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Abstract—Education is one of the most crucial pillars for
the sustainable development of societies. It is essential for each
country to assess its level of access to education. However, the
conventional methods of ranking access to education have their
limitations. Therefore, there is a need for strategic planning to
develop a new classification methods. This study aims to address
this need by developing an innovative and efficient unsupervised
K-Means model capable of predicting global access to education.
The novel approach adopted in this research fills a gap in tradi-
tional ranking methods for assessing access to education. Utilizing
statistical analysis of data sourced from the World Bank, we
evaluated education access across 217 countries spanning various
continents and levels of development. By employing economic
and educational factors as input for the K-Means algorithm,
we successfully identified three distinct clusters, each comprising
countries with similar levels of education access. The reliability of
our approach was reinforced through rigorous statistical testing
to validate the results. Furthermore, we compared the economies
of countries within each cluster using primary data, enabling
specific recommendations at the economic level to assist countries
with limited education access in enhancing their circumstances.
Finally, this study makes a significant contribution by introducing
a new approach to globally assess education access. The findings
provide practical recommendations to aid countries in improving
their educational opportunities.

Keywords—Education assessment; unsupervised learning; sta-
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I. INTRODUCTION

Education is the foundation of human life and is indispens-
able for sustainable development. Without education, envision-
ing a prosperous society is impossible. Science and knowledge
have played a crucial role in developing practical applications
that meet human needs and improve their quality of life.
Education is an essential catalyst in reducing poverty and
achieving sustainable development goals. It is a fundamental
human right that extends throughout life.

The global state of education, particularly for children,
remains a pressing concern in many countries, especially in
developing nations. Despite an increase in literacy rates for
individuals aged 15 and above since 2000, reaching 85%
according to UNESCO statistics, progress made remains frag-
ile and vulnerable to various factors such as dropout rates,
livelihood challenges, economic difficulties, global crises, and
more [1].

For instance, in 2020, the COVID-19 pandemic resulted in
temporary school closures in the majority of countries, affect-

ing over 91% of students worldwide. While some developed
countries managed to adapt by implementing remote learning
or taking necessary measures to resume education, many
developing countries faced significant obstacles in resuming
normal schooling, leading to increased illiteracy rates and
decreased access to education for children [2], [3], [4].

Ranking countries based on the percentage of access to
education is closely related to various indicators. It is generally
assumed that resource-rich countries such as those with oil,
phosphate, and gold would benefit from favorable access to
education. However, this assumption is not always valid as
other factors come into play, influencing the effective utiliza-
tion of those resources. Human resources play a crucial role
in realizing the full potential of natural resources. This can
be illustrated by comparing oil-producing European countries
with strong economies and high levels of education to certain
African countries that possess significant natural resources but
struggle with weak economies and limited access to education
[5], [6], [7].

Education is not limited to the availability of educa-
tional institutions but encompasses aspects such as the quality
of teaching, equal opportunities, inclusion of marginalized
groups, and relevance of educational programs. Access to
quality education is a fundamental right of every individual,
regardless of their socioeconomic background, gender, disabil-
ity, or place of residence [16].

Analyzing economic data and educational performance of
countries can provide valuable insights for policymakers to un-
derstand the specific challenges different countries face and de-
velop appropriate education policies. The use of unsupervised
learning techniques like clustering can help identify groups
of countries that are similar in terms of economic situation
and access to education, which can provide benchmarks for
effective strategy and policy development [26].

Technically speaking, World Bank data offers a wealth
of information on numerous countries worldwide, including
indicators such as gross domestic product, domestic product
per capita, foreign direct investment, net inflows, balance of
payments, inflation, prices, consumption, population, poverty
rates, and more [8]. These data can be leveraged through
mathematical algorithms to generate statistics that have a
positive impact on our world. As a result, numerous studies
have utilized World Bank data to make informed decisions on
topics such as school dropout rates, student performance, the
relationship between education and sustainable development,
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and more [9], [10], [11], [12], [13]. The proposed work
contributes to the existing body of knowledge in the following
ways:

• We developed a novel strategy based on an unsuper-
vised classification model that utilizes World Bank
data to rank countries according to their percentage of
access to education. The data analysis process involves
two steps: statistical analysis and data processing
using K-Means with different cluster numbers (K = 2
and K = 3).

• Significance of statistical tests and selection tech-
niques in the clustering model. Variable selection
techniques provide valuable insights into the most
important factors, while statistical tests help determine
the most efficient clustering results.

