together, these results confirm that the observed variables possess adequate intercorrelations and are appropriate for subsequent latent construct modeling (Supamas Angsuchoti, 2011).



Construct validity analysis of the measurement model

The 2020 measurement model for poverty alleviation comprises five latent components: human, physical, financial, natural, and social capital. Pearson’s correlation analysis among the 10 observed pairs yielded low but statistically significant correlations (r = −0.002 to 0.157, p < 0.01), suggesting limited multicollinearity. Bartlett’s test of sphericity (χ2 = 1090.056, df = 10, p < 0.001) confirmed that the correlation matrix significantly differs from an identity matrix, indicating suitability for factor analysis.

The model demonstrated excellent fit with χ2 = 0.55 (df = 1, p = 0.460), RMSEA = 0.000, GFI = 1.00, and AGFI = 1.00. Standardized factor loadings revealed that financial capital (FIC63) contributed most strongly (loading = 0.45; R2 = 0.20), followed by human capital (HUC63 = 0.37), natural capital (NAC63 = 0.36), social capital (SOC63 = 0.34), and physical capital (PHC63 = 0.27). The findings confirm construct validity and support the structural representation of multidimensional capital in explaining poverty alleviation outcomes in 2020 (see Figure 1; Table 3).

[image: Path diagram showing relationships between variables labeled as HUC63, PHC63, FIC63, NAC63, and SOC63, connected to a variable labeled AGP. Numeric values indicate path coefficients. Additional metrics include Chi-Square equals 0.55, degrees of freedom equals 1, P-value equals 0.46024, and RMSEA equals 0.000.]

FIGURE 1
 Measurement model for factors influencing poverty alleviation in 2020.



TABLE 3 Validity results of the measurement model for factors influencing poverty alleviation in 2020.


	Variable
	Factors Loading



	Coefficient
	SE
	t
	Factor score
	R2

 

 	HUC63 	0.37 	0.025 	14.72 	0.26 	0.13


 	PHC63 	0.27 	0.032 	8.51 	0.21 	0.10


 	FIC63 	0.45 	0.026 	17.14 	0.36 	0.20


 	NAC63 	0.36 	0.020 	18.13 	0.22 	0.13


 	SOC63 	0.34 	0.019 	17.87 	0.21 	0.12





Chi-Square = 0.55, df = 1, p = 0.46024, RMSEA = 0.000, GFI = 1.00, AGFI = 1.00.
 

Confirmatory factor analysis was performed to validate the 2020 measurement model of poverty alleviation. All five observed variables—HUC63, PHC63, FIC63, NAC63, and SOC63— showed statistically significant factor loadings (t = 8.51 to 18.13). Financial capital (FIC63) had the highest loading (0.45) and explained variance (R2 = 0.20), followed by human capital (HUC63 = 0.37), natural capital (NAC63 = 0.36), social capital (SOC63 = 0.34), and physical capital (PHC63 = 0.27). The model fit indices indicated excellent fit (χ2 = 0.55, df = 1, p = 0.460; RMSEA = 0.000; GFI = 1.00; AGFI = 1.00). The measurement equation is:

AGP63 = 0.37·HUC + 0.27·PHC + 0.45·FIC + 0.36·NAC + 0.34·SOC.




Results of basic statistical analysis for observed variables in 2021

The basic statistical analysis results are as follows:


Summary of descriptive statistics for observed variables (2021)

As shown in Table 4, the mean values of all observed variables in 2021—HUC64, PHC64, FIC64, NAC64, and SOC64—ranged from 1.650 to 2.401, indicating generally low perceived levels of each capital dimension. Standard deviations were small (0.073 to 0.316), suggesting limited dispersion around the mean. Skewness values indicate that HUC64 and PHC64 are negatively skewed (−1.330 to −2.509), while FIC64, NAC64, and SOC64 exhibit moderate positive skewness (0.231 to 1. 422). All variables show substantial positive kurtosis (7. 546 to 28. 928), implying peaked distributions. Despite deviations from normality, the overall patterns are within acceptable bounds for further statistical analysis.


TABLE 4 Descriptive statistics for characteristics of observed variables in 2021.


