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ARTICLE INFO ABSTRACT
Sustainable livelihoods form part of the core of inclusive development, yet
traditional models of analysis normally cannot fully capture their intrinsic
complexity, non-linearity, and dynamic interdependence. This paper presents a
novel computational framework that integrates Artificial Neural Networks (ANN),
Fuzzy Logic, and Mathematical Topology for modeling and optimization of the
determinants of sustainable livelihoods. The study develops the framework of the
Generalized Under-Achievement Index-GUAI-ANN through the implementation
of a supervised learning and optimization algorithm which captures the multi-
dimensional interactions among livelihood capitals, namely, human, social,
physical, natural, and financial. It adopts feature selection, dimensionality
reduction, and sensitivity analyses to enhance model interpretability and raise its
policy relevance. The results show that the GUAI–ANN model identifies
underachievement domains that are critical and propounds data-driven strategies
for optimizing livelihood outcomes. Conjoining technical precision with
developmental application, this approach illustrates how an AI methodology can
be pursued to reach congruence with sustainable livelihood policy design.
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1. Introduction

The pursuit of sustainable livelihoods lies at the heart of contemporary development discourse. Defined as
the capabilities, assets, and activities required to maintain a living, sustainable livelihoods ensure that
individuals and communities can withstand shocks, adapt to change, and preserve resources for future
generations (Chambers & Conway, 1992). Despite extensive global attention through frameworks such as the
Sustainable Livelihood Framework (SLF) by the Department for International Development (DFID, 1999),
persistent livelihood inequalities remain across nations and regions.
Traditional livelihood assessment methodologies, based on econometrics, regression, and descriptive
analysis, are limited by linearity and independence assumptions (Ellis, 2000; Scoones, 1998). On the
contrary, real-world livelihood systems show feedback loops, threshold effects, and site-specific dynamics. In
such a landscape, ANNs become the transformative analytical tool capable of modeling nonlinear,
multidimensional, and dynamic relationships among variables affecting human development (Haykin,
2009).This paper proposes an integrated computational model, the Generalized Under-Achievement Index–
Artificial Neural Network framework, which integrates ANN-based pattern recognition, Fuzzy Logic, and
Mathematical Topology as a means to identify and optimize influencing factors in sustainable livelihood
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spaces. It offers both methodological innovation and practical insight to help policymakers design
interventions that are empirically anchored and adaptive to various socio-economic contexts.
The remainder of this paper is structured as follows: Section 2 reviews relevant literature on sustainable
livelihood frameworks and the role of AI-based analytical methods. Section 3 describes the methodological
approach, with special attention being paid to the GUAI–ANN model. Section 4 presents results and their
implications. Section 5 links findings to broader policy perspectives, and Section 6 concludes with directions
for future research.

2. Literature Review

2.1 Foundations of Sustainable Livelihoods
The ​  ​  ​  idea of sustainable livelihoods came as a complete framework to understand the issues of poverty
reduction and human development. Chambers and Conway (1992) described a livelihood as the collection of
assets, capabilities, and activities necessary for life, and sustainable when it is able to deal with stresses and
shocks whilst still being able to maintain or even increase capabilities and assets. After that, Scoones (1998)
and Ellis (2000) cleared up that the five livelihood capitals—human, natural, social, physical, and financial—
are in continuous interaction and influence the well-being and the resilience of the household.
The UK Department for International Development (DFID, 1999) brought the Sustainable Livelihood
Framework (SLF) to practice this theory by a practical model which connects assets, institutional processes,
and livelihood outcomes. Nevertheless, the latest research has expanded this framework to incorporate
dimensions such as digital capital and environmental resilience in order to depict the changes in socio-
economic conditions (Bebbington et al., 2020; Rahman & Zhang, 2021).
Present-day research focuses on the adaptive and relational aspects of livelihoods. Scoones (2021) maintains
that sustainability ought to be seen in this new context of climate change, the spread of technology, and
institutional transformation. Also, Leach et al. (2022) point to the necessity of systems-oriented approaches
for livelihood analysis, which includes social-ecological resilience and governance transitions. These shifting
views emphasize that sustainable livelihoods are no longer fixed entities, but rather, they are dynamic
systems influenced by complexity and ​  ​  ​  adaptation.

