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Resumo 

 

Compreender os determinantes do direito humano à educação exige analisar relações 

complexas, multiescalares e não lineares. Para a formulação de políticas baseadas em 

evidências, os governos e as partes interessadas analisam conjuntos de dados maciços com 

milhões de medições provenientes de avaliações internacionais e nacionais de grande escala, o 

que demonstra claramente os desafios desta nova era de precisão na investigação educacional. 

No entanto, a antiga tradição de utilizar modelos lineares convencionais, embora útil, também 

tem ignorado retroalimentações sistémicas e interdependências entre fatores sociocognitivos, 

socioemocionais e contextuais. Por estas razões, tal como na maioria das disciplinas sociais, os 

decisores políticos na área da educação começaram a exigir ferramentas e abordagens mais 

sofisticadas para obter uma compreensão mais profunda e detalhada do impacto e da 

variabilidade dos processos subjacentes aos fenómenos educacionais complexos. Para enfrentar 

estes desafios, esta investigação integrou equações de processos estocásticos com modelos de 

redes, permitindo uma medição mais abrangente das lacunas socioeconómicas, de género e de 

desigualdade, utilizando ferramentas não lineares para incorporar estimativas estatísticas 

isoladas em modelos mais avançados e informativos. 

Com esta abordagem inovadora, estabelecemos três marcos para a investigação 

educacional. Em primeiro lugar, desenvolvemos um quadro analítico não determinístico para 

reformular e estimar a métrica internacional da pobreza de aprendizagem, principal indicador 

do Objetivo de Desenvolvimento Sustentável 4. Ao atualizar fórmulas determinísticas para um 

conjunto de equações estocásticas inter-relacionadas, definimos e desenvolvemos processos 

estocásticos específicos para medir o índice absoluto, relativo e composto de privação de 

aprendizagem, combinando a profundidade qualitativa e o rigor quantitativo. Isto representa 

não apenas um refinamento técnico, mas uma mudança epistemológica essencial para a 

implementação oficial a nível mundial. Em segundo lugar, esta tese oferece várias vantagens 

na modelação de redes académicas baseadas na correlação de fatores, revelando algumas 

estruturas da privação e permitindo estimar os efeitos variacionais dos parâmetros da rede e as 

suas relações com o estatuto socioeconómico em diferentes escalas. Finalmente, esta 

investigação identificou e mediu fenómenos emergentes resultantes das interações, como 

resiliência académica, lacunas de desigualdade e distribuição assimétrica dos resultados de 

aprendizagem. A gama de características topológicas encontradas possui um enorme potencial, 

pois estabelece pontes que conectam diretamente conceitos educacionais e pedagógicos com 

resultados quantitativos, fornecendo uma estrutura robusta para a construção de cenários e 

simulações dinâmicas através da calibração e ajuste de parâmetros de ordem e controlo. Esta 

ferramenta conceptual e instrumental poderá ajudar decisores políticos e partes interessadas a 

enfrentar muitos desafios em larga escala para garantir uma educação inclusiva e equitativa 

para grupos marginalizados, fornecendo informações acionáveis para a conceção de políticas 

inclusivas e responsáveis. 
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Abstract 

 

Understanding the determinants of the human right to education requires analyzing complex, 

multiscale, nonlinear relationships. For evidence-based policy, governments and stakeholders 

analyze massive datasets with millions of measurements from international and national large-

scale assessments, highlighting the challenges of this new era of precision in educational 

research. However, the tradition of using conventional linear models, while useful, has also 

overlooked systemic feedback and interdependencies among socio-cognitive, socio-emotional, 

and contextual factors. Consequently, as in most social disciplines, education policymakers 

have begun to demand more sophisticated tools and approaches to gain deeper, more detailed 

insights into the impact and variability of the underlying processes of educational phenomena. 

To address these challenges, this research integrates stochastic process equations with network 

models to enable more comprehensive measurement of socioeconomic, gender, and inequality 

gaps by using non-linear tools to incorporate isolated statistical estimates into more informative 

models.  

Through this novel approach, we set three milestones for educational research. First, we 

developed an analytical, non-deterministic framework to reformulate and estimate the 

international metric for learning poverty, the main indicator for education and the Sustainable 

Development Goal 4. By upgrading deterministic formulas to a set of interrelated stochastic 

equations, we defined and developed specific stochastic processes for absolute, relative, and 

compound indices of learning deprivation, combining a global perspective with both qualitative 

depth and quantitative rigor. This represents not just a technical refinement but an essential 

epistemological shift for official implementation worldwide. Second, this thesis offers several 

advantages in modeling the correlation-based academic networks of factors, unveiling 

structural drivers of deprivation while estimating the variational effects of network parameters 

and their relationships with socioeconomic status across scales. Finally, this research identified 

and measured emerging phenomena arising from interactions, such as academic resilience, 

inequality gaps, and asymmetrical distribution of learning outcomes. The wide range of 

topological features identified has enormous potential, as it establishes bridges that directly 

connect educational and pedagogical concepts with quantitative results, providing a robust 

framework for building dynamic scenarios. This valuable conceptual and instrumental tool 

might help policymakers to address many large-scale challenges to ensure inclusive and 

equitable education for historically marginalized groups, providing actionable insights for 

inclusive and accountable policy design. 
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Introduction 
 

The probability that each person will achieve a minimum level of dignity and a sufficient level 

of influence in the decisions they make throughout their lives, as well as the accumulated 

prosperity they manage to satisfy their needs and guide their efforts towards fulfilling their 

dreams and desires, depends, essentially, on two colossal forces: chance and determinism. The 

first begins to operate from the conception of a new human being and actively participates in 

the definition of the psycho-biological characteristics, phylogenetic expression, zip code, and 

circumstances of birth of each of us [Sánchez-Restrepo, H. et al, 2018]. Given the initial 

conditions, the second force is detonated with profound intensity across a wide range of 

scenarios, generating an unequal distribution of probabilities for keeping alive, growing up 

healthy, or developing capacities, abilities, or freedom to learn and choice, among other living 

conditions, remaining conditioned by the initial endowment and context for the whole life. This 

simplified representation of the intricate social system that humanity has constructed over its 

evolutionary history is grounded in the establishment of hierarchies through cumulative and 

feedback processes, which often lead to multi-order phase transitions [Solé, R., 2011], the 

essence of what we usually call “complex systems,” in which the evolution of the “measurable 

results” almost always refers to the observable parameters of the system at its macroscopic 

scale, produced mainly by the emergence of collective properties from nonlinear interactions at 

lower scales [Morin, E., 1992; Barabási, A. L., 2003; Davis, B., & Sumara, D., 2014; Liu, Y. 

Y., & Barabási, A. L., 2016; Hébert-Dufresne, L., et al, 2024].  

Education can also be conceptualized as a complex adaptive system, characterized by 

multiple interacting components operating across different levels—individual, institutional, and 

societal, most of them exhibiting non-linear dynamics, where small changes in one 

component—e.g., socioeconomic status, study of habits or metacognition—can produce 

incommensurable effects on sociocognitive or socioemotional outcomes [Morin, E., 2007; 

Mason, M., 2008]. Furthermore, educational inequality, learning poverty, relative deprivation 

gaps, and resilience can be seen as emergent properties arising from the dynamics of many 

agents that receive, promote, and participate in cultural, social, economic, and pedagogical 

subsystems and related dynamics. 

Most of the literature shows that an educational system is a highly interlinked convergence 

of cultural, social, economic, and pedagogical systems. Modelling different layers of 

educational systems as networks—where nodes correspond to entities such as students, schools, 

or policies, and edges represent relationships or dependencies—researchers can uncover hidden 



2 

structures and patterns related to educational and learning outcomes [Pósfai, M., & Barabási, 

A. L., 2016], providing several advantages over classical statistical approaches. First, it enables 

the identification of topological properties such as clustering, centrality, and modularity, which 

reveal how educational opportunities and resources are distributed. Second, it opens a new set 

of heuristic tools for detecting non-trivial relationships among social determinants—e.g., 

ethnicity, socioeconomic status, rurality—on academic performance, offering insights into 

systemic vulnerabilities, propensity to learning deprivation, and resilience [Newman, M., 2018; 

Gao, J., Barzel, B., & Barabási, A. L., 2016]. 

This research departs from an increasingly general idea: classic econometrical tools are 

both, useful and insufficient [Johnson, J. H., 2016; Brinkhof, L. P. et al, 2025], a statement the 

probably comes from its almost exclusive reliance on linear regression models, which automatic 

use has been leading to a fragmented view of the highly interrelated educational ecosystem, and 

its wide range of complex educational phenomena [van der Maas, H., 2017]. As simplified 

econometric models often fail to capture the deep-seated, structural nature of inequality in 

learning outcomes and their inherent relationship with socioeconomic and educational 

deprivation, all its methodological limitation—the inability to model complexity, non-linearity, 

and interactions— appears as the primary reason for the observed lack of explanatory power in 

many educational policy models [Angela Espinosa & Jon Walker, 2017; Johnson, J. H., 

Fortune, J., & Bromley, J., 2017]. 

The central motivation for this project arose from the persistent difficulty policymakers 

face in recognizing the determinants of learning poverty and their low capacity for identifying 

both main issues: (1) the structural factors for learning deprivation, and (2) the key drivers of 

learning in adverse conditions; losing the opportunity for provoking academic resilience in 

socio-economically disadvantaged students, the crucial challenge for low- and middle-income 

countries to make the United Nations Sustainable Development Goal 4 (SDG 4): “Ensure 

inclusive and equitable quality education and promote lifelong learning opportunities for all” 

[UNESCO, 2020], a reasonable utopia. 

After years of interdisciplinary research, bringing together experts from diverse fields, 

including education science, pedagogy, economics, sociology, geography, statistics, applied 

mathematics, informatics, and data science, among others, this project now stands at the 

intersection of educational management, stochastic processes, and network science, offering a 

novel foundation for developing evidence-based policy through the lens of complex systems to 

provide actionable insights that might have the potential to transform educational policy design, 

reduce learning poverty, and promote equity in education systems worldwide. 
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Research Objectives 

 

The primary objective of this thesis is to model the structure of the asymmetric distribution 

of learning deprivation among students across socioeconomic and cultural levels—also known 

as structural inequality in education—using complex network analysis. The proposed approach 

encompasses a broad conceptual and instrumental framework for analyzing topological and 

statistical properties of networks representing a selection of educational systems with elevated 

levels of inequality. This analysis identifies some of the numerous underlying mechanisms and 

thresholds for deprivation, segregation, and resilience at multiple scales within Latin American 

educational systems—one of the most unequal regions on the planet. To achieve this, the 

research was structured around three specific objectives: 

 

1. To model learning deprivation gaps and the structure of inequality as a network. 

(Chapters 2 and 3). This objective focuses on validating the use of network science to 

represent educational systems, demonstrating how inequality behaves as a system 

property rather than an individual attribute. 

2. To analyze the structural inequality of educational deprivation. (Chapters 4 and 5). This 

objective expands the analysis beyond national borders, using UNESCO’s large-scale 

assessment data to map the non-linear interdependence among learning, cultural capital, 

and the socioeconomic status of students’ families across all Latin American countries. 

3. To identify the structural mechanisms of academic resilience. (Chapters 6 and 7). 

Moving from the macro to the micro scale. This objective seeks to understand how 

successful students in high-poverty contexts navigate the system, hypothesizing that 

resilience is a strategy of “topological substitution.” 

 

Thesis Structure 

 

To present advances and results in sequence, the thesis is organized as a compendium of seven 

peer-reviewed articles, progressing from general to more advanced and realistic models. 

Chapter 1 presents a brief literature review, a few crucial concepts, and some notation details 

to facilitate better reading and understanding of the published articles. The following chapters 

(2–4) develop the core of the initial steps, focusing on models applied to real data, and 

establishing the fundamental topological characteristics of educational deprivation, using some 

network metrics to reveal the specific factors that highlight inequality at different scales. These 
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analyses primarily focus on three aspects that often determine poverty and learning deprivation: 

socioeconomic status (SES), student gender—male or female—, school financing type, and 

self-identification with an ethnic group. In the two subsequent chapters (5–6), this analysis is 

extended to comparative regional contexts to draw inferences for a set of Latin American 

countries, examining how local modulations affect national rates of absolute and relative 

learning deprivation. 

Chapters 7 and 8 present the latest research, where we conducted a systematic analysis of 

interactions among sociocognitive, socioemotional, and 140 additional factors to identify a 

specific topological mechanism that distinguishes academically resilient and high-achieving 

students from their more privileged peers. The first one is a chapter of the book edited by 

Springer Nature named Socioeconomic Studies of Today’s Mexico: A Mathematical Overview, 

which is already accepted and in its camera-ready version. The last one is an article entitled 

Topological Patterns of Academic Success: Insights from Complex Network Analysis, in its 

final version. These results were accepted to be published by Springer Nature Complexity 

Conference Series and presented at the 6th World Conference on Complex Systems. This last 

part of the research is particularly relevant because it led to a novel networks’ definition of 

resilience suggesting that it “should not be conceived as a stable personal attribute, but as a 

dynamic and adaptive process that arises from the continuous interaction of individual, family, 

and institutional factors [Wang, F., 2025; Sánchez-Restrepo, H., 2026; Sánchez-Restrepo, H. et 

al, 2026]. 

Finally, we offer a Conclusion and Perspectives, integrating the progressive and cumulative 

findings an expansion of this three-phase project reviewing methodological limitations and 

future research need, and a discussion about stakeholders perspectives and practical application 

of network science in education policy effectiveness, bringing arguments to confirm that the 

tools of complexity science are essential for reframing the analysis of educational inequality, 

aa well as its implications for quality and equity, especially in Latin American countries, which 

the political culture is a deep-lack in using evidences, and a marked dislike for the word 

“evaluation”. In our opinion, this thesis structure ensures that each chapter contributes to 

improving the use of essential quantitative evidence to support the central argument: 

educational policy must be quantified, and accountability should not be an option. 
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CHAPTER 1 

Chapter 1. Literature review and context 
 

 

1.1. Sustainable Development Goals 

The exacerbated situation of both new and historical conflicts, combined with the almost 

invisible link between public policy definition and an evidence-based institutional framework 

for accountability, has consolidated an alarming situation across the planet: poverty has 

continued to increase dramatically in recent years [UNESCO, 2015; 2022; 2024; 2026; 

UNESCO & OEI, 2025]. Currently, more than 838 million people live in extreme poverty 

[World Bank, 2024], which means that at least one in ten individuals cannot afford even the 

minimum cost of food required for survival. For many, daily life is marked by uncertainty—

about where they will sleep, whether they will eat, or if a common illness could become fatal 

within days. To address this challenging situation, as part of global agreements in the last 

decade, the United Nations (UN) declared the Sustainable Development Goals (SDG) as 

 

“An urgent call for action by all countries—developed and developing—in a global 

partnership. They recognise that ending poverty and other deprivations must go hand-in-

hand with strategies that improve health and education, reduce inequality, and spur 

economic growth” [UNESCO, 2015] 

 

In education, the outlook is equally concerning. Current global estimates for the period 2019–

2025 indicate that nearly 60% of all 10-year-old children worldwide—equivalent to more than 

390 million—experience learning poverty [World Bank, UNESCO, & UNICEF, 2021, 

UNESCO, 2026]. The situation is significantly more severe in middle- and low-income 

countries, where over 70% and 90% of children, respectively, lack basic reading comprehension 

skills. All around the world, conditions for increasing learning poverty have been further 

exacerbated by prolonged school closures and learning disruptions caused by the COVID-19 

pandemic [UNESCO Institute for Statistics, 2022; 2024; World Bank, UNESCO, & UNICEF, 

2022; UNESCO & OEI, 2025], erasing two decades of educational progress. In light of this 

evidence, most countries began to reinforce programs, allocate untapped resources, and create 

or join to existing and new Large-Scale Assessments (LSA) to diagnose their educational 

systems and estimate gaps linked to socioeconomic, gender, ethnicity, or rural origin. Bad news 
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and reactions have been everywhere, and diverse social groups started to pressure governments 

to prioritize SDG 4, particularly Target 4.1: “By 2030, ensure that all girls and boys complete 

free, equitable and quality primary and secondary education leading to relevant and effective 

learning outcomes” [UNESCO, 2017]. Most countries publicly acknowledge the problem; their 

commitment has introduced a wide range of well-known and new challenges, from scaling 

educational systems' resources and increasing budgets for this sector and reaching universal 

access, to developing pedagogical strategies and didactic activities that intend to go beyond 

mere credentialing for truly improving learning outcomes. From our point of view, most of the 

countries are losing this battle. 

