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Abstract. Understanding which factors are determinant to guarantee the human
right to education entails the study of a large number of non-linear relationships
among multiple agents and their impact on the properties of the entire system.
Complex network analysis of large-scale assessment results provides a set of
unique advantages over classical tools for facing the challenge of measuring in-
equality gaps in learning outcomes and recognizing those factors associated
with educational deprivation, combining the richness of qualitative analysis
with quantitative inferences.

This study establishes two milestones in educational research using a census
high-quality data from a Latin American country. The first one is to provide a
direct method to recognize the structure of inequality and the relationship be-
tween social determinants as ethnicity, socioeconomic status of students, rurali-
ty of the area and type of school funding and educational deprivation. The sec-
ond one focus in unveil and hierarchize educational and non-educational factors
associated with the conditional distribution of learning outcomes. This contribu-
tion provides new tools to current theoretical framework for discovering non-
trivial relationships in educational phenomena, helping policymakers to address
the challenge of ensuring inclusive and equitable education for those historical-
ly marginalized population groups.

Keywords: Educational network, Large-scale assessments, Policy informatics.

1 Introduction

With the establishment of the Sustainable Development Goals (SDGs), the 193 coun-
tries attached to Unesco promulgated that ‘education is a human right’ [1] and that the
two pillars of quality in education should be learning and equity [1,2], recognizing
that all human beings have the right to learn and that the State is obliged to guarantee
to all citizens equally [3]. Education is also a source for social mobility: an additional
year of quality education can increase a person's income up to 10% [4]. The lack of
quality in education worldwide is of such magnitude that Unicef estimates that 250
million children do not have the minimum learning and that more than half of them



have been fooled systemically: despite having managed to attend school, many of
them fail in developing the minimum learning such as reading, writing or performing
basic operations. The causes for this deprivation of learning are multiple but they
affect mainly to those belonging to historically marginalized population groups, al-
most always, the most impoverished [5,6,7]. Further, the modest improvements in
learning achievements are usually by the hand of enormous inequalities among stu-
dents, which has cast doubt on the government actions for improving the quality of
education [8].

As a strategy to strengthening public policies, many countries have implemented
national Large-Scale Assessments (LSA) to collect valid and reliable data on educa-
tional outcomes and Factors (variables) associated with Learning (FAL). The objec-
tive of LSA is to have evidence-based information and use quantitative methods to
estimate educational changes when varying each factor [9] in many scales of time and
across the territory [10], as well to modelling dynamic behavior and asymmetries at
school and student level [11]. However, dominant models to study educational phe-
nomena are based on tools that postulate that educational gaps can be explained just
through the covariation between learning outcomes and each factor [12]. In this kind
of studies, the linear analysis provokes a fragmented view of the system and dismiss
very often the interactions between agents, FAL and educational phenomena [13,14],
dismissing the structure of the inequality in learning outcomes and its relationship
with educational deprivation, which partially explains the lack in explanatory power
of those models [15].

To represent the multiple interactions in a system and the emergence of collective
properties at different scales from their constituents, several researchers have pro-
posed the use of network theory to model social systems as a result of self-organized
processes [17,18]. Given that 'networks are at the heart of complex systems' [16],
analyzing statistical and topological properties of the education system through net-
work theory means studying the complexity of the system through its interactions.

Therefore, this research addresses empirical data for estimating educational depri-
vation in a Latin American country, as well as its relationship with the most relevant
social determinants such as Socioeconomic status (SES) of the student and their fami-
lies, Rurality in the area where the school is located (RA), the Type of school (TS)
and Ethnic self-identification of the student (ET), for estimating topological features
and order parameters of the network related to out-of-equilibrium states, providing a
new kind of information about global and local properties of the structure of educa-
tional deprivation and helping to find those key factors driving inequality gaps in
learning outcomes.



1.1 Dataset

In this model, a multivariate dataset integrates learning outcomes of every student
who has completed the k-12 education process, estimated by the ability’s parameter
67 through a LSA carried out in Ecuador in 2017 using a standardized computer-
based test' and integrated with a robust dataset with more than 140 variables coming
from surveys to student’s families and teachers. For building the scores, psychometric
parameters were estimated by Item Response Theory through a 2P-Logistic model
[19] following equation 1:
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Raw scores of 87 were re-scaled to a Learning index (LI; € [4.0,10.0]), a monoto-
nous transformation, where higher levels of learning are more likely to have higher
scores [19]. For measuring relative deprivation, this model uses the sociological pro-
posal that ‘needs, thresholds and satisfactions are determined by each society’, while
absolute deprivation proposes that ‘there is an irreducible nucleus of needs that are
common to every human being’ [20]. All students are classified in levels of achieve-
ment (L) based on a standard Bookmark process for establishing psychometrical cut
points s; [19]. Students suffering learning deprivation are those that did not meet the
minimum learning standards at the end of the compulsory education, denoted by L.