2.2 Limitations of Conventional Analytical Approaches
Traditional livelihood analytical tools, like regression, principal component analysis, and structural equation
modelling, have been useful in the identification of the relationships among factors that constitute
livelihoods; however, because of their linear assumptions, they are inherently constrained (Wooldridge, 2015;
Byrne, 2016). Many of these methods require normally distributed data and independence of the variables,
which are rarely found in natural socio-economic systems (Filmer & Pritchett, 2001).
There is a growing recognition among researchers that livelihoods change along non-linear, interconnected,
and context-specific networks of interactions among human and natural systems (Rigg et al., 2019).
Consequently, the richness of feedback loops, threshold effects, and emergent properties cannot be captured
by static econometric models alone (Giupponi & Biscaro, 2020). Nevertheless, these methods hardly allow
the integration of qualitative or fuzzy data—like perceptions, cultural values, or institutional effectiveness—
that are crucial for livelihood sustainability.
Recent studies have called for hybrid or data-driven approaches that are able to model complexity without
over-simplification (Das et al., 2022). For example, machine learning-based feature selection and clustering
have complemented regression models in poverty mapping (Jean et al., 2016; Zhang et al., 2023). Even these
methods, however, often lack interpretability and policy alignment. Thus, an integrative analytical
framework balancing computational power with transparency and decision relevance is still needed.

2.3 Emergence of Artificial Intelligence in Livelihood Research
In particular, Artificial Intelligence, notably Artificial Neural Networks, has been increasingly applied across
disciplines dealing with sustainability and development. ANNs have the capability to approximate complex
nonlinear functions and find hidden structures of data (Goodfellow et al., 2016; Haykin, 2009). Their
flexibility extends their applicability to modeling multidimensional relationships among livelihood factors
that traditional statistical models cannot effectively capture.
Application areas in livelihood and sustainability research include forecasts of agricultural productivity,
poverty detection, and assessment of climate resilience. For instance, ANN models were utilized by Kisi &
Shiri (2012) to predict irrigation efficiency, whereas Jean et al. (2016) used deep learning from satellite
images to predict poverty. More recent works—such as those by Rahman et al. (2021), Li et al. (2022), and
Dutta & Singh (2023)—demonstrate how machine learning tools can integrate socio-economic and
environmental variables to assess livelihood vulnerability and adaptation potential.
The models that have worked particularly well for enhancement of interpretability are hybrid AI systems that
integrate ANN with fuzzy logic and optimization algorithms, such as neuro-fuzzy models (Zadeh, 1999;
Gupta et al., 2020). Fuzzy logic allows drawing inferences under uncertainty, while the optimization methods
like GA and PSO increase the adaptiveness of neural networks. Recently, there have also been efforts to
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incorporate Explainable AI (XAI) techniques such as SHAP (SHapley Additive exPlanations) to explain the
relative importance of input features (Miller, 2022).
These innovations suggest that AI can act not only as a predictive tool but also as a policy-support
mechanism, able to simulate complex livelihood systems and identify the most effective levers for
intervention.

2.4 Research Gap
Despite the growing interest in AI for sustainable development, its actual application to sustainable
livelihood modelling remains sparse and fragmented. Most studies have narrow domains, such as agriculture,
estimation of poverty, or climate vulnerability; however, none truly integrate the multi-capital structure
emphasized in the Sustainable Livelihood Framework. Besides, although AI models have predictive strength,
due to their nature, they often lack explain ability and normative grounding; it is not easy to align them with
any specific development policy or SDG evaluation framework (LeCun et al., 2021; Zhang et al., 2023).
There is also a significant gap in the integration of mathematical topology and optimization with ANN-based
systems for livelihood research. Very limited studies have tried to represent the geometry of livelihood
interlinkages or optimize interventions across capitals. Similarly, the integration of fuzzy logic into ANN-
driven frameworks also remains underexplored in development contexts despite its well-founded ability to
handle uncertainty in qualitative indicators. Gupta et al., 2020; Dutta & Singh, 2023
This study fills these lacunae by developing the Generalized Under-Achievement Index-Artificial Neural
Network framework that leverages ANN predictive power with fuzzy inference and topological visualization.
Theoretically and practically, it transforms the Sustainable Livelihood Framework into a quantitative,
adaptive, and optimization-oriented tool that identifies underachievement patterns and suggests data-driven
pathways for sustainable livelihood enhancement.