 

1.1.1. The challenge of monitoring SDG 4 

 

As a fundamental pillar of most modern societies; in all countries, Education shows significant 

disparities persisting across their territories and among its population groups, half of them with 

strong barriers in access to education and in the distribution of learning, increasing and 

deepening the intergenerational gaps between wealthier and less wealthy families, even in non-

traditional academic dimensions of the students, as socioemotional skills, high expectations, 

joy, happiness, satisfaction with life or with the use of time [Hanushek, E. A., & Woessmann, 

L., 2020; Rudd, G., Meissel, K., & Meyer, F. ,2021; Marta, E. M., & Michelle, C., 2023]. 

Therefore, empirical research demonstrates that educational inequality is lifelong persistent, 

acting as a catalyst for a wide variety of social, cultural and economic inequities—shaping 

income, health, life satisfaction, and civic engagement [Blanden et al., 2023], becoming an 

important fuel for social and political conflict and for conditioning and predicting population 

health services and trajectories [Piketty, T., 2020], and producing a cascade of cumulative 

disadvantages [Hazy, J. K., & Ashley, A., 2011; Bloome, D., Dyer, S., & Zhou, X., 2018]. 

Despite being accompanied by a set of global indicators adopted by the UN General 

Assembly, most of which were developed after extensive consultations with various 

stakeholders worldwide through the Global Alliance to Monitor Learning (GAML) [UNESCO 

Institute for Statistics, 2022], official monitoring is not an easy process, as these indicators 

cover aspects such as primary and secondary education completion rates, early childhood 

development, and, in a fuzzier, not fully comparable way, the quality of education [Azevedo, 

J., 2020]. Although today, monitoring SDG 4 is a crucial bottleneck for breaking the cycle of 

poverty, reducing inequalities, and fostering sustainable development. Yet a relevant part of the 

discussion focuses on separating the percentage of children suffering learning poverty as a 



7 

simple dichotomic indicator for each child, showing a relevant lack of conceptual and empirical 

indicators about the magnitude of the students who were not learning deprived but became 

learning deprived, the depth of the already learning deprived, and those new students who will 

be. To implement and deploy actions in a timely manner, governments need valid, reliable, and 

timely data, information, and knowledge that allows them to diagnose, focus, and monitor the 

effects of their strategies and their progress in every school, not just “averages and long-term 

trends” [Sanchez-Restrepo, H., 2021]. This approach—mainly known as Evidence-Based 

Policy (EBP)—is supposed to be supported by the best available scientific evidence. However, 

implementing EBP is not a simple endeavor, among other reasons, because it requires educators 

to navigate a vast array of studies, discern high-quality research, and apply findings 

appropriately across a wide diversity of classroom settings. The objective of developing better 

pedagogical strategies and more effective and specific didactic practices is quite challenging 

because it often lies in bridging the gap between academic research and practical teaching 

methods, ensuring that evidence-based practices are significant, accessible, and adaptable to 

the learner’s needs. 

 

1.2.  Education as a Complex System 

There are several styles for managing education systems; the choice is not free and is frequently 

dictated by the executive branch. While some authorities strive to manage the system's 

resources and focus institutional capacities on maintaining order and hierarchy within the 

bureaucracy—where governance is structured vertically on the power—others are preoccupied 

with remaining in office as long as possible for controlling teachers' unions ant other 

organizations—governance distributed by political leadership. However, it is increasingly 

common to observe that the evaluation of the success of an education system's management is 

based on the analysis of improved indicators. In addition to SDG 4 and its target 4.1, the most 

relevant indicators revolve around students' socio-cognitive and emotional development. 

Authorities who adhere to this governance style develop most of their policies based on 

evidence and are quite inclined toward accountability; they seem convinced that big 

achievements will have to wait. 

Education possesses prominent levels of inertia; all transformations processes require 

sustained, middle, and long-term efforts. For obvious reasons, modern educational research is 

dedicated to improving evidence about the system and developing EBP. Unfortunately, its 

effectiveness depends heavily on the scale, timeframe, and metrics adopted. While quantitative 
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data provides valuable information and addresses qualitative aspects at different scales, most 

successful outcomes will arrive in the future. And although policymakers know this, most 

believe that results must be delivered as quickly as possible, and therefore choose easy, low-

impact solutions, keeping the system consistently below its potential. This subjective reality 

exemplifies what J. Johnson (2016) states:  

 

“One of the challenges of modelling complex systems is to integrate micro and macro 

theories of behavior. From a policy perspective, the target systems almost always include 

people as social and economic systems. Social systems have structures at many levels, from 

the individual at micro levels through organizations, and institutions at meso levels to 

nations and international structures at macro levels. 

 

Obviously, educational systems have different legal frameworks coming from different 

economic, political, and functional agreements; their characteristics come from the social 

contract subscribed by all those different stakeholders who have the opportunity and enough 

force to push rules and demand information about results in distinct aspects. In this research, 

the units of study start from all educational actors—micro level—, passing to the schools as 

units with independent, aggregated and emergent properties—meso level—, to the aggregated 

scales as natural or artificial partitions of population or territory—macro level— [Tokuhama, 

T. 2012; Tracey, B., & Florian, K., 2016]. Following what Jofrrey (2016) refers to “the 

challenge of creating coherent multilevel theories to support policy”, a general model was 

developed for representing a multilevel education system, synthetized in Figure 1. This model 

satisfies the BEP approach and the use of LSA results for analyzing interactions among agents 

or factors—that might be operationalized through out data or information— and that there are 

loops and feedback across this scales that hold entangled the multiple subsystems, which is why 

some authors also call it a “system of systems” [Johnson, J. H., 2016; Johnson, J. H., Fortune, 

J., & Bromley, J., 2017]. 

 

1.1.2. Micro-level: students, families, teachers, and principals 

The foundation of the system lies at the micro level, which includes students, families, teachers, 

and principals as individual agents, the main educational actors for EBP. At this scale, dynamics 

operate at two layers: their individual properties—variables that can be observed and assessed 

directly, and the expressions of their behavior and actions—constructs or latent variables that 

should be inferred indirectly. Within this unit, agents and variables used to be the nodes, and 
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their edges represent an observation of the phenomena under study. As can be seen, students 

become the primary source of information, which is truly fortunate, since they are also the main 

objective of the entire system.  

 

 

Fig 1. Multilevel educational system, Sánchez-Restrepo, H. (2020) based on Johnson, J. (2012). 

 

For instance, some learners effortlessly absorb new material, while others wrestle with 

assignments or disengage. When looking for an explanation for high-academic achievers, 

exploring interactions and the structure of a wide set of variables for detecting if those 

associated with success are truly relevant and in which way is a much more dynamic and richer 

approach than just estimating low bivariate correlations among all pair of variables. Large-scale 

datasets—whether from PISA, TIMSS, or national assessments—attempt to map these 

behavioral differences using statistics, even identifying patterns such as learning deprivation or 

drop-out. Studying aggregated learning outcomes and student profiles is particularly insightful 

for carrying on network analysis. For instance, our three first publications were focused on 

these aspects—chapters 2, 3 and 4, especially when doing variational analysis, because small 

support groups form organically, or, conversely, peer networks unfortunately consolidate 

academic struggles. As in any model of social systems, in analyses at the micro scale, the 



10 

analysis of economic considerations must integrate individual constraints, costs and benefits, 

which often depend on the parameters or references observed in social aggregates. As dynamics 

arise from individual interactions, in which each agent has their own behaviors and degrees of 

freedom, the observable traits and their educational outcomes tend to be similar, with little 

intraclass variance, a condition largely motivated by the context and the social, economic, and 

cultural conditions that surround them.  

 

1.1.3. The Meso-Level: Schools 

In the meso level, the central units are schools but can integrate teachers and principals as 

decision makers or drivers of the system at that level. Their dynamics are both continuous and 

discrete, as many properties emerge from aggregated characteristics at the micro level and often 

depend on decisions made by those agents within that level. It is easy to see that schools are far 

more than administrative units because they function as complex adaptive systems shaped by 

culture, relationships, and routines with a small number of degrees of freedom [Nowosad, I., 

2021].  

Complexity often emerges from horizontal interactions—agents operating at the same 

level— for three mains sources: (1) high density of connections, due to the interaction among 

students, teachers and all other members of the scholar community; (2) local decision-making, 

given that agents at the same level often share similar goals but compete for resources or 

influence with different strategies and backgrounds; and (3) distributed autonomy: no single 

agent controls the system; instead, patterns arise from many small decisions interacting 

simultaneously. The convergence in time and space of these conditions create feedback loops 

that, in one hand, amplify variability and uncertainty, leading to nonlinear dynamics, and, in 

the other hand, produce emergent properties such as school culture, equity or inequality 

patterns, innovation diffusion or creativity—understood as the ability to think outside the box, 

make connections between seemingly disparate ideas, and question norms [Mueller, J. S. et al, 

2014]—conditioned by micro-level collaboration and resistance of individuals and the 

capacities of the network for propagation. As can be seen, all these properties cannot be 

designed top-to-down, but they arise from bottom-to-up interactions and sustained by feedback 

across levels [Johnson, J. H., Fortune, J., & Bromley, J., 2017]. 

In chapters 3 and 4, some of these collective properties were analysed establishing that 

“when schools are studied as integrated units, the impact of socioeconomic status in education 

becomes even more evident, as a categorical class-property” —for a more clear and vast 
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explanation of the effect of peer socioeconomic status on student achievement, we suggest to 

review the Van Ewijk, R., & Sleegers, P. meta-analysis (2010).  

For instance, the rate of self-adherence to ethnicity and the type of school financing 

emerged as key elements for segmenting student groups, highlighting that gaps between rural 

and urban areas are particularly pronounced—especially among the poorest students in rural 

regions, who experience the highest levels of deprivation. These findings helped to identify the 

key factors for developing policies targeted at these schools and the students they serve 

[Finnigan et al., 2018; Verger, 2018]. Therefore, any strategy aimed at meaningful change at 

the school level must consider the topology and structure of the local network when designing 

school profiles for intervention or ranking factors from maximum centrality to minimal 

relevance. 

 

1.1.4. The Macro-Level: Strata and Territorial partitions 

At the macro level, the system's observable properties are continuous and can be interpreted as 

order parameters that describe its overall state. This is at the broadest level of observation, and 

where the emergence of structures within systems is most clearly detected as one move from 

micro- and meso-scale to macro-scale. Since macro-level states are typically represented by 

measures derived from aggregating, weighting, or varying the Extract-Transform-Load (ETL) 

process for structured data from lower levels, they also serve as the substrate for producing 

indicators and modeling networks with nodes representing variables or states at this scale.  

Again, this approach offers many advantages over classical linear models. First, it offers a 

general perspective for monitoring and analyzing sequences to show a longitudinal story, 

connecting in the wave past, present, and future, enabling stable references for variational 

analysis and simulation, with their subsequent comparison on the system's evolutionary 

trajectories. In this sense, it is valuable to hold the J. Johnson (2016) statement: “simulations 

do not offer 'predictions' of the future behavior of the system, but rather provide information 

about its possible behavior and, at best, estimate the probability that a policy will achieve the 

desired outcome at that level.” Secondly macro-level forces—driven by preassigned funding 

decisions, fluctuating political priorities, and local or global socioeconomic divisions—often 

exert profound effects on support opportunities, motivation, and learning and teaching 

capacities at the meson and micro levels [Gross, Meyer, and Hadjar, 2016], giving rise to 

feedback that often reparametrizes, and even reconfigures, the entire system.  
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One of the greatest contributions of network models is the identification of ordering 

parameters that can help policymakers take on greater responsibilities in more complex, higher-

impact areas to improve educational equity and reduce learning deprivation. The core difficulty 

lies in anticipating and provoking variations within the system through intentional actions. 

Achieving genuine systemic improvement, as envisioned by SDG 4, requires confronting 

complex, uncomfortable structural realities that network analysis can reveal—such as the strong 

covariability between socioeconomic status (SES) and positive academic outcomes, or the stark 

differences in network topology between the poorest and wealthiest schools. In this sense, 

analyzing the topologies of educational networks can help unveil key drivers of the system or 

structural properties that reveal some of the system's failures, as demonstrated in the studies 

referenced in chapters 7 and 8. 

 

1.3. Measuring Learning Outcomes 

Measuring the quality of the system is equivalent to measuring at which level its outcomes meet 

the standards the system has planned for itself. Academic performance is widely seen as the 

primary indicator of educational success and has been widely used in the academic resilience 

literature [Martin, A. J., & Marsh, H. W., 2006; Rudd, K. L., & Yates, T. M., 2020; Wang, F., 

2025]. As mentioned, efforts to measure compliance with SDG 4 only began at the end of the 

last decade. The overall indicator was defined as Learning Poverty [Azevedo, 2019] using a 

completely deterministic approach with significant theoretical and practical limitations. Given 

the global adoption of the Learning Poverty indicator (LPI), this research reformulates it in 

parallel using stochastic processes theory and then adds two highly informative indicators. In 

this way, the expected value of the process of counting students experiencing relative learning 

deprivation coincides exactly with the deterministic estimates. However, its generalization 

within a stochastic framework offers numerous statistical, simulation, and predictive 

advantages, as well as theoretical interpretation advantages, that the deterministic framework 

lacks. 

 

1.3.1. Learning poverty 

The construct Learning Poverty (LP) refers to “The ability to read with comprehension [as] a 

foundational skill that every education system around the world strives to impart by late in 

primary school […] as it's essential for all future learning and development” [World Bank, 

UNESCO & UNICEF, 2022]. The indicator is an additive measure combining the proportion 
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of primary-aged children who are out-of-school (Schooling Deprived, SD) with the proportion 

of students in school who perform below minimum proficiency levels in reading (Learning 

Deprived, LD). In the context of the SDG 4, according to GAML (2021), learning deprivation 

is defined as share of children at the end of primary who read at below the minimum proficiency 

level [Azevedo, J. P., 2020]. This combined measure effectively captures the dual imperative 

of educational policy: ensuring “more schooling” —access—and guaranteeing “better learning” 

—quality—, thus confirming that time spent in the classroom translates into essential skills and 

capabilities. 

Following the definition of LP, students’ literacy abilities are seen as the main students’ 

learning outcomes. For this reason, they are analyzed as dependent variables of a wide variety 

of academic and non-academic variables collected for the LSA’s. According to Bracho (2017), 

for measuring the level of learning deprivation it is necessary to measure it in two ways: 

absolute and relative.  

The first concept proposes that ‘there is an irreducible nucleus of needs that are common 

to every human being.’ The distribution of students in learning deprived and non-learning 

deprived—expressed as rates—serves as a key diagnostic indicator of educational equity and 

helps to highlight gaps within the system [Sánchez-Restrepo, H. & Carmona-Soto, M.B., 2023]. 