• Our study allowed us to determine two risk groups
and to identify common problems in these countries
to help decision makers to make a good decision.

• This study serves as a stepping stone towards the
development of a semi-autonomous and rapid diag-
nostic system. Such a system would be valuable for
predicting access to education in future updates of
country data and would align with the objectives of the
Sustainable Development Goals, offering substantial
opportunities for progress.

The remaining sections of this article are structured as
follows: The Materials and Methods in Section III provides an
overview of the dataset used, explains the data preprocessing
steps, and outlines the clustering algorithm employed. Next,
the Results and Discussion in Section IV presents and dis-
cusses the findings of the experiment. Finally, the concluding
part in Section V offers insights and perspectives on the
potential implications of this analysis approach.

II. RELATED WORK

Several studies have been conducted to examine the links
between state regulation in the education sector, access to
education, social inequalities, and the use of data in education
research.

Vorontsova et al.[14] conducted a comprehensive analysis
of the relationship between state regulation indicators in the ed-
ucation sector and the achievement of sustainable development
goals. Their study focused on countries in Central and Eastern
Europe and used World Bank data from 2006 to 2016. They
found that state efforts in the education sector significantly
influenced the achievement of sustainable development goals.

Zhongming et al. [15] studied the impact of declining
access to education on learning outcomes, particularly in
developing countries. Their study, which covered 87 coun-
tries and individuals born between 1950 and 2000, revealed
that completing at least five years of schooling was crucial
for acquiring reading and writing skills. They attributed the
disparity in educational quality to social inequalities prevalent
in developing countries.

The challenges faced by education in many countries, such
as economic difficulties and poverty, have been widely recog-
nized [16], [17]. Social disparities within these nations have

also been identified as factors affecting academic outcomes
[18], [19]. Furthermore, the development of education in rural
areas is hindered by various developmental factors, including
the lack of basic infrastructure [20], [21].

Despite these challenges, some developing countries have
made significant progress in the field of education. For exam-
ple, Rwanda has demonstrated its commitment to education
development by allocating a substantial share of state revenues
to the sector [22], [23]. Although the country’s progress is not
without flaws due to political priorities and the transition to
a different education system, access to education has signifi-
cantly improved, and illiteracy rates have decreased [24].

Masino et al. [25] conducted a study on countries that have
made notable advancements in education. Their research high-
lighted factors such as adequate resources, effective policies,
community management, decentralization reforms, knowledge
dissemination, and increased community participation as key
contributors to education development.

In terms of research methodologies, World Bank data has
been widely used to inform decision-making in the field of
education. Many studies have leveraged this data to explore
topics such as dropout rates, student performance, the rela-
tionship between education and sustainable development, and
more [9], [10], [11], [12], [13] used machine learning models
to classify students based on their learning abilities, achieving
high accuracy in predicting students’ academic outcomes.

Our work builds upon existing research by proposing a
new strategy based on unsupervised classification modeling
to assess access to education in different countries. Unlike
previous approaches, our method utilizes World Bank data and
integrates statistical analysis and data preprocessing using the
K-Means algorithm with different numbers of clusters (K=2
and K=3). By employing variable selection techniques and sta-
tistical tests, we identify the most important factors and achieve
more effective clustering results. This approach enables us to
identify at-risk groups and highlight common issues countries
face in terms of access to education. This information is crucial
for policymakers in making informed decisions. Furthermore,
our study paves the way for the development of a rapid and
semi-autonomous diagnostic system that could predict access
to education in future national data updates and contribute to
sustainable development goals. In summary, our work brings
a fresh perspective and significant opportunities for advancing
the field of assessing access to education.

III. MATERIALS AND METHODS

A. Dataset

Data collection is a crucial component of any data analysis
project. In our study, we recognized the numerous factors that
impact the percentage of access to education, including those
directly associated with the education sector, such as age of
school enrollment (both at the primary and secondary levels),
student-to-class ratio, and schools-to-population ratio, etc [26].
Additionally, there are country-level factors to consider, such
as unemployment rate, poverty level, gross domestic product,
domestic product per capita, foreign direct investment, net
inflows, balance of payments, inflation, prices, consumption,
and population size, etc [27]. Recognizing the wealth of
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relevant data provided by the World Bank, which encompasses
the aforementioned indicators, we carefully prepared a compre-
hensive dataset to extract insightful information and enhance
the depth of our study.