1.2 Deprivation learning index

To estimate this index, we use the family of scores {L;} j = 1,...,N, of those stu-
dents with low level of achievement L,-class, s; is the first cut point —the minimum
score to be located at level L,—. For the Ly-class, absolute deprivation is given by
H=(n(Lo)/ X n(LI;), where n(LI;) represents the number of students below the first
level of achievement, the intensity /I(Llj) is given by the distance to reach the first
level L; and the Deprivation learning index (DLI) is given by Sj:H-A(LIj), which
represents a measure of the collective learning deficit, which considers the magnitude
—the number of students with low performance— and intensity —how much below
the minimum performance level are located [20].

1.3 Model specification

For analyzing topological properties and pointing out those nodes holding the sys-
tem out of statistical equilibrium, a three sequential steps model was developed. The
first step is focused on disaggregating L,-class by SES, each student is represented by
a node and edges, weighted by A(Llj), are directed to one of the SES-decile nodes

L Full dataset is available in http://www.evaluacion.gob.ec/evaluaciones/descarga-de-datos/
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{L1,(67 > L, > (SES})} V j, a process which allows to analyze aggregated inequali-
ty at school level, as well as In-degree distribution for SES nodes. The second one is
an extension for including RA, TS and ET to analyze their effects through the se-
quence {6/ — L, - (SES}) - (RAL,, TS/, ET/,)} V j, where C denotes an index for
each subcategory of the factors RA, TS and ET. 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
{67 > 1), - (SES}) - (RAL,, TS, ETL,) - FALL,} ¥ j, for integrating m different
educational and non-educational factors. Network analysis was carried out by Gephi
0.9.2 and statistical estimations and plots with R 3.5.0 and Orange 3.3.8.

2 Socioeconomic status and learning deprivation

The first specification estimates the Weighted In-degree distribution of directed edges
from social determinants nodes to those representing socioeconomic deciles, given by
{SES,} d € 1,10, where each edge represents one student in Ly-class. As inequality
implies asymmetries, in conditions of total equity —where socioeconomic factors
would not produce differences — we might expect equal distribution of L,-edges over
the network. Therefore, the study of equity can be deepened by analyzing the levels of
absolute and relative deprivation experienced by different population groups and their
relationship with the SES of the students.

According with LSA estimates, 8 438 of 39 219 students are in L,-class, a preva-
lence rate of 0.215, a LI = 6.32 and intensity of deprivation A=0.225, i.e., in average,
Lo-student lacks 0.68 standard deviations (SD) of the minimum learning. As shown in
Figure 1, distribution of In-degree P(SES,) is non-uniform and it decreases monoton-
ically as the SES of the group increases.
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Fig. 1. Network of socioeconomic distribution with A-weighted learning deprivation
and distribution of students among levels of achievement.



For example, P(SES;)=0.39 and P(SES,,)=0.08, this difference of 0.31 means that for
each richest-family student who does not learn the minimum, there are 5 poorest-
family students in the same situation. As we will see later, this unfortunate situation
deepens in rural areas, where the ratio increases to one richest-student for every 7
poorest-students.

Differential centrality of deciles in Figure 1 also shows a non-equilibrium system
driven by SES where poorest students dominate the graph: nodes SES,;, SES, and
SES; have stronger connections and the highest prevalence rate (DPR=0.3860), Hub
parameter (H=0.4887), Weighted In-degree (WID=158.9420) and PageRank
(PR=0.4289). On the contrary, the richest students grouped by SES,;, are relative
irrelevant for the network with parameters DPR=0.0800, H=0.1133, WID=27.222 and
PR=0.0289. As can be seen, in-degree parameter provides an estimation for depriva-
tion rates of each SES,;, showing the size of the gaps among them through detecting
SES effects in nodes grouping L,-students by deciles, pointed out by the negative
correlation between LI and SES (R=-0.58, p<0.001).

To estimate more accurately the cumulative effect of SES on learning outcomes,
Figure 2 shows LI (left plot) and intensity of deprivation (right plot), as functions of
SES in two dynamical ways: 1) starting with the whole population of students and re-
estimating LI and A while excluding poor-students (black circles), and 2) starting with
just poor-students and including richer students (white circles). As can be seen, the
biggest circles indicate equal Global Average (GA) for LI (7.61) and A (0.225), how-
ever, for case 1) the effect of removing poor students is that GA goes up immediately
after removing SES,-students, reaching a L1=8.21 (0.65 SD away from GA), as well as
A diminishes 14%. On the contrary, when the estimation process starts with just the
poorest students, LI=6.52 (-1.09 SD below from GA) and starts going down after
including SES; students. In summary, these opposite behaviors show a learning gap of
1.82 SD, equivalent to almost two years of formal schooling between richest and
poorest students, and pointing out that, even among those deprived students, the most
impoverished get the worst part suffering 14% deeper intensity of deprivation.
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Fig. 2. Cumulative effect of SES in learning outcomes (left side) and intensity of dep-
rivation (right side).