Figure 2 shows the breakdown of the LP indicator into its two components, SD and LD. 

Children in the SD category are estimated by official student records and compared to the total 

population of children of the age corresponding to that grade level, according to established 

norms. LD, on the other hand, refers to students and depends directly on each student's skills, 

𝜃𝑖. To determine if a student suffers from learning deprivation, it is necessary to establish the 

cutoff point 𝜓1 to define the skills required to progress beyond level 𝐿1. All students below this 

cutoff point are in 𝐿1, meaning they exhibit significant learning deficits that hinder continued 

educational growth. 
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Fig. 2. Relationship between the indicators developed to measure learning deprivation, Sánchez-

Restrepo, H., & Jorge Louçã, 2018; 2025), based on Bracho, T. (2017). 

 

Once the ability level 𝜃𝑖 of all students has been estimated and the respective achievement level 

𝐿𝒌 has been assigned to each of them, there is a bifurcation that separates the not-learning 

deprived from the learning deprived. From the latter, two additional independent stochastic 

processes are triggered: (1) Rate of Absolute deprivation (RAD), and (2) Relative Deprivation 

index (ReD), which are combined to give rise to a composite stochastic process whose 

mathematical expectation is called Learning Deprivation Index (LDI). 

 

1.3.2. Absolute deprivation 

 

Initially, the key indicator for measuring learning poverty was conceived as a deterministic 

index coming directly from registers as the quotient of those students below the threshold of 

“enough learning” and total number of registered students, but there are, at least, two problems 

with this definition: (1) the number of students experiencing learning deprivation remains 

unknown until having LSA results, and (2) from a deterministic point of view, LSA just give a 

estimated number coming from a sample for one single point on the time. Given the theoretical 

and empirical limitations of this definition, since the beginning of this research we improved 

and generalized it as a stochastic process (SP), using the Second Principle of Stochastic 

Modeling of the Society of Actuaries (SOA), regarding statistical approximation models: 

 

“A phenomenon that exhibits statistical regularity can be described through a mathematical 

model that estimates, within any degree of accuracy, the probability of a given event in a 
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sufficiently large sequence of experiments. A deterministic model is a simplified stochastic 

model in which the proportion of occurrences of an event, estimated by the stochastic 

model, is assumed to have a probability of one.” [Pinsky, M., & Karlin, S., 2010] 

 

Thus, the prevalence of absolute deprivation was reformulated as the sum of random variables 

(RVs), where independence among students can or not be assumed since, in general, students’ 

abilities are shaped [mostly] by nature, heredity, and individual context [Plomin & von Stumm, 

2018; Deary, Cox, & Hill, 2021; Buser et al., 2023]. Then, for students suffering learning 

deprivation, the quantity 𝑁𝑡(Φ, 𝐿1, 𝐶𝑘) is formulated in the same way for all chapters but is 

described in detail in chapter 7, where is properly defined as a sum of Bernoulli indicators 

𝐼𝑖,𝑡(𝜃𝑖; Φ, 𝐿1, 𝐶𝑘), estimating the occurrence of the deprivation event for the 𝑖-th student, for 

whom the single source of randomness is the ability 𝜃𝑖, which distribution function is 

conditioned by its partition and boundaries given by (Φ, 𝐶𝑘) and where Ω(Φ, 𝐶𝑘) refers to the 

universe of students bounded by the subset (Φ) and the community 𝐶𝑘 [Sánchez-Restrepo, H., 

& Jorge Louçã, 2018; 2021; 2025]. In this sense, given that Ω(Φ, 𝐶𝑘) is the total population of 

students in the community 𝐶𝑘 and 𝑛𝑡(Φ, 𝐶𝑘) is the expectation of this RV, then 𝑝𝐿1
(Φ, 𝐶𝑘) is 

the probability of any student in the subset 𝐶𝑘 might be learning deprived, following a general 

equation for estimating the function 𝐻(𝛷, 𝐶𝑘), wich mathematical expectation is the unbiased 

estimative of RAD—the expected proportion of students in 𝐿1—is given by the expression 

𝐻(𝛷, 𝐶𝑘) = 𝔼[𝒩𝑡(𝛷, 𝐶𝑘)] ∙ 𝔼[𝕀𝑡(𝜃𝑖; 𝛷, 𝐿1, 𝐶𝑘)].  

Figure 3 shows the estimates of RAD for each SES-decile in data coming from an 

official UNESCO’s Latin American LSA named Comparative and Explicative Regional Study 

(ERCE, for its Spanish acronym), carried on with fifteen participating Latin American and 

Caribbean countries. In the left graph, it can be seen the profound inequality in the distribution 

of learning levels among socioeconomic groups, showing a H-function decreasing 

monotonously as the SES increases. In this comparison, numbers are really contrasting, while 

in the first decile, 63 of each 100 poor students do not learn the minimum (𝐻𝐷01 = 0.631), in 

the upper decile—the richest families— 𝐻𝐷10 = 0.099, this means that, of every 100 students 

who do not develop elementary learning, 32 correspond to the first two deciles (𝐷01 + 𝐷02), 

while only 8 belong to the two highest deciles (𝐷09 + 𝐷10). On the contrary, of every 100 

students in the outstanding group 𝐿3, only 3 come from the deciles 𝐷01 and 𝐷02, while 55 

come from the groups 𝐷09 and 𝐷10, 20 and 35, respectively, indicating the big gap between 

students coming from poor and rich families. 
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Fig. 3. Distribution of levels of achievement among SES deciles (left side). Relative flows of the 

distribution of levels of achievement among SES deciles. 

 

1.3.3. Relative deprivation 

 

After having a partition of a group of students learning deprived, a natural question was “how 

deep is the level of deprivation of each of them?”, a concept linked with sociological proposal 

that states that “needs, thresholds and satisfactions are determined by each society” [Sen, 1982; 

Bracho, T., 2017]. Each deprived student, i.e., each student in the 𝐿1-group, has a measure of 

the deepness of her/his deprivation given by the ReD index [Sánchez-Restrepo, H., & Jorge 

Louçã, 2018; 2021; 2025], which can be estimated through the distribution of the associated 

random variable (RV) measuring the intensity of the learning deprivation, a real value showing 

the gap between the ability’ student and the first cut-off point 𝜓1, a distance function of the 

ability 𝜃𝑖 considering the trajectory given by the Survival function (SF) 𝑆Λ𝑖
(𝜃𝑖; Φ, 𝐶𝑘) = 1 −

𝐹Λ𝑖
(𝜃𝑖; Φ, 𝐶𝑘), also known as the complement of the probability distribution function (PDF), 

𝐹Λ𝑖
(𝑠; 𝜀𝑔, 𝐷𝑗 , 𝐶𝑘) = 𝑷[(𝜃𝑖 < 𝑠|𝐿1, 𝜀𝑔, 𝐷𝑗 , 𝐶𝑘)], where the inclusion of 𝐿1 as a restriction of the 

measure space implies the boundary 𝜓0 < 𝑠 < 𝜓1, bounded by the stratum 𝜀𝑔, coming from 

the socioeconomic decile (SES-𝐷𝑗), collecting all occurrences through the space of 

communities 𝑘 = 1,2,3…𝑇, where T is a finite number of communities among students 

suffering learning deprivation, all of them grouped by 𝐿1. 

 

 

 

 



17 

1.3.4. Learning Deprivation Index 

 

From the two measures explained in the previous sections, it was developed a synthetic index 

for representing learning deprivation of students from different strata, population groups, or 

territorial demarcations of interest. The LDI is a composition of RAD and ReD processes, i.e., 

a compound stochastic process (CSP) of both sources of randomness [Sanchez-Restrepo, H. & 

Jorge Louçã, 2019; 2025], which is equivalent to adding the intensity functions of all students 

in 𝐿1, and weighting the result for all students grouped by 𝒩𝑡(Φ; 𝜀𝑔, 𝐷𝑗 , 𝐶). The index 

𝐿𝐷𝐼𝑡(Φ, 𝐶
𝑘
) is also denoted by 𝛿𝑡(Φ, 𝐶

𝑘
) for parametric analysis and is a synthetic measure of 

the total learning deprivation, observed in the student universe Ω(Φ, 𝐶
𝑘
), at some point t, which 

can be estimated by aggregating the individual deprivation of each of the realizations, i.e., the 

expectation of the CSP. The LDI is a standardized and bounded metric, and it provides a 

consistent basis for comparing different subsets of students [Sanchez-Restrepo, H. & Jorge 

Louçã, 2019; 2025], its stability makes it particularly valuable for assessing the magnitude of 

learning gaps across time, territory, countries and regions.  

For instance, if socioeconomic status is plotted on the horizontal axis—placing the poorest 

on the left—and LDI is plotted on the vertical axis as a function dependent on SES—placing 

those who do not suffer deprivation at the origin of the axe—, the dynamic relationship between 

these variables can be obtained to observe the composite phenomenon of inequality. As can be 

seen in Figure 4, the LDI could be extremely useful for detecting gaps between student groups 

following this procedure. First, calculate the average LDI for the entire population, the black 

horizontal line. Then, exclude the poorest 1% of the student population and recalculate the LDI 

using the remaining 99%, repeat the iteration excluding the next 1% and recalculate using the 

remaining 98%, and so on, until estimate the average LDI of the remaining 1% of wealthiest 

students. If the results are plotted with a circle proportional to the percentage of the population 

considered, the sequence of solid blue circles is obtained. If a similar procedure is followed, but 

now starting with the poorest 1%, and gradually including the wealthiest 1%, iterating until the 

wealthiest students are included, the sequence of white circles with a blue outline is obtained. 

As can be confirmed, the largest spheres in both series coincide with the population means, 

since the estimates in both cases include the entire population.  
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Fig. 4. Distribution of levels of achievement among SES deciles (left side). Relative flows of the 

distribution of levels of achievement among SES deciles. 

 

Since the publication of the seminal Coleman Report (1966), empirical evidence has 

consistently demonstrated that family background frequently outweighs school resources in 

explaining variance in student outcomes [Reardon, 2011]. Results of our own analysis of 

multiple datasets align with a vast body of literature identifying SES as the strongest predictor 

of academic achievement [Chzhen & Bruckauf, 2016; Hanushek & Woessmann, 2020; Skopek 

& Passaretta, 2021]. At all scales, students, school, country, and region levels, we observe a 

pronounced and consistent gradient of educational deprivation across socioeconomic deciles. 

The previous result is surprising because its monotonicity shows clearly that learning 

deprivation is a function of SES, showing that the total gap between rich and poor students can 

be decomposed into the sum of gaps, providing evidence of how the LDI index—estimated by 

𝛿𝑡(Φ, 𝐶
𝑘
)—can detect small changes in the composition of the population and its an optimal 

candidate for variational analysis. 

 

1.4.  Network Analysis of Academic Inequality 

From a complexity perspective, we might say that the structure of interactions determines the 

system's behavior. Whether analyzing the regional interdependence of learning outcomes or the 

structural mechanisms of resilience in high-poverty contexts, the challenge lies in mapping the 

potential relationships, unveiling hidden coherent interlinked latent variables, and 

understanding their underlying mechanisms within a plausible theoretical framework. This 

thesis adopts this relational stance, arguing that for dismantling the structural inequalities in 
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education, one must first render visible the complex network of dependencies that restricts the 

abilities of the most vulnerable. Unlike traditional econometric methods, which used to be 

limited to specific situations with many operational restrictions, modern network science 

provides both the conceptual and computational tools to analyze large-scale systems for 

uncovering “hidden structure of everything” [Barabási, 2016]. Network science also offers the 

methodological lexicon required to operationalize relational perspectives, but most LSA’s —

such as PISA or regional UNESCO studies—are still analyzed, almost exclusively, through 

Hierarchical Linear Models (HLM), these methods excel at ranking students but fail to map the 

structural interdependencies that produce those rankings.  

Once the optimal functioning of the new indicators was proven and their measurement was 

confirmed using data provided by official LSAs, it became natural to use them to partition and 

model the networks associated with learning deprivation. A three-step sequential model was 

developed to analyze topological properties and identify the nodes holding the system out of 

statistical equilibrium. The first step is focused on disaggregating 𝐿1-class by SES, each student 

is represented by a node and edges, weighted by 𝜆(𝐿𝐼𝑗), are directed to one of the SES-decile 

nodes  {𝐿𝐼𝑗(𝜃
𝑗 → 𝐿𝑘

𝑗
→ (𝑆𝐸𝑆𝑑

𝑗
)} ∀ 𝑗, a process which allows to analyze aggregated inequality 

at school level, as well as In-degree distribution for SES nodes. The second one is an extension 

for including rurality of the area (RA), type of school (TS), ethnic self-identification (ET), and 

gender (GE) to analyze their effects through the sequence {𝜃𝑗 → 𝐿𝑘
𝑗
→ (𝑆𝐸𝑆𝑑

𝑗
) →

(𝑅𝐴𝐶1
𝑗

, 𝑇𝑆𝐶2
𝑗
, 𝐸𝑇𝐶3

𝑗
)} ∀ 𝑗, where C denotes an index for each subcategory of the factors RA, TS 

and ET, and GE. Finally, the third step amplifies and strengthens the analysis through more 

than one hundred educational and non-educational factors associated with learning 

achievements trough the sequence {𝜃𝑗 → 𝐿𝑘
𝑗
→ (𝑆𝐸𝑆𝑑

𝑗
) → (𝑅𝐴𝐶1

𝑗
, 𝑇𝑆𝐶2

𝑗
, 𝐸𝑇𝐶3

𝑗
) → 𝐹𝐴𝐿𝐶𝑚

𝑗
} ∀ 𝑗, 

for integrating m different educational and non-educational factors1, the result is shown in 

Figure 4, and in can be seen with more detail in chapter 4. 

 

 
1 Network analysis was carried out by Gephi 0.9.2 and statistical estimations and plots with R 3.5.0. 
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Fig. 5. Specification for the general network model using indicators for measuring learning deprivation 

and social determinants, ordered hierarchically for analysis by (1) Socioeconomic Status (SES), Rurality 

(RA), Type of school (TS), Ethnic self-identification (ET), and Gender (GE) [Sánchez-Restrepo, H., & 

Jorge Louçã, 2018; 2019]. 

 

These findings highlight how socioeconomic status (SES), often exacerbated by multiple 

associated disparities that persist throughout life, creates fertile ground for the vulnerability of 

those with less access to resources, following the line of thought that Charles Tilly (1998) 

deciphers in his work, Enduring Inequality: Exploitation and the Origins of Inequality, which 

proposes and explains that social inequalities can persist because "disparity is not an accidental 

consequence of individual differences, but a consequence of categorical pairs." In this regard, 

it is possible to show that systems with widespread inequality are sustained in that negative 

state because they remain institutionalized through power relations and privileges, claiming 

relations are systematically established to dominate the monopoly of opportunities, creating 

cycles of poverty based on exclusion mechanisms that operate in a coordinated manner to 

diminish the opportunities to the more disadvantaged or less connected persons. 

This finding is undoubtedly profoundly relevant, since in classical models, SES is treated 

simply as a control variable or a static attribute, a decision that can amplify the risk of obscuring 

Learning deprivation:

Social determinants: Associated factors
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or hindering our understanding of the mechanisms through which advantage is transmitted. 

Given that the sources of the relational nature of inequality imply that the achievement gap 

could, in reality, be a structural chasm provoked not only by barriers to access and retention, 

but also by barriers to the utilization and enjoyment of resources. In this regard, Bourdieu 

(1986) points out that “academic success is not simply a function of innate talent but depends 

on the possession of cultural codes and social connections validated by the school system”. 