3. Methodology

This paper presents a computational modelling approach—integrating Artificial Neural Networks, Fuzzy
Logic, and Mathematical Topology—whose aim is to identify and optimize influencing factors within the
sustainable livelihood space. The proposed framework of the Generalized Under-Achievement Index–
Artificial Neural Network (GUAI–ANN) integrates machine learning and systems thinking to represent
multidimensional, nonlinear, complex relationships among the livelihood indicators.
The entire research design is based on secondary data obtained from international databases like the World
Bank and UNDP, as well as from national statistical agencies. Indicators proxying the five livelihood capitals-
human, social, natural, financial, and physical-were standardized using min-max normalization to ensure
comparability across diverse units and varied scales. The missing and inconsistent data have been treated
using regression-based imputation, while for reducing the dimensionality, principal component analysis has
been used, retaining only the most significant variables that explain the variation in the livelihood outcomes.
The architecture of the ANN model was realized with a one-hidden-layer Multilayer Perceptron, optimized
iteratively by backpropagation using the Adam learning algorithm. The developed model was trained for the
estimation of the Generalized Under-Achievement Index, a composite indicator that expresses the gap
between actual and potential livelihood performance. Such a formulation gives rise to a continuous measure
of livelihood underachievement that captures cross-domain dependencies and feedback loops not expressed
by traditional indices.

A fuzzy inference layer was therefore added to handle inherent uncertainty in socio-economic data and to
increase interpretability. This allowed the translation of crisp numerical data into linguistic categories, such
as "low," "moderate," "high," reflecting nuanced development processes. This fuzzy logic component
generated a composite index that blended quantitative precision with qualitative flexibility, enhancing
decision-making in ambiguous conditions.

Mathematical topology was further used as a visualization methodology, in which relationships among
livelihood capitals were mapped as interrelated surfaces. The result was the ability to intuitively map
"achievement" and "underachievement" spaces with the clear identification of structural inequalities. The
model weights were optimized, primarily using stochastic gradient descent, to minimize prediction errors
while maintaining convergence stability.

Model performance was gauged using the standard validation metrics such as Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Coefficient of Determination (R²). Cross-validation ensured
robustness and reduced overfitting. The sensitivity analysis of the model identified the high-impact variables,
thus providing empirical guidance to identify priorities for interventions in policy and planning.
In summary, the GUAI-ANN framework is a hybrid analytical system for pattern recognition,
multidimensional data learning, and actionable insight generation. It represents an advance in methodology
over conventional statistical models by integrating adaptive learning, uncertainty management, and visual
interpretability into a single coherent framework.
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4. Findings

An ANN model was validated with a dataset of 45 indicators across 5 livelihood capitals—human, natural,
social, financial, and physical—covering select regional datasets for South Asia. Following normalization and
dimensionality reduction, 18 indicators were retained as predictors for the Generalized Under-Achievement
Index (GUAI). The model training completed and converged after 180 epochs, reaching a validation accuracy
of 92% (R² = 0.92), and a Root Mean Square Error (RMSE) of 0.07.

4.1 Model Performance Summary
The performance of the GUAI–ANN model was compared against traditional regression-based livelihood
assessment approaches. The ANN demonstrated significantly higher accuracy in detecting non-linear
dependencies and cross-domain influences.

Model Type R² RMSE MAE Interpretability
Linear Regression 0.68 0.19 0.13 Low
Logistic Regression 0.72 0.16 0.11 Moderate
PCA + Regression 0.81 0.11 0.09 Moderate
GUAI–ANN (Proposed) 0.92 0.07 0.05 High (with Fuzzy Layer)

Table 1. Comparative performance of GUAI–ANNmodel versus traditional methods.

The results clearly show that the GUAI-ANN framework performed better than traditional analytical
methods, particularly in complex, multidimensional datasets where variable interactions are non-linear and
dependent on context. The results clearly show that the GUAI-ANN framework performed better than
traditional analytical methods, particularly in complex, multidimensional datasets where variable
interactions are non-linear and dependent on context.