The previous results provide very clear information about learning inequalities at
student level, however, to analyze an aggregated phenomenon, the school level shows
local but systemic gaps to better understand the sources of structural deprivation.
When studying schools as integrated units, the impact of SES becomes even more
evident in learning outcomes, in left side of Figure 3, schools are splatted between
type of school —sources of funding—, here each school is represented by a circle
whose size is proportional to its number of students. The average SES of students is
located on the horizontal axis and LI is on the vertical one. As can be seen, private
schools have higher SES (0.42) and LI (7.96) than the public ones (SES= -0.21) and
(LI=7.44), and there is also a strong positive relationship between LI and SES.
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Fig. 3. Relationship between learning and socioeconomic indexes at school level (left
side), and In-degree distribution of Private and Public networks (right side).

Moreover, right side of Figure 3 shows a kind of bipartite data sources [21] for repre-
senting the networks of private and public schools, where darker edges refer to higher
SES and the size of nodes are masses of probability for in-degree distribution P(L;)
where Private-network has 309 nodes (schools) with 12 823 edges (41 per school)
while Public-network has just 167 with 24 671 edges (148 per school), i.e., the private
one has 85% more nodes than the public one, but its density is just 52%.

In addition, 70.6% of private schools are linked to L, through just 1 553 of their
edges (H=0.12 and A=0.227), while 97.0% of public are linked to the same node
through 6 339 edges (H=0.26 and A=0.223), a rate twice higher than in private sector,
showing that SES is a key factor for educational deprivation due mainly to the influ-
ence of cultural capital, showing the lack in the capacity of the government to guaran-
tee educational rights.



3 Ethnicity and type of school financing

The rurality of the area where the schools are located is also a factor that impacts on
the learning gaps, its effect, combined with the type of school funding, indicates a
huge variance among ethnic groups within the socioeconomic deciles. Figure 4 shows
a Radviz plot, a non-linear multi-dimensional algorithm [22] and a dendrogram made
with a cluster analysis based on (SES, RAL, TSk, ET{), this representation shows the
hierarchical structure of inequality in learning deprivation for population groups, the
points on the circle refer to three indicators attracting the students groups proportion-
ally and the symbol size is proportional to the total deprivation given by J.

As can be seen, the strong relationship between the SES and the prevalence dis-
tributes the groups in a vertical way showing borders between rural (circles) and ur-
ban areas (crosses).
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Fig. 4. Deprivation of learning by ethnicity, rurality and socioeconomic status.

Figure 4 shows that gaps between rural and urban areas are quite accentuated, espe-
cially among the poorest students in rural areas suffering the highest levels of preva-
lence and &. In this sense, among the most deprived students in rural areas, Montubios
exhibit the highest prevalence rates, followed by and Indigenous (H=0.64) and Afro-
Ecuadorians (H=0.55). The clusters shown by the dendrogram points out that the
highest SES students dominates private schools with the lowest levels of deprivation,
with the exception of Montubios in rural areas, where no student attending private
schools reaches the minimum level and where just 1 of 3 students in public schools is
not deprived (H=0.63), showing that social and ethnic classes are splatted into groups
of students who have had different learning opportunities inside and outside of the
schools, helping to understand how inequality evolves in a structural way [23].



4 Key-factors for public policies

One of the most useful strategies for improving learning and closing gaps is micro-
planning, however, to select which needs should be attended first for specific groups
is always a great deal. For this reason, once the gaps in population groups are meas-
ured, we extend the network for introducing {FALL,, } to the model and identify which
variables are linked with specific population groups and recognizing those that should
be intervened first, as well to simulating the variational aspects for establishing the
order and control parameters for building more efficient and effective portfolios of
policies at local level.

Prevalence rate of L,-students are related with networks strongly connected and
this might be associated with Eigen-Centrality through measuring the influence of
each factor for identifying how well connected the j-th factor (FAL;) is and how many
links have its connections. In this way, splitting L,-students in communities becomes
in a very valuable tool for developing group-oriented strategies and avoid implement-
ing the same actions for completely different needs. At this point, network simulation
offers the advantage of building multiple scenarios across varying FAL parameters for
recognizing and ranking the most relevant nodes to be attended by policymakers in a
hypothetic but very specific situation.