Essentially, these other forms of capital are also inherently relational because they exist only in 

reference to a field of interaction. Thus, a student's cultural capital is not a static asset carried 

in isolation, but a "key" that works effectively only if it fits the “lock” of the institutional 

structure. Therefore, if the educational network is fragmented or segregated, the transmission 

of this capital is likely to be interrupted, creating what we could call topological barriers to 

social mobility. 

 

1.5.  From Nodes and Edges to Metrics and Topology 

Despite the clear theoretical compatibility between network science and educational sociology, 

the empirical intersection of these fields remains underdeveloped, particularly at the meso and 

macro levels, due mainly to the fact that existing literature on networks in education has 

predominantly focused on the micro-level of organization. For instance, van der Maas and Siew 

(2020) had been developing network models for cognitive development and intelligence, as 

well as quantifying knowledge and the development of expertise, but the classical analysis 

continues being the mainstream—for an excellent metareview of research on educational 

inequality and socioeconomic disadvantage, we strongly suggest Sykes, C., et al (2025).  

In most of the literature, network metrics might be classified into two categories based on their 

scale: (1) local metrics, which pertain to individual nodes, and (2) global metrics, whose 

purpose is to characterize the structural properties of the whole network, they can be grouped 

in three primary categories: Centrality measures, Clustering coefficients, and Assortativity 

indices, providing the grammar for translating mathematical formalism into sociological and 

concepts. In the context of modeling educational inequality and structural deprivation, these 

metrics cease to be mere abstract calculations; they become operational indicators of social 

capital, segregation, and resource flow within a complex network. 

This division between scales examines the agency and position of individual nodes and the 

global scale. This strategy is focused on capturing the emergent properties of the entire 

structure. Within this multiscale framework, this taxonomy provides the necessary grammar to 
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interpret two distinct types of structures: (1) the sociological topology of educational systems, 

and (2) the psychometric architecture of learning outcomes, which later allowed the 

identification and subsequent characterization of academic resilience. 

 

1.5.1. Local Metrics 

At the local level, centrality measures allow us to identify the specific roles played by individual 

actors—whether they are schools in a social network or psychological factors in a resilience 

profile. In this sense, the Weighted degree serves as a primary measure of volume and influence. 

In a given social context, this metric captures the intensity of a student's interactions with a 

single factor, reflecting the intense use of a specific resource by a relevant number of students. 

Conversely, when applied to a psychometric network, it identifies the “system drivers”—those 

high-impact factors that hold the greatest predictive power over a student’s trajectory. To 

understand the efficiency of these factors, Closeness centrality and Harmonic closeness 

centrality indicate how widely a node can access the network; in addition to their strong 

correlation, we prioritize Harmonic closeness for its ability to handle fragmentation. This makes 

it particularly valuable for analyzing educational systems, as it allows for the accurate 

quantification of accessibility, even for schools in isolated rural areas or segregated enclaves. 

Moving beyond access, Betweenness centrality allows us to map the system's 

intermediaries. For instance, in our model, we develop an Academic Correlation-based Factor 

Network, where the adjacency matrix is based on a multivariate correlation matrix among 

demographic data and more than 140 factors associated representing Self-regulated learning, 

Learning practices and perceptions, Socio-emotional skills, Physical and mental self-care, 

Household structure, Educational support, School climate, Living conditions, Educational 

trajectory and Commitment with learning, reflecting accurately the underlying structure of the 

latent variables driving students' behavior, habits, emotions, and learning outcomes. In this 

scenario, high-betweenness nodes act as bridges—and sometimes as bottlenecks—controlling 

the flow of information in disparate social groups. When studying resilience, these nodes might 

represent mechanisms of transfer, linking contextual support—such as family—to behavioral 

outcomes oriented to success. 

For analyzing hierarchy, Eigenvector and Katz Centrality are the main measures, which 

weigh a node’s importance by the influence of its neighbors. These metrics help us formalize 

the concept of elite reproduction in social networks and identify points of “strategic leverage” 

in psychological profiles. Finally, the Authority score—from the HITS algorithm [Deguchi, T., 

et al, 2014]—can be used to distinguish those nodes that act as ultimate destinations for high-



23 

quality resources, validating which factors serve as the system’s primary reference points. 

Complementing these centrality measures, the Clustering Coefficient quantifies the degree of 

local cohesion. Sociologically, a high clustering coefficient suggests a dense, supportive peer 

group that generates bonding social capital—though we must be cautious, as excessive 

clustering can signal insularity or high availability of the factor at low cost. Psychometrically, 

this measure indicates stability; a group of students with a highly clustered set of factors 

possesses a redundant, mutually reinforcing system that is better equipped to buffer against 

external shocks. 

 

1.5.2. Global Metrics 

In this research, the emergent properties used to be related with the global scale because define 

the system’s architecture, At this level, centrality distributions refers to hierarchy among nodes, 

while the assortativity indices and community structure metrics reveal the depth of inequality 

in learning outcomes, leaving to the Modularity class serving as the primary indicator of 

segregation. This measure optimizes the partition of the network into dense communities—

distinct, non-overlapping groups that reveal the rigid topological boundaries of socioeconomic 

or ethnic segregation. When applied to resilience, global modularity maps functional maps of 

behavior, allowing the identification of latent domains of functioning guided by data and 

theoretical frameworks. Therefore, Centrality is crucial for identifying the most influential 

factors or agents within the complex network of a learning environment. By measuring how 

central certain traits, behaviors, or social connections are related, it is possible to point out 

which elements play a pivotal role in supporting high achievement facing adverse 

socioeconomic contexts—referred frequently as academic resilience. In this sense, nodes with 

high centrality often act as key facilitators of information flow, emotional support, or resource 

access, enabling resilient students to use internal and external resources in a more effective way. 
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By modelling an educational system as a network—where nodes represent agents and edges 

represent flows of a wide variety of academic and non-academic resources—we can move 

beyond descriptive statistics and focus on understanding processes and try to detect or infer 

relationships. Along this thesis, we identify and address this specific research gap in each 

opportunity for proposing that the tools of complex network analysis, typically reserved for 

biological or technological systems, can be repurposed to map the “topology of learning 

poverty”, and other observable expressions of social inequality. Given that learning poverty 

started to be the global referent just a few years ago, there is a paucity of research that treats the 

entire educational system as a whole—even without including the interplay of socioeconomic 

factors, learning outcomes, and resource distribution, extending this view to the structural 

inequality of learning deprivation. 

For deploying a comparative analysis of centrality metrics, it is mandatory to prepare the 

relational model and data—in this case, the challenge is located in the adjacency matrix—, after 

analysis, integrating the outcomes in tables and graphical models are very useful ways for 

starting to analyze and communicate the results in a clearly manner, as in Table 1 or Figure 6, 

where we present network parameters and representations for Resilient (Q1) and Privileged 

(Q5) students, analyzed on detail in chapters 7 and 8. In this case, the metrics of centrality 

Closeness, Harmonic closeness, and Betweenness are related with a fundamental divergence in 

students with high academic performance. In both networks, Emotional Well-Being acts as the 

single most critical bottleneck (Q1: 0.32; 𝑄5: 0.33), showing a role as the non-negotiable 

structural prerequisite for the flow of all other resources, regardless of socioeconomic status 

[Newman, M. E. J., 2018].  

Given the values of the parameters—and its relevance for the network—Well-being 

appears like the most relevant factor for controlling the flow of all other academic and social 

resources into the high-performance system. However, in the resilient network are factors 

associated with internal effort, such as Metacognition (𝑄1: 0.007 vs. 𝑄5: 0.00), and Study 

habits (𝑄1: 0.06 vs. 𝑄5: 0.00), are also necessary bridges within the Q1 system, yet remain 

peripheral in the Q5 system. 
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Table 1. Network parameters for Resilient (Q1) and Privileged (Q5) students. 

 

Note. All edges are undirected. Coefficients Closeness centrality, Harmonic closeness centrality and 

Betweenness centrality are normalize centralities [0,1]. All factors are supposed to be latent variables. 

Coefficients cannot be converted into an odds ratio. 

 

Now, by modelling variables and agents as nodes in a network, we can unveil evidence of 

how educational exclusion is not just a lack of resources, but a specific structural trap created 

by the absence of bridging ties and the presence of reinforcing loops of disadvantage, a key 

milestone in education that can tackle the challenge of integrating topological, pedagogical, and 

sociological perspectives. In this regard, the analysis of official LSA’s dataset for modelling 

complex networks can be accomplished by estimating the multiple rank-based correlation 

matrix among associated factors for fulfilling the adjacency matrix—a method developed in 

chapters 7 and 8 of this thesis—. This method is especially useful when it is a high-dimensional 

classification problem and using combinatorial produce noise accumulation, which also leads 

to a rise in the rate of spurious correlations among unrelated covariates [Masuda, N., et al, 2018; 

Schober, P., Boer C, Schwarte LA., 2018; Borsboom, D., et al, 2021; Masuda, N., et al, 2024]. 

Katz 

Centrality

Eigen 

centrality
Clustering

Modularity 

class
Authority

Betweeness 

centrality

Harmonic 

closness 

centrality

Closness 

centrality

Weighted 

DegreeFactor

Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5

0.410.40310.040.030.310.240.310.240.330.320.820.780.720.704.654.74Emotional Well-Being

0.450.43220.040.040.320.290.320.290.230.210.810.820.700.704.925.87Cooperation

0.500.40310.020.020.030.030.030.030.100.100.530.540.460.482.202.29Sense of Belonging

0.600.50420.020.020.070.070.070.070.060.090.570.590.510.522.152.85Bullying

0.000.33010.010.020.000.020.000.020.000.070.000.500.000.450.581.30Achievement Level

0.670.29110.010.020.020.070.020.070.000.060.430.580.380.491.182.55Study Habits

0.770.63200.030.030.280.280.280.280.010.040.710.740.590.613.665.04Self-Efficacy

0.700.63200.030.030.250.280.250.280.070.040.690.740.580.613.414.54Motivation

0.690.63200.030.030.280.260.280.260.010.040.710.720.590.603.784.82Metacognition

0.670.60310.010.010.030.020.030.020.030.030.510.510.460.451.802.22Family Support

0.710.85200.020.030.220.240.220.240.070.020.670.700.570.602.353.25Self-Control

0.820.80200.020.030.180.240.180.240.000.020.600.690.520.592.724.00Emotional Regulation

1.000.67420.010.020.010.050.010.050.000.020.420.560.360.501.702.29School Violence

0.830.60420.010.010.040.050.040.050.010.010.530.530.460.451.021.28School Climate

0.330.40310.010.010.050.050.050.050.000.010.480.540.440.491.832.21Vitality

0.860.84200.020.020.220.190.220.190.000.010.640.630.540.542.062.50Cognitive Strategies

1.000.33420.010.010.000.020.000.020.000.010.360.480.320.430.801.07Satisfaction with Interactions

0.600.70420.020.010.040.010.040.010.080.000.540.440.460.371.982.15School Satisfaction

0.760.87200.030.030.280.270.280.270.010.000.710.710.590.593.994.76Attentional Control

0.630.87200.030.030.290.270.290.270.010.000.720.710.590.593.844.61Civic Engagement

0.770.87200.030.030.260.270.260.270.010.000.690.710.580.593.524.44Empathy

0.810.87200.020.030.160.270.160.270.000.000.580.710.500.592.184.23Assertive Communication

0.540.90200.030.030.300.250.300.250.040.000.740.690.600.584.564.17Leadership

0.000.33110.010.010.020.050.020.050.000.000.440.520.380.480.450.68Gender

0.800.89200.020.030.240.250.240.250.000.000.660.660.550.522.793.99Growth Mindset

0.790.92200.020.020.180.220.180.220.000.000.580.630.470.502.263.39Emotional Awareness

0.0020.010.010.010.000.380.340.22Household Composition

1.001.00310.010.010.010.000.010.000.000.000.370.380.330.331.641.66Teacher Support

0.000.00310.010.010.000.000.000.000.000.000.350.360.320.330.400.24Environmental Safety

0.0010.010.000.000.000.340.320.22Attendance and Punctuality

1.0000.010.060.060.000.460.400.71Expectations

0.410.40310.040.030.310.240.310.240.330.320.820.780.720.704.654.74Emotional Well-Being

6.893.901.001.001.001.007.0012.000.290.320.240.190.820.820.700.726.245.30Max   

1.251.250.000.000.000.002.003.000.000.000.000.000.000.000.000.002.001.76Min    

3.792.290.460.400.630.573.446.500.130.130.020.020.540.480.460.413.713.15

2.190.950.400.380.290.321.722.380.120.120.050.040.220.260.180.221.361.11
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Another case in where this method outperforms is whit Community detection algorithms, such 

as modularity maximization, when used to partition networks into groups of nodes—in 

communities or modules— that are more interconnected among themselves than with nodes 

outside those groups.  

The robustness of network structures provided by correlational matrix allows finding their 

functional associations weighting the edges, enabling a new way for estimating the structure of 

interactions among latent variables with social, emotional, and cognitive skills, with the 

advantage of mapping and translating multivariate student resource profiles into interpretable 

topological architectures [Borsboom et al., 2021; Brinkhof et al, 2025], as well as to escalate 

modelling the entire multivariate resource ecosystem. As can be seen, Figure 6 and Table 1 

correspond to the same two high-performance student networks—coming from two different 

socioeconomic backgrounds (D01 and D10), where color of the nodes represents the 

Modularity class, their size represents Katz centrality coefficient, and their label size 

Betweenness centrality. In this study, modularity is employed to identify densely connected 

communities of factors, providing evidence on whether the resilient group exhibits a highly 

integrated resource ecology—low modularity, typically indicating that resources operate 

synergistically—or a fragmented configuration [Masuda et al., 2024]. 

 

 

Fig. 6. Factor's Correlation-based Academic Networks. The figure illustrates the structural and 

topological differences in resource organization between resilient (HP-Q1, left) and privileged (HP-

Q5, right) high-performing students, quantified by node centralities and modular partitioning.  

 

 

Resilient students Network (HP-Q1) Privileged students Network (HP-Q5)



27 

As can be seen, this approach puts together the metrics for advancing from mere 

correlational observations to structural and causal inferences regarding the effectiveness of 

different policies. According to Tilly (1996), if inequality is persistent because it is embedded 

within educational structures, then we need new tools for quantifying multiple configurations 

for a small number of emergent properties. From this point of view, if it seems feasible to 

monitor educational inequality, why to remain attached to an “attribute-based” approach for 

just merely correlating poverty with low achievement, when what is needed is a framework for 

mapping the structural architecture of segregation? This calls for a shift from measuring the 

sheer volume of resources available to a student toward analyzing the efficiency of the network 

in which they are situated, raising a fundamental question: how do the topological properties of 

the educational system—its modularity, connectivity, and centralization—function as the 

invisible scaffolding that sustains or breaks these inequalities? 

With the aim of mitigating the dissonance between the global mandate of SDG 4 and the 

conceptual and methodological limitations currently employed to monitor it, the proposal 

presented in this thesis suggests moving beyond metrics that describe the symptoms of 

inequality to diagnose its structural pathology. By recognizing education as a system whose 

complexity stems from its multiple interactions at different scales, it becomes clear that 

educational gaps are emergent properties and that their persistence is due to structural 

mechanisms that cannot be addressed simply by allocating resources or by focusing 

individually on those gaps that manifest in the most visible urban areas, instead of looking for 

solutions that require identifying and addressing the structural determinants that drive those 

dynamics. In this sense, most of the literature suggests that to truly address academic inequality, 

we must operationalize the educational landscape as an interdependent network of 

relationships. In this chapter, we argue that network architecture—defined by its connectivity, 

segregation, and modularity—constitutes the invisible scaffolding of opportunities to learn in 

significant ways. Therefore, subsequent chapters, based on published material, have attempted 

to move beyond theory and delve into empirical data. Along this path, we have dedicated 

considerable effort to developing methods for analyzing contrasts and relationships across 

topologies and other properties using Network Analysis.  