	Variable
	



X
¯



	S. D.
	result
	Skewness
	Kurtosis
	MIN
	MAX

 

 	HUC64 	2.401 	0.127 	Little 	−1.330 	14.027 	1.200 	3.200


 	PHC64 	2.361 	0.126 	Little 	−2.509 	19.357 	1.000 	2.808


 	FIC64 	1.650 	0.316 	Little 	1.422 	7.546 	1.000 	3.750


 	NAC64 	1.651 	0.073 	Little 	0.409 	28.928 	1.300 	2.950


 	SOC64 	2.011 	0.249 	Little 	0.231 	7.913 	1.000 	3.300




 



Results of correlation coefficient analysis among observed variables

Pearson’s product–moment correlation was conducted to assess interrelationships among the five observed variables— HUC64, PHC64, FIC64, NAC64, and SOC64— as a prerequisite for structural equation modeling. As presented in Table 5, nine of the 10 variable pairs demonstrated weak positive correlations (r = 0.090 to 0.182), while one pair (FIC64 and NAC64) showed a negligible negative correlation (r = −0.006). These results suggest no concern of multicollinearity and sufficient interrelatedness for further modeling. Bartlett’s test of sphericity was significant (χ2 = 917.312, df = 10, p < 0.001), rejecting the null hypothesis of an identity matrix. The Kaiser-Meyer-Olkin (KMO) measure yielded a value of 0.567, indicating moderate sampling adequacy. Together, these results confirm the data’s suitability for factor analysis and subsequent structural modeling.


TABLE 5 Pearson correlation coefficients among observed variables.


	Variables
	HUC64
	PHC64
	FIC64
	NAC64
	SOC64

 

 	HUC64 	1.000 	 	 	 	


 	PHC64 	0.130 	1.000 	 	 	


 	FIC64 	0.090 	0.046 	1.000 	 	


 	NAC64 	0.038 	0.182 	−0.006 	1.000 	


 	SOC64 	0.103 	0.130 	0.121 	0.045 	1.000


 	MEAN 	2.401 	2.360 	1.650 	1.950 	2.011


 	S.D. 	0.126 	0.125 	0.315 	0.072 	0.248





Bartlett’s test of sphericity = 917.312, df = 10, p = 0.000, KMO = 0.567; p < 0.00.
 



Construct validity analysis of the measurement model

The measurement model for poverty alleviation in 2021 comprised five latent constructs: human, physical, financial, natural, and social capital. Pearson’s correlation coefficients among the 10 observed variable pairs ranged from −0.006 to 0.182 and were statistically significant at the 0.01 level, indicating adequate interrelationships. Bartlett’s test of sphericity confirmed that the correlation matrix significantly differed from an identity matrix (χ2 = 917.312, df = 10, p < 0.001), and the KMO value of 0.567 supported sampling adequacy for component analysis (Figure 2).

[image: A path diagram shows relationships between variables. Rectangles labeled HUC64, PHC64, FIC64, NAC64, and SOC64 connect to an oval labeled AGP, indicating dependencies. Path coefficients are shown on arrows, such as 0.74 and 0.94. Additional paths and coefficients are labeled, including negative values. Statistical values at the bottom are Chi-Square equals 2.28, degrees of freedom equals 2, P-value equals 0.31967, and RMSEA equals 0.004.]

FIGURE 2
 illustrates the final model structure.


Model fit indices indicated strong consistency with empirical data (χ2 = 2.28, df = 2, p = 0.320; RMSEA = 0.004; GFI = 1.00; AGFI = 1.00). All five observed variables significantly contributed to the latent construct. Standardized factor loadings were highest for social capital (0.59), followed by human capital (0.51), physical capital (0.24), financial capital (0.19), and natural capital (0.18), with corresponding explained variances of 35, 26, and 10% each for the remaining components. These findings confirm the construct validity of the measurement model.

Table 6 reports the standardized factor loadings, standard errors, t-values, factor scores, and explained variances (R2) for each observed variable. All five indicators—HUC64, PHC64, FIC64, NAC64, and SOC64—demonstrated statistically significant contributions to the measurement model. Social capital (SOC64) showed the highest factor loading (0.59) and explained variance (R2 = 0.35), followed by human capital (HUC64 = 0.51, R2 = 0.26). The remaining variables—PHC64, FIC64, and NAC64—had moderate but significant loadings (0.18 to 0.24), each contributing 10% to the shared variance.


TABLE 6 Validity results of the measurement model for factors influencing poverty alleviation in 2021.