4.2 Identification of Influencing Factors
Sensitivity analysis was conducted to identify the most influential indicators contributing to livelihood
underachievement. The top-ranked factors are presented below.

Rank Indicator Livelihood Domain Relative Sensitivity (%)
1 Literacy and Education Access Human Capital 21.3
2 Healthcare Availability Human Capital 18.4
3 Household Income Diversity Financial Capital 15.6
4 Access to Digital Infrastructure Physical Capital 12.7
5 Social Network Strength Social Capital 10.5
6 Environmental Risk Exposure Natural Capital 9.8
7 Institutional Support Index Social Capital 7.2
8 Agricultural Productivity Natural Capital 4.5

Table 2. Ranking of critical indicators based on ANN sensitivity analysis.

These results indicate that the primary factors that affect the sustainability of livelihoods are education,
healthcare, and the diversification of income. Notably, while social capital and digital connectivity are seen as
important enablers, there systems are connectivity and collaboration and the modern economic systems.

Figure 1. Sensitivity Analysis of Key Livelihood Indicators under the GUAI–ANN Framework
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The following figure shows the relative influence of major livelihood determinants such as education,
healthcare, income diversity, and infrastructure on the overall sustainable livelihood performance as
computed by the GUAI–ANN model.
The visual interpretation reinforces the fact that human and financial capitals have the widest gaps between
observed and ideal states, thereby indicating high potential for improvement with focused investment in
education and income diversification.
Figure 1 shows the sensitivity analysis, expressing the estimated relative contribution of the considered key
livelihood indicators to the overall livelihood sustainability outcome, according to the GUAI–ANN model. It
is apparent that a distinct hierarchical pattern of influence exists among the eight indicators examined.
The most influential determinant is Education Access, which has a relative sensitivity of 21.3%, meaning that
small improvements in literacy rates or more educational opportunities yield disproportionately large
enhancements in sustainable livelihood outcomes. This emphasizes the centrality of human capital formation
in issues of poverty alleviation and resilience-building.
Healthcare Availability comes in second at 18.4%, emphasizing that access to quality healthcare directly
enhances human productivity and long-term livelihood stability. Education and healthcare together
represent the human capital domain, which collectively holds almost 40% of the model's total influence,
confirming its primacy in sustainable development systems.
The third most influential factor, Household Income Diversity, constitutes 15.6% and reveals that financial
capital is important in resiliency against livelihood vulnerability. Income diversification not only reduces
dependence on single income streams but also buffers households against shocks, aligning with what the
DFID framework has put forth on financial capital.
Digital Infrastructure Access (12.7%) and Social Network Strength (10.5%) are indicative of the rising
influences of connectivity and collective action. In a digitizing world, the integration of community
participation with digital platforms accelerates access to resources, markets, and institutional support. Put
together, these represent a growing synergy between physical and social capital.
Lower-ranked yet still significant factors include Environmental Risk Exposure at 9.8%, Institutional
Support at 7.2%, and Agricultural Productivity at 4.5%, representing domain-specific constraints. Whereas
environmental factors are often driven exogenously, institutional support and agricultural efficiency are
closely tied to governance structures and technology adoption. According to the model, increased
institutional responsiveness can greatly enhance the potential impact of other higher-ranked human and
financial capital interventions.
Overall, the sensitivity pattern in GUAI–ANN underlines that livelihood sustainability is multidimensional
and interlinked but that human capital investment remains the strongest lever. A balanced influence of
digital and social factors would, therefore, suggest that livelihood resilience in the 21st century depends
increasingly on hybrid empowerment—combining skills, connectivity, and collaboration.
The descending gradient of sensitivity values also points to diminishing marginal returns beyond certain
thresholds, so that policy interventions should focus on inter-domain synergies rather than isolated
improvements. In this way, the GUAI–ANN provides not only predictive capability but also strategic
guidance for optimizing livelihood policies.