To conclude this chapter, it is valuable to recall the words of R. Dum & J. Johnson (2016): 

"Science contributes by helping to generate and evaluate policies and by providing the best 

possible evidence-based answers to the question of how policymakers can ensure that their 

policies will have the desired outcomes and not undesirable ones." This underscores the 

importance of always placing evidence at the heart of the quality of our conclusions, and not 
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just human desires. Based on the results of the last years, we are convinced that unveil and 

understand the silent determinants of systemic fragility and resilience, is not a merely technical 

refinement, but a necessary epistemological shift, remembering that, as long as educational 

policies focus on isolated attributes, the mechanisms that underpin deprivation will remain 

invisible to decision-makers, and effective evidence-based policy will remain an utopia.  
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Abstract. The persistence of the global learning crisis [UNESCO Institute for Statistics, 

2024; The World Bank, UNESCO, & UNICEF, 2021; 2022] demands that educational 

policy move beyond simply describing achievement gaps toward understanding the 

structural mechanisms of resilience, which is the quantifiable capacity of students to 

sustain positive outcomes despite exposure to chronic adversity [Rutter, 2012]. Hypoth-

eses regarding resilience often invoke dynamic models, emphasizing the interactive 

balance of protective and risk factors [Luthar, S. S., 2020]. However, the precise struc-

tural roles and interplays of socio-cognitive and socio-emotional assets and contextual 

factors for processes leading to positive outcomes are often difficult to discern. These 

structural dynamics often elude traditional linear models, which are unable to account 

for the multiple interdependencies and non-linear feedback that shape real-world pro-

cesses. Here, we apply complex network analysis to model factors as nodes and their 

functional associations as edges derived from rank-based statistical correlations, 

thereby translating multivariate student resource profiles into interpretable topological 

architectures (Borsboom et al., 2021; Brinkhof et al, 2025). Our aim is to identify the 

specific topological mechanism that distinguishes academically resilient, high-perform-

ing students from their more privileged peers. We find that resilience is not a fixed trait 

but an emergent strategy of topological substitution: resilient networks compensate for 

socioeconomic disadvantage by concentrating influence on a reduced set of internally 

controllable assets (for example, self-efficacy and attentional control), which occupy 

intermediary positions with elevated centrality and foster local cohesion via increased 

clustering. This pattern implies that resilient systems achieve higher structural effi-

ciency, a phenomenon consistent with empirical findings that centrality and local clus-

tering jointly index nodes’ capacity to mediate influence within differing network to-

pologies.  

Keywords: Academic Resilience, Complex Network, Socioemotional skills, 

Large-scale assessments, Adjacency-correlation matrix, Educational Policy. 

1. Introduction 

The 2030 Agenda’s Sustainable Development Goal 4 (SDG 4) commits 193 coun-

tries to “ensure inclusive and equitable quality education and promote lifelong learning 

opportunities for all” (UNESCO, 2015). Education is recognized not only as a funda-

mental human right but also as a transformative engine of development—reducing  
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poverty, advancing health, promoting gender equality, and strengthening peace and 

stability [Tonegawa, 2023; UNESCO, 2024]. Despite these lofty ambitions, most edu-

cation systems persistently fail to provide to all students with the foundational 

knowledge and competencies required to thrive academically [Hanushek, E. A., & 

Woessmann, L., 2020; Mishchuk et al., 2024; The World Bank, UNESCO, & UNICEF, 

2022].  

As a key strategy for advancing evidence-based public policy, many governments 

have institutionalized Large-Scale Assessments (LSAs) to gather valid and reliable data 

on educational outcomes [Senior, C., & Sahlberg, P., 2025]. These assessments also 

capture a range of academic and non-academic variables, commonly referred to as Fac-

tors Associated with Learning (FAL), which provide deeper insights into the conditions 

influencing student performance [Motl, T. C. et al, 2018]. The primary objective of 

LSAs is to furnish high-quality, quantitative evidence to measure educational progress, 

estimate the causal or correlational impact of varying each FAL across different time 

scales and territorial domains [Tracey, B, & Florian, K., 2016; Davis, B., & Sumara, 

D., 2014]. Historically, the dominant analytical paradigm used to study educational 

phenomena postulating that educational gaps are predominantly explained through sim-

ple linear covariations between learning outcomes and individual factors [Moll, K. et 

al, 2016]. However, the methodological efficacy of LSAs in informing policy has faced 

increasing scrutiny [Davis, B., & Sumara, D., 2014; Brinkhof, L. P. et al, 2025; Sykes, 

C., et al 2025]. This traditional approach is increasingly recognized as both, useful and 

insufficient [Johnson, J. H., 2016; Brinkhof, L. P. et al, 2025], probably because its 

almost exclusive reliance on linear regression models has been leading to a fragmented 

view of the highly interrelated educational ecosystem, and the wide range of complex 

educational phenomena [van der Maas, H., 2017]. Crucially, these simplified models 

often fails to capture the deep-seated, structural nature of inequality in learning out-

comes and their inherent relationship with socioeconomic and educational deprivation 

[15]. Probably, this methodological limitation—the inability to model complexity, non-

linearity, and interactions—is a primary reason for the observed lack of explanatory 

power in many educational policy models [Johnson, J. H, 2017]. 

Worldwide, students from socioeconomically disadvantaged backgrounds persis-

tently face structural and pedagogical barriers that restrict educational access and di-

minish learning outcomes [Brinkhof et al., 2025; Luthar, 2020]. However, this deter-

ministic perspective is challenged by a small yet significant subset of learners from 

disadvantaged socioeconomic backgrounds—often described as academically resilient 

learners (henceforth: ARL)—who attain high levels of academic success despite facing 

severe social and economic adversity [Rudd, G., Meissel, K., & Meyer, F., 2021; Yan, 

Y., & Gai, X., 2022]. Nevertheless, much of the existing literature continues to rely on 

linear modeling approaches that obscure the systemic interdependencies underlying 

these processes. In contrast, complex network theory offers a robust analytical frame-

work capable of capturing the non-linear, reciprocal relationships among diverse vari-

ables, strata, and contexts that might be helpful to shape students’ capacity to learn and 

succeed under adversity [Siew, 2020; Saqr et al., 2024]. This perspective provides fer-

tile ground for advancing equity-oriented educational research and informing more con-

textually responsive policy and practice [OECD, 2021; 2025]. 
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2. Literature review 

2.1. Academic resilience 

 

Academic performance is widely seen as the primary indicator of educational suc-

cess and has been widely used in the academic resilience literature [Martin, A. J., & 

Marsh, H. W., 2006; Rudd, K. L., & Yates, T. M., 2020; Wang, F., 2025]. In educational 

research, family Socioeconomic Status (SES) has been identified as one of the most 

significant factors affecting students’ educational experiences. According to Marta & 

Michelle (2023), approximately 15% of the variance in academic achievement can be 

explained by family SES. Low SES is often associated with challenging learning con-

ditions and reduced motivation, contributing to lower academic achievement, and stu-

dents achieving better than expected educational outcomes, use to be defined as high-

level academic performers [Wang, F. 2025; Sirin, S. R. 2005].  

The notion of resilience finds its conceptual roots in psychology, where it emerged 

as an effort to explain why some individuals achieve positive developmental or psycho-

logical outcomes despite exposure to significant stress or adversity (Luthar et al., 2020; 

Rutter, 2012; Xenofontos & Mouroutsou, 2023). Early formulations tended to describe 

resilience as a stable personal trait—a characteristic possessed by certain individuals 

who managed to “do well” under pressure. Academic resilience refers to “the height-

ened likelihood of success in school and other life accomplishments, despite environ-

mental adversities brought about by early traits, conditions, and experiences” [Wang, 

F., 2025]. Defined broadly as the capacity to rebound from adversity and to maintain 

engagement in learning despite challenging circumstances, resilience encompasses 

qualities such as persistence, adaptability, and self-regulation [Rudd, G., Meissel, K., & 

Meyer, F., 2021]. Research conducted in highly complex educational contexts revealed 

that students’ resilience strategies often emerge through leveraging social support, rec-

ognizing institutional affordances, and reframing identity narratives around persistence 

[Rudd, G., Meissel, K., & Meyer, F., 2021]. For instance, a longitudinal diary study 

with undergraduate students found that greater weekly variability in resilience was as-

sociated with improved short-term academic performance, mediated by self-regulation 

behaviours, and further moderated by grit and social support [Delprato, M., 2025; Veen-

hoven, R., 2024].  

One of the most common approaches in measuring resilience involves asking par-

ticipants to answer self-report questionnaires about traits that are usually related to re-

silience (also known as the latent construct approach). For example, Martin and Marsh 

(2006) used an academic resilience survey to capture students’ perceptions of their abil-

ity to overcome academic challenges. Another approach that generally is much more 

objective uses two predetermined criteria in measuring academic resilience (also known 

as the definition-driven approach (DDA), [Rudd, R. E., Wingo, J., & Bynum, L., 

2021]), and its main criterion is the presence of chronic adversity that hinders students’ 

academic success. The DDA integrates students’ relative positions in family SES and 

academic achievement compared to their peers, which has been widely used in previous 
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the SES distribution yet attain academic outcomes within the highest achievement 

percentiles of their respective country or region. From a global assessment perspective, 

this methodological framework substantially enhances cross-national comparability by 

standardizing resilience metrics across heterogeneous educational contexts. Such an ap-

proach is regarded as particularly rigorous [Rudd & Yates, 2020], as it relies on objec-

tive performance indicators rather than self-reported measures, thereby reducing sus-

ceptibility to socially desirable responding and cultural bias, contributing to a more ro-

bust and comprehensive understanding of structural resilience within educational sys-

tems. 

2.2. Learning poverty 

 

The construct Learning Poverty (LP) refers to “The ability to read with comprehen-

sion [as] a foundational skill that every education system around the world strives to 

impart by late in primary school […] as it's essential for all future learning and devel-

opment” [World Bank, UNESCO & UNICEF, 2022]. The indicator is a composite 

measure combining the proportion of primary-aged children who are out-of-school 

(Schooling Deprived, SD) with the proportion of students in school who perform below 

minimum proficiency levels in reading (Learning Deprived, LD). In the context of the 

SDG 4, according with the Global Alliance to Monitor Learning (GAML, 2021), learn-

ing deprivation is defined as share of children at the end of primary who read at below 

the minimum proficiency level [Azevedo, J. P., 2020]. This combined measure effec-

tively captures the dual imperative of educational policy: ensuring "more schooling" 

(access) and guaranteeing "better learning" (quality), thus confirming that time spent in 

the classroom translates into essential skills and capabilities. 

Current global estimates for the 2019–2025 period indicate that nearly 60% of all 

10-year-olds worldwide—equivalent to more than 390 million children—experience 

learning poverty [World Bank, UNESCO & UNICEF, 2021]. The situation is consid-

erably more severe in low-and middle-income countries, where over 70% of children 

lack basic reading comprehension skills, a condition that has been further exacerbated 

by the prolonged school closures and learning disruptions caused by the COVID-19 

pandemic [UNESCO Institute for Statistics, 2024; World Bank, UNESCO & UNICEF, 

2022]. In Latin America and the Caribbean, learning poverty has escalated to approxi-

mately 79%, representing one of the most dramatic declines in foundational learning 

outcomes globally and effectively erasing two decades of educational progress. In Mex-

ico, recent joint assessments by the World Bank and UNESCO estimate that, at the end 

of primary school, around 77% of children are unable to read and comprehend a simple 

text [World Bank, UNESCO & UNICEF, 2022]. 

2.3. Complex networks 

 

Network science has become an invaluable tool across scientific fields for solving 

complex problems, offering a robust set of topological, statistical, and combinatorial 

measurements capable of differentiating unique characteristics within the data  
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[Barabási, A. L., 2003; Liu, Y. Y., & Barabási, A. L. 2016]. Key topological metrics 

frequently used to diagnose network behavior involve analyzing paths and connectiv-

ity—the sequence and existence of edges linking nodes [Oldham et al., 2019]. These 

include essential measures such as node centrality (e.g., Degree, Betweenness), graph 

distances (which rely on path length), and metrics for clustering and community struc-

ture (modularity) [Malliaros & Vazirgiannis, 2016].  

A graph remains the fundamental mathematical structure consisting of nodes (ob-

jects) and edges (relationships), weighted to quantify connection strength [Newman, 

M. E. J., 2018; Brass, D. J., & Borgatti, S. P., 2020]. Due to the inherent complexity of 

the systems they represent, these mathematical structures are often termed complex 

networks [Serrano, M. A., et al 2007]. Complex networks arise as a tool to geometri-

cally represent the mutual inter-connections among the elements of a real-world system. 

From a mathematical viewpoint, a network is defined as a graph 𝐺(𝑁𝑣 , 𝑁𝑒) = (𝒱, ℰ), 

where 𝒱 = {1,2, … , 𝑁𝑣} is a set of 𝑁𝑣  labeled nodes (or vertices) and  the a of 𝑁𝑒  links 

(or edges) are represented by ℰ = {1,2, … , 𝑁𝑒} [Newman, M. E. J., 2018]. The inter-

connections between nodes are usually represented by means of a binary and symmet-

ric adjacency matrix, 𝐴𝑖 ,𝑗 , defined as  

 

𝐴𝑖 ,𝑗 =  
0, if 𝑖 = 𝑗 or (𝑖, 𝑗) ∉ Ω(Φ, 𝐶𝑘)

𝜔,          otherwise.                     
(1) 

 

The matrix defined in (1) is the simplest representation of a network preserving only 

the presence or absence of a connection between two nodes. Once the adjacency matrix 

is established, each variable becomes a node, and edges connect nodes with a “1” in the 

matrix. This representation enables network-based analyses, including community de-

tection. Algorithms such as modularity maximization partition the network into com-

munities—groups of nodes that are more densely connected internally than externally. 

Modularity serves as a measure of partition quality, with higher values indicating 

stronger community structure. To ensure robustness, researchers often compute net-

work metrics across multiple thresholds to avoid results being driven by arbitrary 

choices [Newman, M. E. J., 2016; 2018]. Although optional, this step can be replaced 

by constructing weighted networks, which are computationally more demanding. 

Threshold selection is a critical and often debated issue, as it strongly influences net-

work topology; factors such as sample size, type I error rate, network density, and data 

characteristics typically guide this choice (Masuda et al., 2024). 

An adjacency-correlation matrix 𝐑 is a particular type of adjacency matrix that uses 

to be very useful for uncovering latent structures among a large set of variables while 

aiding dimensionality reduction [Borsboom, D., 2021]. This symmetric matrix has di-

agonal elements 𝑟𝑖 ,𝑖 = 1, and off-diagonal elements 𝑟𝑖 ,𝑗 = 𝑟𝑗 ,𝑖𝜖[−1,1] representing the 

strength and direction of the association between two ranked variables 𝑉𝑖  and 𝑉𝑗  [Ma-

suda, 2024]. In contemporary network analysis, the matrix 𝐑 captures the statistical 

associations among observed variables and enable their representation as intercon-

nected nodes within a network [Newman, M. E. J., 2018]. Once established, these net-

works can be examined to identify community structures—clusters of nodes that exhibit 

stronger internal connections relative to their links with the rest of the system.  
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Community detection methods, such as modularity maximization, provide a quanti-

tative means to assess and refine these structures, where higher modularity values indi-

cate more coherent internal organization [Newman, M. E. J., 2018]. 