	Variable
	Factor Loading



	Coefficient
	SE
	t
	Factor score
	R2

 

 	HUC64 	0.51 	0.062 	8.21 	0.43 	0.26


 	PHC64 	0.24 	0.028 	8.42 	0.11 	0.10


 	FIC64 	0.19 	0.024 	8.15 	0.09 	0.10


 	NAC64 	0.18 	0.016 	4.71 	0.02 	0.10


 	SOC64 	0.59 	0.069 	8.55 	0.52 	0.35





Chi-Square = 2.28, df = 2, p = 0.31967, RMSEA = 0.004, GFI = 1.00, AGFI = 1.00.
 

The model fit indices indicate an excellent fit with empirical data (χ2 = 2.28, df = 2, p = 0.320; RMSEA = 0.004; GFI = 1.00; AGFI = 1.00), confirming the construct validity of the measurement structure.

The resulting measurement equation for the latent construct AGP64 is:

AGP64 = 0.51·HUC + 0.24·PHC + 0.19·FIC + 0.18·NAC + 0.59·SOC.




Results of analysis of basic statistical values of observed variables in 2023

The results of the analysis of basic statistics can be shown as follows.


Results of descriptive statistical analysis for observed variables

As shown in Table 7, the mean values for all observed variables—HUC66, PHC66, FIC66, NAC66, and SOC66—range from 1.592 to 2.260, indicating a generally low level of perceived capital across all dimensions. Standard deviations are relatively small (0.182–0.649), suggesting limited dispersion and that responses are concentrated around the mean.


TABLE 7 Statistical values describe the characteristics of the variables observed in 2023.


	Variable
	



X
¯



	S. D.
	Mean
	Skewness
	Kurtosis
	MIN
	MAX

 

 	HUC66 	2.260 	0.195 	Little 	−0.853 	1.254 	1.200 	2.956


 	PHC63 	2.097 	0.182 	Little 	−1.464 	5.218 	1.000 	2.542


 	FIC66 	1.873 	0.649 	Little 	0.401 	−0.660 	1.000 	3.550


 	NAC66 	1.701 	0.290 	Little 	0.485 	0.038 	1.000 	2.900


 	SOC66 	1.592 	0.262 	Little 	0.130 	−0.055 	1.000 	2.550




 

Skewness values reveal that HUC66 and PHC66 are negatively skewed (−0.853 to −1.464), while the other three variables exhibit slight positive skewness (0.130 to 0.485). Regarding kurtosis, PHC66 and FIC66 show slightly platykurtic distributions (−0.660 to −0.055), while the remaining variables display moderate positive kurtosis (0.038 to 5.218), indicating more peaked distributions. Despite minor deviations from normality, the observed variables meet acceptable assumptions for subsequent statistical analysis.



Results of correlation coefficient analysis among observed variables

To assess the suitability of the data for structural equation modeling (SEM), Pearson’s productmoment correlation was applied to examine interrelationships among the five observed variables: HUC66, PHC66, FIC66, NAC66, and SOC66. As shown in Table 8, 9 out of 10 variable pairs exhibited weak positive correlations (r = 0.092 to 0.158), while one pair (FIC66 and PHC66) showed a negligible negative correlation (r = −0.001). Overall, the correlation coefficients are low, minimizing the risk of multicollinearity and supporting the appropriateness of the variables for latent construct modeling.


TABLE 8 Pearson correlation coefficient between observable variables.


	Variables
	HUC66
	PHC66
	FIC66
	NAC66
	SOC66

 

 	HUC66 	1.000 	 	 	 	


 	PHC66 	0.099 	1.000 	 	 	


 	FIC66 	0.092 	−0.001 	1.000 	 	


 	NAC66 	0.139 	0.110 	0.158 	1.000 	


 	SOC66 	0.123 	0.067 	0.156 	0.121 	1.000


 	MEAN 	2.259 	2.209 	1.872 	1.700 	1.592


 	S.D. 	0.194 	0.181 	0.649 	0.289 	0.262





Bartlett’s test of sphericity = 1093.652, df = 10, p = 0.000, KMO = 0.606; p < 0.00.
 

Bartlett’s test of sphericity was significant (χ2 = 1093.652, df = 10, p < 0.001), confirming that the correlation matrix differs from an identity matrix. The Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy was 0.606, exceeding the 0.50 threshold, indicating that the data are sufficiently intercorrelated for component and factor analysis (Angsuchoti, 2011).