1) Data description: Initially, we obtained the data from
the World Bank website and selected 60 variables that were
deemed relevant for our study. These variables encompass
information for 217 countries spanning a 20-year period,
specifically from 2001 to 2020 (utilizing the latest available
statistics for each indicator). As a result, our dataset com-
prises a comprehensive and representative sample of data,
encompassing various country categories, including developed,
developing, poor, and marginalized nations.

2) Data cleaning: The initial version of the dataset, encom-
passing all 217 countries, contained numerous missing values
(NaN). These missing values indicate either countries with-
holding their information or having no transactions recorded
with the World Bank. To address this, we initiated the data
cleaning process by eliminating features with more than 50%
missing values. For the remaining missing values, we applied
an imputation technique by replacing them with the average
value of the respective feature.

Finally, we obtained a thoroughly cleaned and prepared
dataset comprising 217 countries and 25 variables. These
variables were divided into two categories: 13 variables related
to educational factors and 12 variables related to economic
factors. The Table I below provides the names of the variables
utilized in our study.

TABLE I. EDUCATIONAL AND ECONOMICAL VARIABLES

Educational variables Unschooled adolescents;
Unschooled kids; Higher
education inscriptions; Preschool
inscriptions; Primary school
inscriptions; Secondary school
inscriptions; Ratio female/male in
higher education; Ratio girls/boys
in primary school; Ratio
girls/boys in secondary school;
Primary school achievement rate;
Secondary school achievement
rate; Youth literacy rate; Total
literacy rate.

Economical variables Financing capacity; Unem-
ployment; GPD growth; GPD
per capita growth; Gini index;
Labor force by the level of
education; Employment rate 15+;
Employment rate 15-24 years;
Gross saving; Income share held
by highest 20%; Income share held
by lowest 20%; Gross domestic
saving (% of GPD).

3) Data exploration: In order to make a descriptive anal-
ysis and evaluate the dependence of the variables, we con-
structed two correlation matrix which respectively represent
the educational and economic variables (see Fig. 1 and 2).

In Fig. 1, we presented the correlation among the educa-
tional variables. The results show a high correlation between
all the variables, indicating that the selected variables are
reliable and follow a similar distribution. This is a positive
indicator for our study. For instance, the variables related to
unschooled individuals (Unschooled adolescents, Unschooled

Fig. 1. Correlation matrix for educational variables.

Fig. 2. Correlation matrix for economic variables.

kids, and Higher education enrollments) exhibit strong correla-
tions with all the variables. Additionally, we observe favorable
correlations between several variables, such as primary and
secondary school achievement rates with school success rates,
higher education enrollments, and success in secondary school,
among others.

In Fig. 2, we present the correlation between economic
variables. Overall, we observe that there is not a strong cor-
relation between the variables, but there are specific variables
that demonstrate significant correlations that reveal hidden in-
formation. For example, the financing capacity of a country is
positively correlated with gross savings. Additionally, variables
related to income distribution show a negative correlation with
the GINI index, indicating that countries with a more equal
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Fig. 3. Eigenvalue scaling

income distribution tend to have a lower GINI index. Fur-
thermore, we observe that higher education for development
has a positive impact on the employment of the population
aged 15 and above. As a result, we attempted to remove
some variables that exhibit full correlation since they contain
redundant information, such as the Gini index and the share
of income held by the highest. It is important to note that
a strong correlation between variables is vital for machine
learning algorithms to effectively train and demonstrate the
quality of the data used.

4) Feature selection: To conduct feature selection, we
carried out a principal component analysis to identify the
variables that will be included in our dataset, as well as the
countries that have the most significant contributions to these
variable.

a) Educational data: According to the Kaiser criterion
[29], the inertia for our PCA [30] must be greater than 7.14%
(see Fig. 3). We observe that the F1 component explains almost
61% of the variance, and the F2 component explains 10.4%.
Our analysis will therefore focus on the F1 and F2 components
(see Fig. 4).

• F1: Unschooled adolescents, unschooled kids,
preschool inscriptions, ratio female/male in
higher education, secondary school inscriptions,
primary school achievement rate, secondary school
achievement rate, youth literacy rate and total literacy
rate.

• F2: Progression to secondary school, higher educa-
tion inscriptions, primary school inscriptions, ratio
female:male in primary school, ratio female:male in
secondary school.

b) Economic data: According to the Kaiser criterion,
components that explain more than 8.33% (see Fig. 5) of

Fig. 4. Circle of correlations of F1 and F2.

Fig. 5. Eigenvalue scaling.

the variance can be selected. Therefore, we will focus on
components F1, F2, F3, and F4 for our analysis. (see Fig.
6).
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Fig. 6. Circles of correlations F1, F2 and F3, F4.