For this study, each network is developed on correlations among latent variables 

[Bolt T.S., 2016] based on a wide dataset of variables representing students and 

schools. The rationale for modeling multivariate educational data using a correlation 

matrix, rather than traditional linear methods, lies in the paradigm shift toward viewing 

psychological and social phenomena as inherently networked systems. While methods 

like factor analysis examine latent constructs and regression assesses prediction, they 

fail to capture the structure of interdependency among variables [Borsboom et al., 

2021]. The increased use of this framework in education allows researchers to move 

beyond traditional linear models by transforming the pairwise statistical relationships 

into functional edges. This also allows for the direct application of network topology 

metrics—such as centrality and modularity—to reveal how factors cluster and propa-

gate influence [Oldham et al., 2019], as well as capturing the systemic interdependen-

cies and structural vulnerabilities driving outcomes like academic resilience [Martin, 

A. J., & Marsh, H. W., 2006; Delprato, M., 2025]. 

2.4. Dataset 

 

This study draws on official datasets from the state of Nuevo León, collected during 

the year 2025 (https://www.aleph.la/Aprende/NLA/data/2025database). The official 

dataset NLA25-D is derived from a census-based process that encompasses both public 

and private schools, ensuring comprehensive coverage of all municipalities in the state 

and including approximately 97% of schools [NLA, 2025]. This multivariate dataset 

incorporates an index that captures the learning outcomes of ninth-grade students at the 

end of the lower secondary education. According to official reports, the assessment 

results were analysed using Item Response Theory (IRT) to validate the scales, estab-

lish construct validity, and examine measurement invariance over time [NLA, 2025]. 

The methodology adheres to international standards and demonstrates high reliability, 

as evidenced by Cronbach’s alpha coefficients exceeding 0.80, indicating that the in-

struments consistently and accurately measure their intended constructs over the period 

2021-2025 [NLA, 2025]. 

The primary NLA25D dataset comprises 83 800 student records from 1 066 schools, 

all assessed at the end of ninth grade. It includes high-quality linked microdata, such as 

responses from the associated factors survey [NLA, 2025]. Students’ abilities for three 

main areas: Literacy, Numeracy and Science, were estimated using IRT with a two-

parameter logistic model (2PL), where higher learning levels correspond to higher abil-

ity estimates  𝜃𝑖 ∈ (−∞, ∞) [Borsboom, D., & Molenaar, D., 2015]. To identify low-

level learners (LLL) and high-level learners (HLL), learning outcomes were classified 

into m achievement levels (𝐿𝑚 ).  

To contextualize student achievement within broader societal differences, and to ad-

dress critical questions regarding educational opportunity and inequalities in learning 

outcomes, this LSA incorporates a comprehensive socioeconomic index, a composite 

index, identified as the Index of Economic, Social, and Cultural Status (ISEC),  
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constructed from three key components: 1) parental educational attainment and oc-

cupational status; 2) home possessions (as and book count); and 3) home services (in-

cluding dwelling materials, access to sanitation, waste collection, internet and teleph-

ony). The estimates of the ISEC score and its corresponding SES deciles (𝐷𝑗 ), 𝑗 =

1, … ,10 are directly employed in this study. Complete methodological documentation 

and raw datasets are openly available through the official platform, ensuring transpar-

ency and enabling full replicability of the analyses [NLA, 2025]. Data analyses were 

conducted using R (version 4.4.3), with the ‘corrplot’ package employed to estimate 

and visualize the correlation matrix. Network analysis was performed using Gephi (ver-

sion 0.10). Statistical inference followed algorithms proposed by Zhang & Peixoto 

(2020), while betweenness centrality based on correlation adjacency matrices was com-

puted using the approach described by Wang (2025). School weights were applied to 

correct sampling errors and enhance the representatives of the findings. This database 

offers a unique opportunity to examine associations among a wide range of variables at 

the end of the low secondary school. 

3. Measuring learning 

3.1. Levels of achievement 

 

Following the definition of learning poverty [Azevedo, J. P. 2020], students’ literacy 

abilities are seen as the main students’ learning outcomes. For this reason, they are 

analyzed as dependent variables of a wide variety of academic and non-academic vari-

ables collected for the NLA25D dataset [NLA, 2025]. Within NLA framework, literacy 

is conceptualized as the comprehension and command of the language system and its 

linguistic conventions —skills that constitute the foundation of effective communica-

tion and, ultimately, lifelong learning [Aleph, 2022]. In this sense, literacy functions as 

a transversal competency, shaping both students’ academic development and their 

broader social participation. This domain encompasses spelling, morphology, and syn-

tax, while also emphasizing students’ capacity to communicate with clarity and preci-

sion in both oral and written forms. 

To interpret students’ mastery in literacy, NLA has developed a classification for all 

students [Aleph, 2022] in three levels of achievement  𝐿1, 𝐿2 , 𝐿3 , stablished by a Book-

mark process [Borsboom, D., & Molenaar, D., 2015], a standard procedure based on 

psychometrical and qualitative analysis for establishing the threshold for splitting stu-

dents who do not meet the minimum proficiency level specified by the cut off point 𝜓1 

[Borsboom, D., & Molenaar, D., 2015]. Students performing at Level 1 (𝐿1) exhibit 

significant learning deficits that hinder continued educational growth, situating them in 

conditions of learning deprivation and, potentially, social vulnerability. Conversely, 

students performing at Level 3 (𝐿3) belong to the highest level, corresponding to con-

solidated knowledge that enable the acquisition of more complex competencies. The 

distribution of students across these levels—expressed as rates—serves as a key diag-

nostic indicator of educational equity and helps to highlight gaps within the system 

(Sánchez-Restrepo, H. & Carmona-Soto, M.B., 2023).  
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𝐸[𝒩𝑡(𝛷, 𝐿1 , 𝐶𝑘)] =  𝐸   𝕀𝑖 ,𝑡(𝜃𝑖 ; 𝛷,  𝐶𝑘)|𝒩𝑡(𝐶𝑘) = 𝑛

𝒩𝑡 (𝐶𝑘 )

𝑗 =1

 ∙ 𝑃[𝒩𝑡(𝐶𝑘) = 𝑛]

∞

𝑛=0

(3) 

=  𝐸   𝕀𝑖 ,𝑡(𝜃𝑖 ; 𝛷, 𝐿1 , 𝐶𝑘)|𝒩𝑡(𝐶𝑘) = 𝑛

𝐸[𝒩𝑡 (𝐶𝑘 )]

𝑗 =1

 ∙ 𝑃[𝒩𝑡(𝐶𝑘) = 𝑛]

∞

𝑛=0

 

=  𝑛𝑡 ∙ 𝐸[𝕀𝑖 ,𝑡(𝜃𝑖 ; 𝛷, 𝐿1 , 𝐶𝑘)] ∙ 𝑃[𝒩𝑡(𝐶𝑘) = 𝑛]

∞

𝑛=0

 

= 𝐸[𝕀𝑖 ,𝑡(𝜃𝑖 ; 𝛷, 𝐿1 , 𝐶𝑘)] ∙  𝑛𝑡 ∙ 𝑃[𝒩𝑡(𝐶𝑘) = 𝑛]

∞

𝑛=0

 

𝔼[𝕀𝑡(𝜃𝑖 ; 𝛷, 𝐿1 , 𝐶𝑘)] ∙ 𝔼[𝒩𝑡(𝛷, 𝐶𝑘)] = 𝑷[(𝜃𝑖 < 𝜓1; 𝛷, 𝐿1 ,𝐶𝑘)] ∙ 𝑛𝑡(𝛷, 𝐶𝑘)  

                                = 𝑝𝐿1
(𝛷, 𝐶𝑘) ∙ 𝑛𝑡(𝛷, 𝐶𝑘) (4) 

Given that Ω(Φ, 𝐶𝑘) is the total population of students in the community 𝐶𝑘  and 

𝑛𝑡(Φ, 𝐶𝑘) is the expectation of this RV, then 𝑝𝐿1
(Φ, 𝐶𝑘) is the probability of any student 

in the subset 𝐶𝑘  might be learning deprived, i.e., that it is located at level 𝐿1, then, we 

have the following general equation 

𝑝𝐿1
(𝛷, 𝐶𝑘) =

𝑛𝑡(𝛷, 𝐿1, 𝐶𝑘)

𝑛𝑡(𝛷, 𝐶𝑘)
=  𝐻(𝛷, 𝐶𝑘) (5) 

Equation (3) establishes the statistical way for estimating the RAD for any subset 

Ω𝐶𝑘
(Φ). In fact, the equation is held for any family of thresholds  𝐿𝑘 𝑘>0. Considering 

different communities, stratification, SES categories, and all levels of achievement, the 

general expression for estimating 𝑛(Φ; 𝐿1 , 𝜀𝑔 , 𝐷𝑗 , 𝐶) becomes 

𝑛(𝛷, 𝐿1 , 𝜀𝑔 , 𝐷𝑗 , 𝐶) =  𝑛𝑝(𝛷, 𝐿1 , 𝜀𝑖 , 𝐷𝑗𝐶) =

𝑞

𝑝=1

  𝑛𝑤(𝛷, 𝐿1, 𝜀𝑖 , 𝐷𝑗 , 𝐶𝑘)

𝑇

𝑘=1

𝑞

𝑤=1

(6) 

In equation (4), the number 𝑛(Φ; 𝐿1 , 𝜀𝑔 ,𝐷𝑗 , 𝐶) represents the weighted population 

group of students divided by a partition with q categories, bounded by the stratum 𝜀𝑔 , 

coming from the SES-decile 𝐷𝑗 , collecting all cases through the space 𝑘 = 1,2,3 …𝑇, 

where T is a finite number of communities among students suffering learning depriva-

tion, grouped by 𝐿1. 

3.3. Relative Deprivation 

 

After having a partition of all those students deprived of learning, a natural question 

is how deep the level of deprivation of each of them is, a concept linked with sociolog-

ical proposal that states that 'needs, thresholds and satisfactions are determined by each 

society', objectively defined by the cut-off point 𝜓1. For each deprived student, i.e.,  
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each student in the 𝐿1-group has a measure of the deepeness of her/his deprivation 

given by the Relative deprivation index (Red) (Sánchez-Restrepo, H., 2018; 2021), 

which can be estimated through the RV 

𝛬𝑖(𝜃𝑖 ; 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘) ∈ [0,1] (7) 

This RV measures the intensity of learning deprivation as a real value showing the 

gap between the ability’ student and the first cut-off point 𝜓1, named the relative dep-

rivation index (𝑅𝑒𝑑𝑖), a distance function of the ability 𝜃𝑖  considering the trajectory 

given by the function (SF) 𝑆Λ 𝑖
(𝜃𝑖 ; Φ, 𝐶𝑘) = 1 − 𝐹Λ 𝑖

(𝜃𝑖 ; Φ, 𝐶𝑘), the complement of the 

probability distribution function (PDF), 𝐹Λ 𝑖
(𝑠; 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘) = 𝑷[(𝜃𝑖 < 𝑠|𝐿1 , 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘)], 

where the inclusion of 𝐿1 as a restriction of the measure space implies the boundary 

𝜓0 < 𝑠 < 𝜓1. Equation (6) shows the analitycal relationship among functions 

𝑆𝛬𝑖
(𝜃𝑖 ; 𝛷, 𝐶𝑘) = 1 −  𝑑𝐹𝛬(𝑠; 𝛷, 𝜀𝑔 ,𝐷𝑗 , 𝐶𝑘)𝑑𝑠

𝜃𝑖

𝜓0

=  𝑑𝐹𝛬(𝑠; 𝛷, 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘)𝑑𝑠

𝜓1

𝜃𝑖

(8) 

Now, as define for equation (1), every student in the sub-space Ω(Φ, 𝐶𝑘) follow the 

same distribution of abilities and given that the subset of RV are i.i.d, their individual 

expectation Λ(Φ, 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘) is given by the equation (7) 

𝔼[𝛬(𝛷, 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘)] =  𝑠 ∙ 𝑑𝐹𝛬(𝑠; 𝛷, 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘)𝑑𝑠

𝜓1

𝜓0

= 𝜆(𝛷, 𝜀𝑔 , 𝐷𝑗 , 𝐶𝑘) (9) 

3.4. Learning Deprivation Index 

 

From the two measures explained in the previous sections, it might be useful to have 

a synthetic index for representing learning deprivation of groups of students for differ-

ent strata, population groups, or territorial demarcations of interest. The Learning Dep-

rivation Index (LDI) is a composition of RAD and Red indexes as a compound stochas-

tic process (CSP) of both stochastic processes [Sanchez-Restrepo, H. & Jorge Louçã, 

2019], which is equivalent to adding the intensity functions of all students in 𝐿1, and 

weighting the result for all students grouped by 𝒩𝑡(Φ; 𝜀𝑔 , 𝐷𝑗 , 𝐶). As shown in equation 

(7), 𝐿𝐷𝐼𝑡(Φ, 𝐶𝑘), denoted by 𝛿𝑡(Φ, 𝐶𝑘), It is a synthetic measure of total learning dep-

rivation (TLD), observed in the student universe Ω(Φ, 𝐶𝑘), at point t, which can be 

estimated by aggregating the individual deprivation of each of the realizations, i.e., the 

expectation of the CSP, which can be written as follows 

𝛿𝑡(𝛷, 𝐶𝑘) = 𝔼   𝕀𝑡(𝜃𝑖 ; 𝛷, 𝐿1 , 𝐶𝑘) ∙ 𝛬(𝜃𝑖 ; 𝛷, 𝐶𝑘)

𝒩𝑡 (𝐶𝑘 )

∀𝑖∈𝐿1

 (10) 

Given the counting process 𝒩𝑡  is independent generated from the random variable 

𝛬(𝜃𝑖 ; 𝛷, 𝐶𝑘), and 𝕀𝑡(𝜃𝑖 ; Φ, 𝐿1, 𝐶𝑘), equation (9) holds for any sub-space (Φ, 𝐶𝑘) 
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𝛿𝑡(𝛷, 𝐶𝑘) = 𝔼[𝒩𝑡(𝛷, 𝐶𝑘)] ∙ 𝔼[𝕀𝑡(𝜃𝑖 ; 𝛷, 𝐿1 , 𝐶𝑘)] ∙ 𝔼[𝛬(𝜃𝑖 ; 𝛷, 𝐶𝑘)] 

= 𝑝𝐿1
(𝛷, 𝐶𝑘)  ∙ 𝜆𝑖(𝛷, 𝐶𝑘) =  𝐻(𝛷, 𝐶𝑘) ∙ 𝜆𝑖(𝛷, 𝐶𝑘) (11) 

Because the LDI is a standardized and bounded metric, it provides a consistent basis 

for comparing different subsets of students. This stability makes it particularly valuable 

for assessing the magnitude of learning gaps across time and regions, both in terms of 

the absolute rate of learning deprivation and the intensity of that deprivation (Λ𝑘 ).For 

NLA25-9, 𝑛(Ω, 𝐿1) = 43 280, 𝑛(Ω, 𝐿2) = 17 661 and 𝑛(Ω, 𝐿3) = 22 859. Thus, the 

rate of absolute deprivation 𝐻(Ω) = 0.5165 points out that a little bit more than 1 in 2 

students have not learned the minimum expected. Regarding gender, the rates 

𝐻(Ω, 𝑀𝑎𝑙𝑒) = 0.5428 and 𝐻(Ω, 𝐹𝑒𝑚𝑎𝑙𝑒) = 0.4901 states that men experience a 

higher rate of deprivation, the gap of −0.0527 represents 10.8% of more male students 

in this group, confirming a global phenomenon: women tend to develop better learning 

in literacy [Marta, E. M., & Michelle, C., 2023].  