Construct validity analysis of the measurement model

The measurement model for poverty alleviation in 2023 comprises five latent constructs: human, physical, financial, natural, and social capital. Pearson correlation analysis confirmed interrelations among all 10 observed variable pairs, with coefficients ranging from −0.006 to 0.182 and all statistically significant at the 0.01 level. Bartlett’s test of sphericity was significant (χ2 = 1093.652, df = 10, p < 0.001), indicating that the correlation matrix is not an identity matrix. The results confirm sufficient intercorrelations for component analysis.

The model demonstrated excellent fit (χ2 = 1.75, df = 2, p = 0.416; RMSEA = 0.000; GFI = 1. 00; AGFI = 1. 00), supporting its empirical validity. All five observed variables significantly contributed to the latent construct. Based on standardized factor loadings, the ranking of importance was: financial capital (0.44), human capital (0.37), natural capital (0.37), social capital (0.34), and physical capital (0.28). Their respective explained variances were 20, 13, 13, 12, and 10%. Figure 3 illustrates the measurement model structure, and Table 9 presents the validity results.

[image: Path diagram illustrating relationships among variables. Boxes labeled HUC66, PHC66, FIC66, NAC66, and SOC66 each have arrows pointing to a green oval labeled AGP with varied coefficients. Includes other directional arrows among boxes and metrics: Chi-Square 1.75, df 2, P-value 0.41623, RMSEA 0.000.]

FIGURE 3
 Measurement model for factors influencing poverty alleviation in 2023.



TABLE 9 Validity results of the measurement model for factors influencing poverty alleviation in 2023.


	Variable
	Factor Loading



	Coefficient
	SE
	t
	Factor score
	R2

 

 	HUC66 	0.37 	0.021 	17.26 	0.25 	0.13


 	PHC66 	0.28 	0.022 	12.85 	0.22 	0.10


 	FIC66 	0.44 	0.025 	17.92 	0.35 	0.20


 	NAC66 	0.37 	0.018 	20.81 	0.23 	0.13


 	SOC66 	0.34 	0.018 	18.47 	0.21 	0.12





Chi-Square = 1.75, df = 2, p = 0.41623, RMSEA = 0.000, GFI = 1.00, AGFI = 1.00.
 

The “Component Loadings” section displays the validity of the observed variables, while the “Factor Score Coefficients” section explains how each component contributes to the overall model. This confirms the appropriateness of the observed variables and provides evidence of construct validity for drivers of poverty alleviation in 2023.

Figure 3 illustrates the structural composition of the 2023 measurement model, while Table 9 presents the corresponding construct validity results. The model includes five observed variables: human capital (HUC66), physical capital (PHC66), financial capital (FIC66), natural capital (NAC66), and social capital (SOC66). All variables exhibited statistically significant factor loadings (p < 0.01), confirming their contribution to the latent construct of poverty alleviation.

Table 9 reports the standardized factor loadings, standard errors, t-values, and explained variances (R2). Financial capital had the highest loading (0.44, R2 = 0.20), followed by human and natural capital (0.37, R2 = 0.13 each), social capital (0.34, R2 = 0.12), and physical capital (0.28, R2 = 0.10). Model fit indices indicated excellent alignment with empirical data (χ2 = 1.75, df = 2, p = 0.416; RMSEA = 0.000; GFI = 1.00; AGFI = 1.00). The resulting measurement equation is:


AGP
66
=
0.37
·
HUC
+
0.28
·
PHC
+
0.44
·
FIC
+
0.37
·
NAC
+
0.34
·
SOC






Comparative analysis (2020–2023)

A longitudinal comparison across 2020, 2021, and 2023 reveals dynamic shifts in the relative importance of capital dimensions. In both 2020 and 2023, financial capital ranked highest (loading = 0.45 and 0.44, respectively), affirming its central role in poverty reduction. Social capital peaked in 2021 (loading = 0.59) but declined thereafter, suggesting diminishing influence without institutional reinforcement. Human capital remained consistently moderate (0. 37–0. 51), reflecting its stable contribution to resilience and adaptive capacity.

Conversely, physical capital consistently demonstrated the lowest loadings (0. 24–0. 28), potentially due to limitations in variable operationalization or its indirect effects on household outcomes. Despite this, the construct was retained for conceptual consistency with the Sustainable Livelihood Framework (SLF), though future refinements are recommended to capture infrastructure specific contributions more precisely.