• F1: GINI index, income share held by the lowest 20%,
income held by the highest 20%, labor force with basic
education, population ages 0–14.

• F2: Total unemployment, GDP per capita, employment
rate 15+, labor force participation rate 15–24, gross
domestic savings.

• F3: GDP growth, GDP per capita growth.

• F4: Net lending (+)/net borrowing (−) , gross savings
(of GDP).

The analysis of economic data does not provide as strong
evidence as the education data. The distinction between rich

and poor countries is less apparent, and it seems that economic
factors are not the sole determinants of non-schooling in chil-
dren. Therefore, classification methods can be used to group
countries with similar characteristics. This allows for more
targeted strategies to improve the educational performance of
children and adolescents.

B. Classification of Countries according to Access to Educa-
tion

Unsupervised learning is a branch of machine learning that
involves analyzing and grouping unlabeled data [28]. These al-
gorithms aim to identify patterns or clusters in the data without
the need for explicit human guidance. In mathematical terms,
unsupervised learning involves observing multiple occurrences
of a vector X and learning the probability distribution p(X) for
those occurrences. One of the most commonly used algorithms
in recent years for unsupervised learning is K-means [31] [32],
[33], [34].This method partitions data points into k clusters,
where each data point is assigned to the cluster that is closest
to it. The objective function for this method is to sum the
squared distances within each cluster, across all clusters:

argmin
S

k∑
i=1

 ∑
xj∈Si

||xj − µi||2


where:
xj is a data point in the dataset
Si is a cluster (collection of data points)
µi is the cluster mean (the centre of cluster Si).

In our case, after preparing the data and selecting the
important features, we tried to apply the k-mean algorithm
to cluster these data. The purpose of this analysis is to assign
labels to our dataset based on the level of access to education
in order to achieve the most optimal classification of countries.

Fig. 7 illustrates the approach followed in this study.

IV. RESULTS AND DISCUSSION

A. Default Number of Clusters

The k-means method requires us to specify the number of
clusters we want. To determine the optimal number of clusters
for our dataset, we used the elbow technique [35],which
considers the distortions of the variables in our study. By
analyzing the graph, we observed that the points after which
the distortion starts to decrease are 2 and 3. Therefore, the
optimal number of clusters that can be used for our data is
either 2 or 3 clusters (see Fig. 8).

B. K-means Clusters

a) For k = 2: We initially tested the case with k = 2 to
determine if we could identify nations with high unschooling
rates (see Fig. 9) before proceeding with the k-means analysis
using k = 3. The results of the two clusters are presented on
a world map to aid in interpretation.

The results of the two clusters are plotted on a world map
to facilitate interpretation (see Fig. 10).
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Fig. 7. Implementation of k-means clustering on our dataset.

As observed on the map (see Fig. 10), the initial results
indicate that Central African countries and some Central Asian
countries form a distinct cluster representing nations with
limited access to education. On the other hand, the majority
of countries from other continents are grouped together in the
cluster representing countries with better access to education.
While these findings are expected and widely known, our
objective is to identify countries that are making efforts to
improve their education systems and analyze those with the
highest levels of access to education. Therefore, we will
explore the option of increasing the number of clusters to
achieve a more refined classification.

b) For k = 3: To further our interpretation and under-
standing of differences in access to education, we now consider
the clustering when k = 3 (see Fig. 11).
A geographic mapping is shown in Fig. 12:

Fig. 8. Elbow method on distortions.

Fig. 9. Abstract representation of the k-means clusters with k = 2.

C. Validation of Results Using Statistical Analysis

In order to validate the obtained results for both k = 2
and k = 3, we conducted a statistical analysis. The analysis
involved comparing the cluster means to determine the most
effective clustering result (see Table II and Table III). To
facilitate this comparison, we utilized a diagram, as shown
in Fig. 13.

To assess the equality of population variances, we em-
ployed Bartlett’s test. The null hypothesis H0 states that all k
population variances are equal, while the alternative hypothesis
H1 suggests that at least two variances are different. If the
p-value is greater than 0.05, the null hypothesis is retained,
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Fig. 10. Map representing the countries belonging to the clusters with k = 2.

Fig. 11. Clusters with k = 3.

indicating that the samples are identical. Conversely, if the p-
value is less than 0.05, we reject the null hypothesis and apply
Welch’s test to estimate the averages [36].