4. Unveiling the key factors 

4.1. Socioeconomic status 

 

The analysis of educational deprivation across socioeconomic deciles reveals a pro-

nounced and consistent gradient, underscoring how socioeconomic status fundamen-

tally shapes vulnerability, further compounded by persistent gender disparities. Table 

1 presents the statistics of the three main indicators of deprivation. At student-level, 

results indicated that ISEC was negatively correlated with absolute learning deprivation 

(𝑟𝑀 = −0.233 and 𝑟𝐹 = −0.262, 𝑝 < 0.001), and once being deprived also with the 

intensity of deprivation (𝑟𝑀 = −0.125 and 𝑟𝐹 = −0.135, 𝑝 < 0.001). This monoto-

nous inverse relationship shows that educational risk peaks at the lowest end of the 

socioeconomic spectrum. 

When grouping by deciles, correlations among SES, RAD, Red and LDI become 

higher than 0.95, giving a clear opportunity for measuring gaps between advantaged 

and disadvantaged students. For instance, the RAD metric—reflecting systemic failure 

to ensure foundational learning—registers a value nearly 2.3 times greater for the most 

socioeconomically disadvantaged male students (D01: 0.689), than for the most advan-

taged female students (D10: 0.235). If one compares the gender gaps found, it is inter-

esting to note that the pattern persists in simple and composite indicators. For the poor-

est male students, the LDI exceeds three times the deprivation observed among the 

wealthiest male students ((D01: 0.138 vs D10: 0.045), highlighting the cumulative and 

disproportionate impact of deprivation on the poor. However, a closer look at relative 

deprivation states that disadvantaged groups falls within a closer range (D01 Male: 

0.200 vs. D10 Male: 0.148). Both metrics indicate that poverty is the dominant struc-

tural determinant, while mechanisms influencing outcomes among the deprived appear 

less sensitive to extremes of SES distribution [Hanushek & Woessmann, 2020].  
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Table 1. Socioeconomic distribution of learning deprivation indicators by gender. 

 
Note. SES-deciles are estimated among all participant students, including public and 

private schools. RAD and Red were estimated directly from cut-off point of Literacy 

ability’s continuous latent variable. Standard errors are calculated at 𝑝 < 0.05. 

 
Fig. 1. In the left side, plotting RAD against Red shows socioeconomic gradients. The 

right plot displays the LDI, highlighting gender disparities across SES deciles.  

Note: gender is coded as female = 1 and male = 0. Standard errors are reported at a 

significance level of p < 0.05. 

 

Regarding gender disparity, Figure 1 illustrates a clear, statistically significant pat-

tern across the entire socioeconomic distribution: males consistently exhibit higher dep-

rivation metrics than females in nearly all deciles. This trend is evident in RAD and 

Red indexes, as well as in the compound index LDI. This robust finding reinforces the 

interpretation of gender as an independent axis of educational vulnerability that inter-

acts with, but is not fully explained by, socioeconomic stratification. The data suggest  
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the need for interventions that specifically address the unique risk factors contrib-

uting to male underperformance in foundational skills. 

4.2. Resilient and Privileged Networks 

 

Following the data-driven definition approach of ARL, the HLL dataset (𝐿3) was 

constructed by selecting students from the two lowest and two highest SES deciles. 

Subsequently, students within 𝐿3were classified into two groups: privileged (𝐿3
𝑄5

) and 

resilient (𝐿3
𝑄1

). From the initial population of 83,600 students, 16,760 (20%) were se-

lected from 859 schools (80.6%), with female students representing 53.7% of the group. 

Among these low-SES students, 2 673 (16.1%) were identified as ARL, coming from 

603 (56.6%) schools, where 55.2% of them are females. For avoiding bias due to pos-

sible exceptional conditions associated with private schools, 113 students (0.7%) were 

removed from the analysis. For estimating the matrix 𝐑, all entries were estimated by 

the Spearman rank, a method that provides a valuable nonparametric approach for iden-

tifying structured dependencies in complex datasets [Zhu, J. et al 2023]. By ranking rather 

than directly comparing raw data values, it effectively captures the monotonic associa-

tion between variables—reflecting consistent directional changes, whether increasing 

or decreasing, across attributes [Hauke & Kossowski, 2011; Schober P, Boer C, Schwarte 

LA, 2018], a property especially suitable for exploring nonlinear or irregular patterns 

that still preserve ordered relationships. 

 

 
Fig. 1. Correlation matrices among factors for two student groups: Resilient students 

(HP-Q1, left side) and Privileged students (HP-Q5, right side). Only correlations be-

tween factors where 𝜌𝑖 ,𝑗 > 0.2 (p < .001) were considered for analysis.  

Note. For SES, L1C=1, L3=5. For SES, Q1=1, Q5=5. SES and Level of Performance 

are partitions based on cut-off points of continuous latent variables.  

 

The matrix for the whole dataset has 114 variables and its 6 555 entries includes 

autocorrelations. As can be expected, statistical significance of the covariances among 

factors is conditional to each subpopulation group, that help to explain why it is highly 

informative about the underlying structure of each group of students. For analyzing 

Resilient students Privileged students 

0.2

0.5
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equivalent to control the level of achievement for Q1 and Q5 and grouping them by 

SES to contrast. Figure 2 illustrates that the two matrices exhibit distinct patterns and 

varying levels of correlation, providing an effective way to identify and emphasize the 

factors common to both groups. This way of segmenting is highly informative about the 

underlying structure of the group, as the statistical significance of the covariances 

among factors is conditional to the dataset of students [Schober P, Boer C, Schwarte LA, 

2018]. For removing noise and excess of misinformation, both matrices 𝐑(𝐿3
𝑄1) and 

𝐑(𝐿3
𝑄5) were reduced for being just positive defined matrices—based on the sign of 

correlations— for all pairs of variables that were statistically significant (p<0.001) and 

they became the adjacency matrices, where the remaining number of positive entries 

for 𝐑+(𝐿3
𝑄1) is 967 (14.75%), and for 𝐑+(𝐿3

𝑄5) is 783 (11.95%).  

4.3. Network Topology Divergence 

 

The academic factor networks were constructed by defining every factor, repre-

sented by a related variable with a statistically significant correlation, as a node in the 

network. Edges were established between any pair of nodes with a calculated value in 

the adjacency matrix, where the weight of each edge corresponds to the correlation 

coefficient between those nodes (Bolt T.S., et al., 2016). This methodology laid the 

fundamental procedure for carrying out the subsequent comparative computation of 

both local and global metrics across the two segmented networks. The initial adjacency 

matrices for the resilient and privileged students revealed highly dense network struc-

tures. Specifically, the 𝐍+(𝐿3
𝑄1) matrix initially comprised 853 edges among 31 nodes, 

while the 𝐍+(𝐿3
𝑄5) matrix featured 669 edges among 28 nodes. To ensure topological 

clarity and efficiency in the subsequent analysis, the methodology of averaging parallel 

edges was applied, reducing the networks' dimensionality to 158 non-parallel edges (31 

nodes) and 124 non-parallel edges (28 nodes), respectively. Following this crucial data 

simplification, we proceeded to calculate the core centrality measures and Betweenness 

centrality was prioritized among these metrics, as it is essential for identifying the spe-

cific nodes that mediate the flow of influence, thereby acting as indispensable structural 

bridges within each resource network [Oldham et al., 2019]. 

The comparative analysis of centrality metrics—Closeness, Harmonic closeness, 

and Betweenness (see Table 2)—confirms a fundamental divergence in structural strat-

egy underpinning high academic performance between the resilient and privileged stu-

dents. In both networks, Emotional Well-Being acts as the single most critical bottle-

neck (Q1: 0.32; 𝑄5: 0.33), affirming its role as the non-negotiable structural prerequi-

site for the flow of all other resources, regardless of socioeconomic status [Newman, 

M. E. J., 2018]. The capacity to regulate emotion and maintain well-being appears like 

the single most important factor for controlling the flow of all other academic and social 

resources into the high-performance system. However, the resilient network employs 

topological substitution [Liu, C., Ding, J., Song, Y., & Li, Y., 2024] by forcing key 

internal assets into mediating roles: the factors associated with internal effort, such as 

Metacognition (𝑄1: 0.007 vs. 𝑄5: 0.00), and Study habits (𝑄1: 0.06 vs. 𝑄5: 0.00), are  
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structurally integrated as necessary bridges within the Q1 system, yet remain periph-

eral in the Q5 system.  

While the privileged network exhibits slightly higher overall closeness centrality for 

key socioemotional factors—suggesting marginally faster access to core resources—

the Q1 system demonstrates a pronounced functional necessity by structurally integrat-

ing active self-management processes (e.g., Emotional Regulation, 𝑄5: 0.02 vs. 

𝑄5: 0.00) to overcome resource scarcity [Borsboom et al., 2021]. The comparison here 

is not simply in the value, but in the distribution: a high, concentrated Betweenness in 

the resilient network implies dependence on structural compensators (e.g., self-regula-

tion skills), whereas a low, distributed Betweenness in the privileged students network 

signals robust redundancy across resources. Closeness centrality further quantifies the 

efficiency of access, determining how quickly a factor can activate the entire resource 

network, thereby measuring the overall speed of adaptive. 

 

Table 1. Network parameters for resilient and privileged students. 

 

Note. All edges are undirected. Coefficients Closeness centrality, Harmonic closeness 

centrality and Betweenness centrality are normalize centralities [0,1]. All factors are 

supposed to be latent variables. Coefficients cannot be converted into an odds ratio. 

Katz 

Centrality

Eigen 

centrality
Clustering

Modularity 

class
Authority

Betweeness 

centrality

Harmonic 

closness 

centrality

Closness 

centrality

Weighted 

DegreeFactor

Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5Q1Q5

0.410.40310.040.030.310.240.310.240.330.320.820.780.720.704.654.74Emotional Well-Being

0.450.43220.040.040.320.290.320.290.230.210.810.820.700.704.925.87Cooperation

0.500.40310.020.020.030.030.030.030.100.100.530.540.460.482.202.29Sense of Belonging

0.600.50420.020.020.070.070.070.070.060.090.570.590.510.522.152.85Bullying

0.000.33010.010.020.000.020.000.020.000.070.000.500.000.450.581.30Achievement Level

0.670.29110.010.020.020.070.020.070.000.060.430.580.380.491.182.55Study Habits

0.770.63200.030.030.280.280.280.280.010.040.710.740.590.613.665.04Self-Efficacy

0.700.63200.030.030.250.280.250.280.070.040.690.740.580.613.414.54Motivation

0.690.63200.030.030.280.260.280.260.010.040.710.720.590.603.784.82Metacognition

0.670.60310.010.010.030.020.030.020.030.030.510.510.460.451.802.22Family Support

0.710.85200.020.030.220.240.220.240.070.020.670.700.570.602.353.25Self-Control

0.820.80200.020.030.180.240.180.240.000.020.600.690.520.592.724.00Emotional Regulation

1.000.67420.010.020.010.050.010.050.000.020.420.560.360.501.702.29School Violence

0.830.60420.010.010.040.050.040.050.010.010.530.530.460.451.021.28School Climate

0.330.40310.010.010.050.050.050.050.000.010.480.540.440.491.832.21Vitality

0.860.84200.020.020.220.190.220.190.000.010.640.630.540.542.062.50Cognitive Strategies

1.000.33420.010.010.000.020.000.020.000.010.360.480.320.430.801.07Satisfaction with Interactions

0.600.70420.020.010.040.010.040.010.080.000.540.440.460.371.982.15School Satisfaction

0.760.87200.030.030.280.270.280.270.010.000.710.710.590.593.994.76Attentional Control

0.630.87200.030.030.290.270.290.270.010.000.720.710.590.593.844.61Civic Engagement

0.770.87200.030.030.260.270.260.270.010.000.690.710.580.593.524.44Empathy

0.810.87200.020.030.160.270.160.270.000.000.580.710.500.592.184.23Assertive Communication

0.540.90200.030.030.300.250.300.250.040.000.740.690.600.584.564.17Leadership

0.000.33110.010.010.020.050.020.050.000.000.440.520.380.480.450.68Gender

0.800.89200.020.030.240.250.240.250.000.000.660.660.550.522.793.99Growth Mindset

0.790.92200.020.020.180.220.180.220.000.000.580.630.470.502.263.39Emotional Awareness

0.0020.010.010.010.000.380.340.22Household Composition

1.001.00310.010.010.010.000.010.000.000.000.370.380.330.331.641.66Teacher Support

0.000.00310.010.010.000.000.000.000.000.000.350.360.320.330.400.24Environmental Safety

0.0010.010.000.000.000.340.320.22Attendance and Punctuality

1.0000.010.060.060.000.460.400.71Expectations

0.410.40310.040.030.310.240.310.240.330.320.820.780.720.704.654.74Emotional Well-Being

6.893.901.001.001.001.007.0012.000.290.320.240.190.820.820.700.726.245.30Max   

1.251.250.000.000.000.002.003.000.000.000.000.000.000.000.000.002.001.76Min    

3.792.290.460.400.630.573.446.500.130.130.020.020.540.480.460.413.713.15

2.190.950.400.380.290.321.722.380.120.120.050.040.220.260.180.221.361.11
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For both networks, color of the nodes represents the Modularity class, their size rep-

resents Katz centrality coefficient, and their label size Betweenness centrality. In this 

study, Modularity is employed to identify densely connected communities of factors, 

providing structural evidence on whether the resilient group exhibits a highly integrated 

resource ecology (low modularity, typically indicating that resources operate synergis-

tically) or a fragmented configuration. In parallel, the Clustering coefficient offers a 

local measure of network density around each node, signalling the presence of tightly 

knit functional reinforcement among immediate neighbours [Masuda et al., 2024]. To-

gether, these metrics supply the quantitative foundation necessary to advance from 

mere correlational observations to structural and causal inferences regarding the effec-

tiveness of distinct academic pathways. 

 
Fig. 1. Academic Factor Correlation Networks. The figure illustrates the structural and 

topological differences in resource organization between resilient (HP-Q1, left) and 

privileged (HP-Q5, right) high-performing students, quantified by node centralities and 

modular partitioning.  

 

The comparative analysis of network topological properties provides evidence for a 

mechanism of structural compensation utilized by resilient students. While the privi-

leged network maintains high performance through the stability of diffuse, redundant 

resources—evidenced by low variability in influence and moderate Clustering—, the 

resilient topology achieves success through highly optimized structural necessity. Spe-

cifically, the HP-Q1 network demonstrates enhanced structural efficiency (Katz cen-

trality 𝐾𝑄1 = 2.86 vs. 𝐾𝑄5 = 2.02), where the factor Cooperation exerting the maxi-

mum total reach is much bigger than that of the Q5 network (5.04 vs. 3.25). This out-

come is likely achieved through the strategic positioning of internal factors: core socio-

cognitive skills such as Attentional Control, Self-Efficacy, and Metacognition remain 

highly stable and are functionally integrated within the central module—reflected by 

low modularity class counts—thereby forming a cohesive and reliable resource ecosys-

tem [Masuda et al., 2018; 2024]. Furthermore, high Eigenvector Centrality scores for 

these Q1 factors (e.g., Self-Efficacy at 4.73 vs. Q5 at 2.94 and Self-Efficacy at 4.73 vs. 

Q5 at 2.76) confirm that resilient students leverage the highest-quality network  

Resilient students Network (HP-Q1) Privileged students Network (HP-Q5)
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connections, substituting the systemic security of wealth with amplified relational 

influence and local cohesion (Clustering coefficient ≈0.87 for key factors).  