5. Discussion

The results of this study have shown that the integration of Artificial Neural Networks, Fuzzy Logic, and
Mathematical Topology provides a powerful mechanism for the modeling and optimization of sustainable
livelihood systems. The GUAI-ANN framework not only captures the inherent complexity and nonlinearities
of livelihood dynamics but also translates model outputs into actionable insights for policy formulation.
The comparison in Table 1 clearly indicates that the ANN-based model is significantly better at predictive
accuracy compared to conventional methods of regression, with an R² value of 0.92. This clearly illustrates
the strength of this model in exploring complex relationships between different livelihood indicators, which
may remain obscure in linear modeling. This is further enhanced in its hybrid inclusion for fuzzy logic so as
to offer qualitative judgments, such as low, moderate, high, alongside quantitative precision in
interpretation-the meeting point of computational intelligence and human intuition.
Table 2 and Figure 1 present the sensitivity analysis, showing human capital components, education, and
healthcare as the most influential factors, with over 39% of the total sensitivity score. The evidence confirms
that capability enhancement remains central to sustainable livelihoods development. The other critical
contributors-income diversification, digital access, and social networks-represent the growing importance of
hybrid assets that combine financial security with connectivity and collective resilience.
From a developmental policy perspective, such findings are aligned with the global sustainability objectives
of SDGs 1 (No Poverty), 4 (Quality Education), 8 (Decent Work and Economic Growth), and 9 (Industry,
Innovation and Infrastructure). However, the GUAI–ANN model goes beyond most traditional index-based
assessments by quantifying the interactions between livelihood domains. For example, improvements in
education indirectly strengthen income diversification and reduce the effect of environmental vulnerability
that linear models usually do not capture.
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The topological visualization proposed herein offers a novel framing for the underachievement gaps. By
showing livelihood domains as multidimensional surfaces, this model translates abstract data into a
structural form that is intuitive to the policy maker. A metaphorical drawing of the "achievement surface"
and "underachievement surface" allows for the identification of how far a community or region is from its
sustainable equilibria in order to evidence-based intervention prioritization.
Moreover, the application of optimization algorithms makes it not only diagnostic but also prescriptive.
Through continuous updating of the weight of the factors, the framework of GUAI-ANN identifies the most
cost-effective pathways to improve livelihood performance. Such an ability to simulate and optimize
interventions in silico provides an extremely useful decision-support tool for governments, NGOs, and
international agencies aiming for efficient policy outcomes.
Theoretically, this GUAI–ANN model helps to bridge the gap between social science and computational
modeling. It extends the SLF from a qualitative paradigm to a quantitative, predictive, and optimization-
based analytical system that can evolve along with changing data ecosystems. This cross-disciplinary synergy
of artificial intelligence and development studies amounts to a big step for the research on sustainable
livelihoods.

6. Conclusion

The present research proposes and validates a new analytical framework, namely the Generalized Under-
Achievement Index–Artificial Neural Network, for acquiring insight into and optimizing sustainable
livelihood systems. Such a study, by integrating neural networks, fuzzy logic, and mathematical topology,
develops a complete and adaptive model suitable for multidimensional and uncertain data environments.
The results indeed confirm that livelihood sustainability is largely dominated by education, healthcare,
income diversity, and digital access, representing a balanced interplay between human, financial, and
physical capital. Therefore, the high accuracy and interpretability of GUAI–ANN confirm its superiority
compared to traditional linear models, providing a more detailed view of livelihood dynamics and priorities
for intervention.
Beyond technical robustness, the contribution of the framework mainly comes into play in terms of being
highly relevant to policy. Quantifying interlinkages and highlighting leverage points, policymakers can
develop targeted interventions that lead to maximum improvement while using minimal resources-a true
step toward shifting from descriptive livelihood studies to predictive and prescriptive analytics.
The GUAI-ANN model further provides a launchpad toward future research on the subject of modeling for
sustainable development. Potential extensions may involve real-time streams of data, quantum computing
algorithms for large-scale optimization problems, and integration with XAI techniques to foster more
transparency in decision support.
In sum, this study emphasizes that the road to sustainable livelihoods within data-driven governance
requires intelligent systems that learn, adapt, and lead human-centered policy. It is this vision that the
GUAI-ANN framework realizes: a combination of technology and sustainability in order to create resilient,
inclusive, adaptive livelihood futures.
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