• k-Means with k = 2

The statistical analyses reveal significant differences in the
mean scores of education-related variables between the two
clusters. Cluster 0 is characterized by low non-enrollment
rates, high enrollment rates across all education levels, higher
completion rates, and high literacy rates, as shown in Fig.
14. In terms of gender ratios, we observe that countries in
Cluster 1 have lower female-to-male ratios compared to Cluster
0 (see Fig. 15). However, the two clusters do not exhibit
differentiation based on any variables related to economic
health, except for factors related to the active population,
unemployment, and gross savings (see Fig. 16).

Fig. 12. Map representing the countries belonging to the clusters with k = 3.

Fig. 13. Methodology for comparing averages.

• Clustering with k = 3

The statistical tests indicate that the second test provides
better discrimination for our sample. The three clusters show
significant differences in terms of educational variables. Clus-
ters 0 and 2 exhibit higher levels of non-schooling among
children and adolescents, lower enrollment rates in secondary
and higher education, and lower literacy rates, as depicted
in Fig. 17. Furthermore, the gender ratios in Cluster 2 are
statistically lower compared to Clusters 0 and 1 (see Fig. 18).

On the economic front, Clusters 1 and 2 stand out for their
lower unemployment rates, significant GDP growth (both total
and per capita), and higher rates of young individuals in the
labor force, indicating greater financing needs (see Fig. 19).

We observe that the average scores of the variables related
to education are similar across the three clusters. However,
the economic data are able to discriminate among the clusters
(see Fig. 17 18 19). This suggests that economic factors played
a significant role in the final grouping (k = 3), contributing
substantially to the classification of countries based on access
to education. The resulting clustering appears to be realistic
and acceptable.
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Fig. 14. Average scores of different education-related variables in our two
clusters.

Fig. 15. Average parity ratios in the different school cycles in our two
clusters.

Fig. 16. Average scores of economic variables in our two clusters.

Fig. 17. Average scores of educational variables in the three clusters.

Fig. 18. Average parity ratios in the different school cycles in the three
clusters.

Fig. 19. Averages of economic variables in the three clusters.
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TABLE II. STATISTICAL TESTS FOR THE EDUCATIONAL VARIABLES

Variables Bartlett’s test Student’s test Welsh’s test
unschooled_teenager p = 7.11e − 21 p = 7.12 − 12
unschooled_kids p = 2.46e − 20 p = 6.45e − 09
higher_educ_regis p = 1.00e − 09 p = 4.95e − 17
primary_regis p = 0.00 p = 0.01
preschool_regis p = 0.04 p = 1.12e − 13
secondary_regis p = 0.32 p = 4.32e − 32
ratio_higher_educ p = 0.27 p = 2.28e − 17
ratio_primary p = 3.83e − 26 p = 7.32e − 06
ratio_secondary p = 5.53e − 16 p = 1.31e − 09
rate_prim_comp p = 1.23e − 08 p = 1.26e − 18
rate_second_comp p = 0.49 p = 6.14e − 31
tee_literacy_rate p = 5.86e − 21 p = 1.61e − 12
tee_literacy_rate p = 5.02e − 07 p = 2.90e − 15

TABLE III. STATISTICAL TESTS FOR THE ECONOMIC VARIABLES

Variables Bartlett’s test Student’s test Welsh’s test
financing_capacity p = 2.29e − 24 p = 0.26
total_unemployement p = 0.62 p = 0.006
gip_increasing p = 0.08 p = 0.04
gip_increasing_inhab p = 0.05 p = 0.70
index_Gini p = 0.06 p = 0.98
active_graduate_pop p = 0.10 p = 0.01
employ_rate_15+ p = 0.22 p = 0.004
active_rate_15–24 p = 0.003 p = 0.007
gross_saving (GIP) p = 1.78e − 07 p = 0.02

In conclusion, it can be inferred that the economy of a
country is closely linked to education. Countries with stronger
economies tend to prioritize education.

D. Discussion of Results

The complete World Bank dataset comprises multiple years
of information (2001 to 2020) for most countries. This dataset
was utilized for statistical analysis, specifically for developing
k-means clustering models. The objective was to predict the
level of education access and the economic health of the
countries in our sample. The analysis focused solely on stan-
dardized data related to education access and the economic
conditions of the countries.

The study began with an assessment of the overall state of
education, which revealed positive trends in non-enrollment,
access, and completion rates, except for several African coun-
tries with lower levels of education access. Economic data
highlighted concerns regarding wealth distribution in certain
countries. Subsequently, an unsupervised machine learning
model, specifically the k-means algorithm, was employed to
segment the data into two cases (k=2 and 3). The k=2 test
aimed to identify clear distinctions between northern and
southern countries. The results demonstrated a significant
disparity, indicating that developed countries have lower levels
of illiteracy compared to other countries, which appear isolated
in terms of education access.