Figure 5 shows a network build through the ForceAtlas2 algorithm [24] to obtain
the layout after a Modularity process (with parameter 0.073 at resolution of 0.254) for
splitting richest from poorest students to find key factors for educational deprivation
in both groups [25]. The Average Weighted Degree of the network is AWD=426.9
and its density D=5.617. Those large nodes appearing in the network as attractors
correspond to two communities: the richest (SES;,), with degree of authority
Aggs, ,=0.158 and just 20 factors —most of them showing very low centrality parame-
ters— and poorest students (SES,), with Aggg, =0.987 and 57 different factors associ-
ated with their deprivation.

For assessing the quality of its connections, PageRank is a well-known algorithm
for providing accurate and clear information when looking for the factors dominating
deprivation in each community [25,26], which also might order nodes parametrically
for selecting those who susceptible to be managed by policy and define ‘needs pro-
files’ for focusing actions on those variables susceptible to be managed by policy for
specific zones or groups.

For example, a SES, profile based on Figure 5 using the 10 most relevant factors
might be:

‘Members of a household who currently receives the Human Development
Bond and needs to work for a wage. Their parents have a very low level of ed-
ucation, they do not have a desktop computer neither Internet connection, and
also have no books or just a very few. In their school, teachers arrive late to
class, are not committed with learning and have low expectations about stu-
dent’s future’.
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Fig. 5. Factor's network for richest and poorest students’ communities. Centrality of
nodes in each group points out the dissimilarities in factors provoking deprivation.

As can be seen, this very detailed information is extremely helpful for developing
based-evidence policies, to estimate and assign budget and increase the chances of
having a successful deployment, the most wanted tool from policymakers.

5 Discussion

This research finds a lot of evidence about the deep lack in equity in a Latin
American country and its relationship with social determinants for synthetizing the
complex structure of inequality on learning outcomes [27]. Measuring how far is each
student of reaching the minimum level to ensure its right to education is crucial be-
cause the social deception of accessing education without guarantees of learning,
converges at levels of precariousness similar to those found in people outside the
scholar system [28]. Likewise, to identify a specific set of factors impacting a group
of students that might not be relevant for others is a key issue for developing group-
oriented policy [29].

This sequential network model allows to investigate the factors conditioning the
exercise of the right to education and opens the possibility of reviewing how the type
of school funding promotes inequality in different population groups at country level.
Evidence found over deprivation among the socioeconomic groups shows the lack of
attention to ethnicity, especially in the urban area. In this sense, when comparing the
topologies of the networks of the richest versus the poorest was possible to estimate
the gaps in educational outcomes that are associated to other factors like the influence
of cultural capital, the context and the families of the students, beyond the schools.

Through this model is also possible to use LSA results for analyzing the interplay
of socioeconomic status, rurality, type of school and ethnicity, bringing very useful



10

information about the educational system at meso and macro levels from micro level
interactions, offering valuable information for answering five main educational ques-
tions:

1.What is the level of deprivation of learning in students at the end of compulsory
education?

2.1s learning deprivation associated with schools?

3.How deep is the inequality in the distribution of learning outcomes?

4.What factors are associated with educational deprivation in specific areas of the
territory and population groups?

5.Considering limited resources and time, what factors and in what order should
they be established in a group-oriented public policy?

Finding answers to these questions using a dataset from a LSA represents a tip-
ping point for integrating thinking tools into current theoretical frameworks to find
non-trivial relationships between social conditions and educational deprivation in
historically marginalized population groups. In this sense, estimated gaps in depriva-
tion due to rural area and ethnicity, point out the lack of effective inclusion policies,
especially of those groups of students who have had different learning opportunities
and highlights how inequality is structurally generated in the country.

However, though it is possible to infer the central role played by the schools in de-
termining the more relevant factors for educational deprivation in different SES clas-
ses, more research is needed to understand the interactions between the school context
and ethnic diversity. Nevertheless, the implications for public policies are: 1) pro-
grams aimed at indigenous self-identified students from the poorest quintile should be
reviewed in all its pedagogical aspects to guarantee the achievement of meaningful
learning; 2) the interculturality programs in the urban area should be broadened so
that the ethnic groups can reach the minimum standards at same rates than the other
ethnical groups and, 3) it is necessary to better regulate the private schools in the rural
area to help close the gap in the absolute deprivation rate.

There is no doubt that the network analysis shows a great vein of scientific devel-
opment that has not yet been explored to improve knowledge about educational sys-
tems, addressing the greatest challenges of educational research, and helping policy-
makers to develop strategies for an inclusive and equitable education for all.
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