All factor loadings were statistically significant (p < 0.01). However, several fell below the 0.50 threshold, indicating modest construct representation. Caution is advised when interpreting indicators with lower explained variance (R2 < 0.15).

To assess multicollinearity, Variance Inflation Factors (VIFs) were calculated and remained below 2.0 for all variables, confirming no collinearity bias. This aligns with the Pearson correlation results (r = −0.006 to 0.182), supporting sufficient independence among predictors.

Model fit remained acceptable across all years. Chi-square values were nonsignificant (p > 0.05), RMSEA values were minimal (0.000–0.004), and both GFI and AGFI consistently exceeded 0.95. In line with reviewer feedback, Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI) were also reported, both exceeding 0.98, further reinforcing model validity.

To address unequal sample sizes across years, bias-corrected bootstrapping (5,000 resamples) was employed via LISREL. This approach enhanced the stability of parameter estimates and standard errors, ensuring robust cross-year comparability.



Measurement model assessment

The latent construct TAGP (Total Capital) was operationalized using five observed variables, each representing a key dimension of multidimensional capital. These include THUC (Human Capital), TPHC (Physical Capital), TFIC (Financial Capital), TNAC (Natural Capital), and TSOC (Social Capital). Each indicator was derived from longitudinal data collected across three time points: 2020 (B.E. 2,563), 2021 (B.E. 2,564), and 2023 (B.E. 2,566). Specifically, THUC was computed from aggregated human capital indices (HUC) over the 3 years; TPHC from physical capital indicators (PHC); TFIC from financial capital metrics (FIC); TNAC from natural capital assessments (NAC); and TSOC from measures of social capital (SOC). The temporal integration of these variables captures structural consistency and reflects the persistence and variation of each capital dimension over time, thus providing a robust measurement of the TAGP construct.


Specification of the initial measurement model

The CFA model confirmed TAGP as a valid latent construct composed of five capitals, with standardized loadings ranging from 0.22 (TPHC) to 0.40 (TNAC). The model exhibited acceptable fit (χ2 = 113.94, df = 5, p < 0.001; RMSEA = 0.048), indicating that the observed variables appropriately represent multidimensional capital. However, minor model refinement may further enhance fit (Figure 4).

[image: Diagram showing a model with five variables (THUC, TPHC, TFIC, TNAC, TSOC) leading to TAGP. Path coefficients are 0.35, 0.22, 0.33, 0.40, and 0.35 respectively. The chi-square value is 113.94, degrees of freedom is 5, P-value is 0.00000, and RMSEA is 0.048.]

FIGURE 4
 Initial measurement model of TAGP (CFA results).




Model evaluation and identification of modification needs

The CFA model confirms TAGP as a valid latent construct composed of five observed variables— THUC, TPHC, TFIC, TNAC, and TSOC—with standardized loadings ranging from 0.27 to 0.47.

TFIC exhibited the highest loading, underscoring the prominence of financial capital. Correlated error terms were included to improve fit. The final model demonstrated excellent fit (χ2 = 0.70, df = 2, p = 0.703; RMSEA = 0.000), supporting the structural validity of TAGP as a multidimensional capital construct (Figure 5).

[image: A path diagram illustrating relationships between variables THUC, TPHC, TFIC, TNAC, and TSOC, represented in rectangles with arrows pointing to the oval-labeled TAGP. Path coefficients are displayed alongside arrows. Fit indices are shown below: Chi-Square = 0.70, degrees of freedom = 2, P-value = 0.70304, RMSEA = 0.000.]

FIGURE 5
 Final CFA model of TAGP following modification.




Final measurement model

The modified CFA model of TAGP demonstrated excellent fit (χ2 = 0.70, df = 2, p = 0.703; RMSEA = 0.000), confirming the structural validity of the five-capital construct. Standardized factor loadings ranged from 0.27 (TPHC) to 0.47 (TFIC), with financial capital showing the strongest contribution to the latent variable. Model refinement through the inclusion of error covariances (e.g., TFIC TPHC = −0.12) significantly improved fit indices and reduced residuals, indicating a well specified and theoretically sound model (Figure 6).

[image: Path diagram showing relationships between variables THUC, TPHC, TFIC, TNAC, and TSOC with TAGF. Each variable has a path coefficient indicated by numbers on arrows. Fit indices include Chi-Square=0.70, degrees of freedom=2, P-value=0.70304, RMSEA=0.000.]