On the other hand, resilient students are structurally forced to channel the resource 

flow through their own cognitive regulation (Self-Efficacy, Metacognition). In this 

sense, the factor Bullying holds a high bridging position in Q1, suggesting that manag-

ing environmental threat is an integrated, active mechanism needed to sustain perfor-

mance. In privileged networks, factors such as attentional control, self-efficacy, and 

civic participation appear substantially less influential in achieving comparable cogni-

tive outcomes than within the resilient student group. For Q1, key bridging roles—

irrelevant in Q5—are held by factors such as Achievement Level (0.07), Study Habits 

(0.06), and Metacognition (0.04), indicating a reliance on stability and general content-

ment rather than on acute self-management strategies. 

5. Discussion 

This study conducted a systematic examination of the structural interplay between 

academic and socio-cognitive factors and high achievement across contrasting socio-

economic contexts, introducing a network-based conceptualization of resilience. De-

parting from traditional approaches that isolate variance in single predictors, this frame-

work models the entire multivariate resource ecosystem, enabling the identification of 

specific topological mechanisms—rather than simple bivariate associations—that dif-

ferentiate students who overcome socioeconomic disadvantage from their privileged 

high-performing peers. These findings represent a substantive shift from linear models, 

demonstrating how structural reorganization compensates for resource scarcity. Results 

indicate that high performance, irrespective of socioeconomic background, is funda-

mentally mediated by the stability of the resource network. This underscores the pro-

nounced structural differences between high-achieving students from disadvantaged 

and privileged backgrounds, driven by topological substitution mechanisms whereby 

resilient learners strategically leverage internal resources—such as self-knowledge, 

metacognition, and study habits—to mediate and compensate for socioeconomic dis-

advantages. 

5.1. Topological invariants of academic success 

 

These new pieces of evidence confirm that resilience is not solely an individual trait 

but also deeply embedded within relational and structural contexts, suggesting that re-

silience should not be conceived as a stable personal attribute but rather as a dynamic 

and adaptive process emerging through the continuous interplay of individual, familial, 

and institutional factors [Wang, F., 2025]. Within this approach, it might be a deliberate 

topological reorganization where internal, controllable assets assume maximal func-

tional necessity to maintain performance despite external disadvantage [Borsboom et 

al., 2021]. From this point of view, phenomenon moves beyond simple trait psychol-

ogy, and it becomes an observable, structural efficacy of a student's resource network. 

While the privileged cohort relies on systemic redundancy and broadly distributed in-

fluence, the resilient cohort executes a strategy of forced efficiency, where success is 
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this sense, the resilient topology is primarily defined by the concentration of influ-

ence metrics, confirming that the resilient network holds a significantly higher average 

cumulative systemic reach, demonstrating that the resilient system's factors work harder 

and connect better on average. This efficiency might be achieved by elevating internal, 

controllable assets—such as Attentional control and Self-efficacy—to positions of max-

imum functional necessity, compelling them to act as powerful structural organizers 

that channel influence across the entire system. This concentrated efficiency also might 

be supported by Strategic resource integration by exhibiting remarkably low Modularity 

class counts, signifying a highly integrated and stable functional core that resists frag-

mentation. In this regard, it was found that compelling structural evidence for a univer-

sal functional core is necessary for high performance, irrespective of socioeconomic 

background, suggesting that factors such as Emotional Well-being (identified as the 

universal system bottleneck via Betweenness Centrality) and Cooperation (a primary 

structural bridge) must be highly organized and integrated in both the resilient and priv-

ileged groups [Newman, M. E. J., 2018]. Thus, while resources may differ wildly, the 

structural capacity to regulate emotion and engage collaboratively is the fundamental, 

non-negotiable topological prerequisite for maintaining any high-achieving academic 

trajectory, suggesting that no amount of privilege can buy freedom from the necessity 

of good emotional and relational plumbing. 

5.2. Internalized control: cognitive factors as structural mediators of resilience 

 

The most crucial finding resides in the stark contrast between the factors that define 

the structural integrity of each network, illustrating the core difference between redun-

dancy and adaptation. In the privileged cohort, the secondary structural mediators are 

predominantly stable, external factors like School satisfaction and Sense of belonging, 

reflecting a system organized by general contentment and security. Conversely, the re-

silient cohort structurally substitutes these buffers by dramatically elevating internal, 

performance-oriented resources—specifically, Attentional control, Self-efficacy, and 

Metacognition—into high-betweenness positions. This disparity illustrates the mecha-

nism of topological substitution: whereas the network of advantaged students maintains 

stability passively through established resources, the network of resilient students must 

actively mobilize controllable cognitive factors as structural linchpins, channelling re-

source flow through deliberate self-management strategies to compensate for funda-

mental deficits in socioeconomic and cultural capital [Borsboom et al., 2021].  

The resilient student does not just work harder; their internal resources operate in a 

vastly different, more efficient structural role. High Clustering coefficients around crit-

ical factors confirm that skills are not isolated but are tightly reinforced by synergistic 

local habits, creating reliable internal feedback loops [Masuda et al., 2018]. In essence, 

the resilient academic trajectory is defined by topological substitution. In this sense, the 

system effectively replaces the structural security provided by external wealth with the 

overwhelming functional necessity of internal self-mastery. The result is a specialized, 

high-intensity structure that is more efficient, strategically organized, and adaptable, 

demonstrating that resilience is a quantifiable structural phenomenon of optimal organ-

ization imposed upon a limited resource budget [Borsboom et al., 2021]. 
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The success mechanism of resilient students appears to involve the structural eleva-

tion of socio-emotional factors—particularly Emotional Regulation, Assertive Com-

munication, and Growth Mindset—as compensatory assets within their network topol-

ogy. Assertive Communication gains notable structural weight (high Katz Centrality) 

by serving as a key mechanism through which resilient students actively seek, secure, 

and leverage limited support from external agents such as teachers or peers. Emotional 

Regulation contributes by mitigating the volatility inherent in low-SES environments, 

helping to preserve the integrity of the internal resource system. Similarly, Growth 

Mindset, as a foundational belief, reinforces positive feedback loops within the net-

work, sustaining the levels of Self-Efficacy necessary to maintain effort despite persis-

tent adversity. These factors are not merely peripheral soft skills; rather, they function 

as an actively managed socio-emotional infrastructure that supports effective resource 

integration. 

Despite the novel insights provided by complex network analysis into the structural 

basis of academic resilience, several methodological limitations warrant consideration 

for future work. First, the construction of the network relied on correlation matrices, 

which, by definition, capture co-occurrence rather than direct causal pathways. While 

the use of betweenness centrality provides strong evidence for functional control, lon-

gitudinal data is imperative to validate the directionality and sequence of influence 

among these socio-cognitive factors [Ye, W., et al 2021]. Second, the results are derived 

from a specific population subset (high-performing students in extreme socioeconomic 

quintiles), limiting the generalizability of the specific compensatory mechanisms iden-

tified to the broader population of all students facing adversity. Future research must, 

therefore, employ Dynamic Network Analysis (DNA) to track network evolution over 

time, confirming whether the observed topological structures—such as the high Close-

ness of Attentional Control—are stable adaptive strategies or transient responses to spe-

cific stressors. Finally, the role of specific contextual factors (like Bullying and Teacher 

support), which showed high volatility in their modular assignment, requires multi-

level network modeling to properly nest student-level interactions within the school's 

structural environment. The necessity of strategic resource allocation remains a critical 

challenge for educational micro-planning and effective policy design.  
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CHAPTER 9 

Chapter 9. Conclusion and Perspectives 
 

 

8.1. A three-phase project 

 

From the beginning of this doctoral thesis, the core of this research has been that educational 

inequality cannot be fully understood through the lens of determinism or linear statistical or 

econometrical models. As argued in Chapter 1, the “general linear reality” [Abbott, 1988] has 

allowed researchers to describe achievement gaps but has often struggled to explain the 

mechanisms of their persistence. By adopting the ontology of Complex systems and Network 

science, we propose a foundational change in the educational paradigm for quantitative 

research, claiming that this approach offers powerful concepts for building new constructs and 

hierarchies to understand educational phenomena, as well as for analyzing inequality in learning 

outcomes. As can be expected, the transition from linear to complex models does not eliminate 

uncertainty; rather, it shifts the focus from attribute uncertainty to interaction uncertainty. 

During this research project, three well-defined phases can be recognized. The first one, 

reflected in chapters 2, 3, and 4, showed how educational systems can be described as networks 

and that their parameters and topological features might offer highly valuable information for 

characterizing population groups and other spatial or artificial partitions of students and 

schools, as well as providing insights and thresholds for contrasting hypotheses. One aspect to 

consider is that the data used in these chapters are largely drawn from one or more Latin 

American countries during a specific assessment window. While our models successfully 

unveil some factors related to structural inequality, it is important to keep in mind that they 

capture a static snapshot of a process that changes slowly but remains dynamic, potentially 

giving a “frozen” view of the topology and other features that should be investigated in the 

coming years to understand their evolution. In this sense, while we identified that non-

educational factors— SES or ethnicity—act as rigid topological constraints, the mechanism by 

which a factor evolves from a peripheral node to a central hub—or devolves into isolation—, a 

significant aspect for policy, remains as an open question that our current methodology has not 

answered yet and should be tested across the temporal evolution of these constraints. There is 

no doubt that future research should go in this direction to estimate transition probabilities to 
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different states—providing order parameters for the system— rather than just measuring the 

current state—as classical theory does through statistical expectations. 

The second phase focused on extending the analysis to multiple systems and on comparing 

gaps and structural inequality across 15 Latin American countries (Chapters 5 and 6). In this 

part of the research, we found a striking “regional isomorphism” in the structure of deprivation 

across them. The data suggest that, regardless of a country's wealth, students' family 

socioeconomic status is a determinant for suffering learning deprivation. Furthermore, while it 

is true that the intensity of inequality in learning emerges consistently across all scales, the 

variation in the quality, quantity, and granularity of available official data varies from country 

to country, including that reported to international organizations, which introduces a layer of 

noise that our current models may not filter out. There is a small risk of overgeneralizing the 

“Latin American” results by smoothing over local events or how they have managed the 

COVID-19 pandemic. When comparing countries, it is unclear, for instance, whether the 

observed structural similarities are due to shared educational foundations or simply to having a 

similar economic development stage. The tension between the discovered regional structure 

and the specific “local modulations” remains a fertile ground for investigation, especially with 

UNESCO’s forthcoming results available at the end of 2026. 

The third phase consolidates results and opens new opportunities for the project. Departing 

from traditional approaches based on maximizing additive predictors—or to obtain an additive 

specification—our model examines the multivariate resource ecosystem and its interactions, 

analyzing the structural interplay between academic and socio-cognitive factors that drive high 

achievers across diverse socioeconomic settings. Moreover, incorporates a network-based 

definition of resilience, enabling the identification of specific topological mechanisms—rather 

than simple bivariate associations—that differentiate students who overcome socioeconomic 

disadvantage from their privileged high-performing peers. These findings are crucial because 

they are impossible to extract from econometric models, as they demonstrate how structural 

reorganization is implemented to compensate for resource scarcity, and indicate that high 

academic achievement, regardless of socioeconomic context, is fundamentally mediated by the 

stability of the resource network. Once again, the stark structural differences between high-

achieving students from disadvantaged and privileged backgrounds, driven by topological 

substitution mechanisms whereby resilient learners strategically leverage internal resources—

such as Self-knowledge, Metacognition, and Study habits. These mechanisms mediate and 

compensate for socioeconomic disadvantages, providing the concept of topological 

substitution, a significant theoretical advancement with the potential to be incorporated into the 
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jargon of educational research, in which resilient students rewire their networks to rely on 

internal nodes such as Self-Efficacy and Attentional control. 

 

8.2. Methodological Constraints and Opportunities 

 

The validity of the conclusions presented in this compendium is bound by specific constraints 

that define the scope for future inquiry: 

1. Most of the networks constructed in this thesis are based on cross-sectional data from 

specific years. Educational systems are adaptive; they change in response to policy 

interventions, economic crises, and migration patterns, especially after pandemics such 

as COVID-19. A longitudinal network analysis based on a longitudinal data panel is 

necessary to go beyond and develop stronger, more plausible simulation scenarios. 

2. In translating social phenomena into nodes and edges, we rely on proxies, e.g., using the 

level of studies or the kind of job of the parents as a proxy for cultural capital. While 

standard in the field, these proxies are imperfect measures of the rich, qualitative reality 

of a student's life. However, regarding the map is an approach to the territory, and that 

our topological map is an abstraction that inevitably loses some sociological nuance, the 

big numbers offer stable insights and conclusions in most cases. 

3. While network science allows for strong inferences about structural dependencies, it 

does not inherently prove causality. We can assert that resilient students have a specific 

network structure. Still, we cannot definitively prove that the structure caused resilience 

without experimental or quasi-experimental designs, which might be feasible within the 

longitudinal data panel mentioned above. 

 

Yet, this finding invites critical scrutiny of the nature of academic resilience and other positive 

educational phenomena, given that the network analysis identifies that this substitution occurs 

but does not explain its cost. In this sense, it might be plausible that the “rewiring process” 

imposes a high cognitive, emotional, or social tax on students from the most deprived 

backgrounds, potentially leading to burnout or “John Henryism”—when people face prolonged 

adversity, such as inequality or discrimination, the effort required to thrive will harm their 

health due to stress later in life. Seen this way, topological substitution should not be celebrated 

as a mechanism of agency or an individual's triumph but rather conceived as a survival strategy 

that highlights the system's failure. In this sense, it might be helpful to remember that LSA's 
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data used to be limited to educational outcomes, far away from potential negative externalities. 

In the future, it would be desirable to conduct more research using longitudinal panel data that 

integrates psychological and emotional aspects of students, with the aim of better understanding 

whether topological strategies are sustainable throughout a person's life. 

 

8.3. Policy Perspectives: From Models to Action 

 

The use of the results of this research for the design of public policy is one of the main social 

motivations for carrying it out, not only because they could be quite significant, but because 

they have already been considered or being implemented by some Latin American countries; 

however, they must be implemented with supervision and humility, since school communities 

are often immersed in inertias that need to be considered for policymakers get the best impact 

of the resource allocation. Overall, because a simulation is a controlled environment that 

assumes agents' behavior and the fluid transfer of resources. Real-world educational policies in 

Latin America are characterized by friction, bureaucracy, resistance, and, sadly, corruption. 

Therefore, the knowledge derived from this thesis is not a prescription for a technocratic 

takeover of education. Instead, it tries to offer a more heuristic tool for developing evidence-

based policy. The value of mapping the “topology of inequality of deprivation” lies in exposing 

the hidden barriers that well-intentioned but linear policies often miss. We claim for relational 

models not just because they might be more valuable and realistic than the classic recipes, but 

because in a region with a culture often resistant to evaluation and accountability, making the 

structure visible is the first step toward challenging it. 

In conclusion, this thesis confirms that the tools of complexity science are essential for 

reframing the analysis of educational inequality and most of the large-scale educational 

phenomena. Over these years, we have shown that the “achievement gap” functions are 

topological traps, and that resilience involves a structural substitution of resources. Yet these 

findings are still opening statements—as most findings in educational science—not final 

verdicts. Finally, we would like to state that the structural isomorphism across Latin America—

and the mechanisms of individual agency presented here—can serve as a rigorous baseline for 

continuing this research. The main challenge for the future is to test the temporal stability of 

these structures and to deepen our understanding of the human cost of resilience, moving from 

the statistical physics of education to a human-centered science of complexity. 
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