When setting k = 3, we observe that the educational data
provide less discrimination compared to the k = 2. However,
based on the statistical analysis of the tests, the model with
k = 3 performs better overall. With this approach, we obtain
three distinct clusters that exhibit significant differences in
various educational factors (see Fig. 17 and Fig. 18), and
economic variables (see Fig. 19 and 12), including economic

growth and labor force. By segmenting the data, our algorithm
enables the identification of two risk groups and facilitates the
recognition of common challenges faced by these countries.
Cluster 1 is composed essentially of countries in Africa and in
Arabian Peninsula like Chad, Yemen, Syria, and Afghanistan.
These countries have high rates of non-enrollment but tend
to be closer to those of clusters 0 and 2 17. However, their
financing needs are still significant. And as a result, these
countries where the action is necessary are also different from
those of cluster 2 19. We note that these countries experienced
civil wars starting in the 2000. In these countries, schooling
is compulsory until the age of 14 on average. After this
age, children work under challenging circumstances, which
explains the low unemployment rates and the high rates of
non-enrollment among adolescents.

Cluster 2 countries have the highest out-of-school rates
with high financing needs 17 19. Nevertheless, they also have
the lowest unemployment rates for all age groups. Wealth is
still evenly distributed. Therefore, these countries require spe-
cial attention. Among them are Zimbabwe, Papua New Guinea,
Somalia, Morocco, Kenya, India, and Suriname. These nations
are former colonies and must now adapt to independence. They
display high rates of inequality in access to education due to
different social systems (castes in India, urban vs rural children
in Somalia or Zimbabwe, etc.) In most of these countries,
schooling is not a free choice, which does not give equal access
to all. These countries are also marked by numerous conflicts
(Papua New Guinea, Somalia), where children are enrolled
very early in the armed conflict. Finally, there are significant
disparities in access based on gender. Girls are more likely to
be sold, mutilated, or forced into marriage. Therefore, it would
seem that accompanying measures are the most effective.
Indeed, the countries in question are developing countries that
find themselves having to manage their independence acquired
some 40 years ago. The years of colonization did not prepare
them to handle their economy in a way that would have
allowed them to know where to invest their funds. These
are resource-rich countries that need guidance and human
assistance to progress.

V. CONCLUSION

Our statistical analysis and utilization of machine learning
have highlighted the complexity of the global education prob-
lem, calling for a comprehensive approach from organizations
tasked with improving access to education. It is crucial for
countries facing conflicts, whether civil or otherwise, to put an
end to these situations in order to restore and uphold children’s
rights to education.

Furthermore, we have identified inequalities in access to
education, particularly based on gender and geographic origin
of children. For instance, children living in war-torn areas face
significant barriers to education. As we continue our research,
it would be interesting to expand our model to encompass
other factors beyond just the economy and education. While
we utilized economic and educational variables, our findings
were enriched by in-depth field studies, enabling us to better
understand countries grappling with education issues and the
underlying economic causes.

This project carries significant implications for organiza-
tions such as the Council of Europe, UNICEF, and UNESCO,
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which are committed to promoting education for all worldwide.
Governments of individual countries can also find valuable
guidance for enhancing access to education within their own
borders.

In conclusion, our research underscores the need for con-
crete policies and actions to improve access to education in
countries with the lowest levels of access. By combining data-
driven approaches with on-the-ground studies, we can make
meaningful contributions toward the shared goal of quality
education for all children worldwide.

For future work, it would be valuable to further explore the
impact of social and cultural factors on access to education.
By incorporating these additional variables into our model, we
could gain a deeper understanding of the specific challenges
faced by certain demographic groups or regions (especially
war-torn countries).

Additionally, it would be beneficial to examine technology-
based solutions for enhancing access to education. Leverag-
ing technology can help overcome geographical barriers and
provide educational resources to remote or underdeveloped
regions. Studies on the effectiveness and acceptance of these
technological solutions in different contexts could be con-
ducted.

Lastly, it would be relevant to investigate the long-term im-
pact of improving access to education on a country’s economic
and social development. By evaluating medium and long-term
outcomes, we could gain a better understanding of the benefits
and ripple effects of investment in education.

These future endeavors could contribute to strengthening
our understanding of access to education and inform policies
and actions aimed at promoting inclusive and quality education
for all.
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