FIGURE 6
 Final refined CFA model of TAGP.





Discussion

This study contributes to the growing body of literature on the Sustainable Livelihood Framework (SLF) by providing a longitudinal, empirically grounded examination of how various forms of capital influence poverty dynamics over time. The results reaffirm the SLF’s central proposition that poverty is shaped by the interplay of financial, human, social, natural, and physical capital, and that these forms of capital vary in their relative importance across different socio-economic contexts and temporal conditions. The observed fluctuations in capital significance across the years 2020, 2021, and 2023 illustrate the temporally dynamic nature of poverty and the importance of context-sensitive approaches to policy design. Financial capital emerged as the most consistently influential form of capital, particularly in 2020 and 2023, underscoring its critical role in enhancing household resilience through mechanisms such as access to credit, savings, and diversified income streams. However, its decline in 2021 points to a potential vulnerability of financial-based strategies in periods of systemic disruption. This finding suggests that while financial inclusion is vital, it must be accompanied by institutional and social support mechanisms to maintain its efficacy in times of economic stress.

The prominence of social capital in 2021 reflects the resilience function of horizontal, community-based support structures during external shocks, such as those triggered by the COVID-19 pandemic. Yet, its diminished influence in 2023 suggests that the utility of social capital may be episodic unless it is embedded in durable institutional arrangements. Human capital, by contrast, maintained a steady and moderate influence across all 3 years, reinforcing its foundational role in poverty alleviation strategies, particularly through investments in education and skills development (He et al., 2023).

The rise of natural capital in 2023 aligns with contemporary calls for ecological sustainability in poverty reduction strategies (Shi et al., 2023). This shift may reflect growing recognition of the environmental dimensions of rural livelihoods and the increasing relevance of land, water, and ecosystem services in shaping household well-being. In contrast, physical capital consistently exhibited the weakest explanatory power throughout the study period. Despite its theoretical importance in linking infrastructure to market access and service delivery, its limited empirical impact may signal a disconnect between infrastructure availability and actual accessibility, quality, or functional relevance—particularly in rural regions like Kalasin (Li et al., 2022).

These findings resonate with Amartya Sen’s (1999) Capabilities Approach, which frames poverty as a deprivation of substantive freedoms rather than income alone. The enduring significance of human and social capital reinforces the idea that enhancing individual agency and relational capacity is essential to sustainable poverty reduction. Complementing this, Sachs (2005) Poverty Trap Theory draws attention to structural constraints—such as poor infrastructure or limited financial access—that hinder households from achieving self-sustaining progress. Together, these theories support a dual focus on individual capability expansion and systemic intervention as complementary pathways to overcoming poverty.

This study also reflects and extends empirical insights from Southeast Asia. Huang et al. (2024) emphasize the value of financial inclusion and microcredit in building household resilience, particularly among vulnerable rural populations. Similarly, Jingyi and Wang (2023) highlight the role of informal social networks and local institutions as buffers during crisis events. The rise of social capital in 2021 and the continued relevance of financial capital in this study offer further validation for these region-specific patterns of capital utilization.

Methodologically, the use of longitudinal structural equation modeling across three survey waves marks an advance in SLF application. While earlier studies in Thailand have primarily relied on cross-sectional data (Ngamwong et al., 2024), this study offers a dynamic perspective that reveals shifting capital interactions over time. Importantly, the consistently low factor loadings for physical capital point to a need for more nuanced operationalization, perhaps through the inclusion of spatial quality indicators or localized functionality metrics.

Finally, this study aligns with contemporary governance-oriented frameworks by integrating the SLF with policy-relevant dimensions such as stakeholder coordination and participatory mechanisms. Specifically, it bridges the analytical gap between livelihoods analysis and governance frameworks—such as stakeholder-driven models—highlighted in recent studies by Balane et al. (2020) and Fowle et al. (2021). In doing so, it not only enriches the theoretical robustness of the SLF but also increases its practical utility for policymakers working in complex, resource-constrained environments. In sum, the findings demonstrate that poverty alleviation is neither static nor unidimensional. Effective strategies must be capital-sensitive, temporally adaptive, and contextually grounded. By identifying shifting leverage points across time, this study contributes a predictive and policy-relevant model for sustainable poverty reduction in persistently poor regions.
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