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The integration of Artificial Intelligence (Al) into education has emerged as a key
factor in improving learning effectiveness and institutional performance. This study
evaluates the effectiveness of Al integration on regional education outcomes by
analyzing large-scale educational data representing qualification levels and regional
performance indicators. The analysis focuses on the relationship between the
proportion of residents attaining Level 3—-5 and Level 6 or above qualifications and
their corresponding education scores. The findings reveal a strong positive correlation
between higher qualification attainment (Level 6 or above) and regional education
scores (r = 0.905), indicating that advanced educational attainment significantly
contributes to improved learning performance. In contrast, the relationship between
mid-level qualifications and education scores is weak and slightly negative,
suggesting limited influence on regional education quality. Comparative analysis
further demonstrates that high-performing regions have a greater share of residents
with Level 6+ qualifications (mean = 35.4%) than low-performing regions (mean =
23.7%), reflecting disparities in educational advancement and technological
readiness. These results imply that Al acts as a technological amplifier that enhances
learning outcomes most effectively in regions with strong higher education systems,
digital infrastructure, and institutional capacity. The study concludes that the
transformative potential of Al in education depends on the alignment between
technology adoption, human capital development, and equitable access to higher
education. Future research should explore the causal pathways linking Al integration,
educational attainment, and learning equity across different regional and institutional
contexts.
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_ The rapid advancement of Al has fundamentally reshaped multiple sectors,
Corresponding author including education, by transforming the ways knowledge is delivered,
Eér'fhﬁgprf';n“g?”oj’ : assessed, and managed [1]. In the context of education, Al encompasses a
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broad range of technologies such as intelligent tutoring systems, adaptive

Additional Information and learning environments, automated feedback mechanisms, and predictive
Declarations can be found on analytics [2]. These tools have been designed to facilitate personalized learning
page 109 experiences, automate routine academic tasks, and support data-driven

educational decision-making [3]. Over the past decade, Al has become
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atvel increasingly embedded in digital learning ecosystems, allowing institutions to

@Copyright enhance teaching quality, optimize administrative processes, and improve
2026 Manoj, et al. learning outcomes [4]. As educational systems worldwide transition toward

digital transformation, the integration of Al is viewed as a key enabler of
Distributed under innovation and inclusivity in 21st-century education [5].
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Artificial Intelligence in Learning

Al in education is particularly relevant in supporting differentiated and learner-
centered instruction. By analyzing data from students’ interactions, Al can
identify learning patterns, diagnose misconceptions, and provide adaptive
feedback that addresses individual needs in real time [6]. These capabilities
make Al an essential component of what is often termed “smart education,”
where teaching and learning processes are augmented by intelligent systems
that promote engagement, motivation, and continuous learning [7]. However,
despite its promising potential, the impact of Al on actual educational
performance remains a topic of debate among educators, researchers, and
policymakers [8]. While Al has demonstrated positive effects in experimental
and classroom-based studies [9], evidence of its broader systemic
effectiveness, particularly across regions and educational levels, remains limited
[10]. This limitation underscores the need for empirical studies that evaluate how
Al integration aligns with macro-level education outcomes and regional
disparities [11].

At the regional level, the effectiveness of Al integration is closely linked to the
existing educational infrastructure, human capital development, and digital
readiness of institutions [12]. Regions with well-established higher education
systems, robust digital ecosystems, and strong governance structures tend to
be more successful in adopting Al-driven educational innovations [13].
Conversely, regions with limited access to advanced education, inadequate
technological infrastructure, and insufficient teacher training face greater
challenges in leveraging Al effectively [14]. This disparity suggests that Al may
not function as a universal equalizer, but rather as an amplifier that enhances
learning outcomes in regions already equipped with the prerequisites for digital
transformation [15]. Understanding this relationship is crucial for developing
equitable education policies and ensuring that the benefits of Al integration are
distributed fairly across diverse educational contexts [16].

Moreover, the global push toward Al adoption in education has raised important
questions about the conditions under which Al can most effectively improve
learning outcomes. International frameworks such as UNESCO’s Artificial
Intelligence in Education: Challenges and Opportunities for Sustainable
Development emphasize that the potential of Al depends on a region’s capacity
to integrate technology with human-centered teaching and institutional
readiness [17]. This perspective highlights the importance of contextual factors
such as qualification levels, teacher competencies, and access to higher
education as determinants of successful Al implementation [18]. In this regard,
analyzing educational data at the regional level offers valuable insights into how
these structural factors interact with Al integration and influence overall
education performance [19].

Despite the growing body of literature on Al applications in education, most
existing studies focus on micro-level impacts, such as classroom effectiveness,
student engagement, or algorithmic efficiency, while macro-level analyses
remain underexplored [20]. Few empirical studies have examined how Al
integration correlates with broader educational outcomes across regions,
particularly in terms of qualification attainment and institutional performance
[21]. This gap limits policymakers’ ability to design evidence-based strategies
for scaling Al integration beyond individual classrooms [22]. Therefore, it is
essential to conduct large-scale, data-driven research that links Al readiness
indicators with regional education performance to provide a more
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comprehensive understanding of Al’s systemic impact [23].

This study aims to address this gap by evaluating the effectiveness of Al
integration on regional education outcomes through quantitative analysis of
educational attainment and performance indicators. The research focuses on
two key measures: the proportion of residents achieving Level 3-5 and Level 6
or above qualifications, and the corresponding regional education score, which
serves as a proxy for overall educational performance. By analyzing the
correlation between qualification levels and education scores, this study seeks
to determine whether regions with higher educational attainment also
demonstrate improved learning outcomes that may reflect greater capacity to
integrate Al-based educational systems. The analysis not only assesses the
strength of these relationships but also explores regional disparities that may
indicate unequal access to Al-driven educational advancements.

The contribution of this research lies in its empirical assessment of how Al
integration interacts with regional education structures and outcomes. Unlike
prior studies that focus narrowly on classroom or institutional contexts, this study
adopts a regional perspective to reveal systemic patterns of educational
inequality and technological readiness. The findings are expected to provide
valuable insights for policymakers, educators, and researchers seeking to
understand the conditions under which Al contributes most effectively to
educational improvement. In addition, the study offers evidence to support the
development of strategic frameworks that align Al implementation with human
capital development and digital infrastructure enhancement. By identifying the
relationship between higher education attainment and regional performance,
this research advances the argument that Al's transformative potential depends
on its alignment with existing educational capacities and policy-driven
investments in technology and learning ecosystems.

In summary, this study investigates the relationship between Al integration and
regional education outcomes by analyzing educational attainment indicators and
performance data. It seeks to answer whether regions with higher qualification
levels experience greater educational benefits from Al adoption and how these
relationships contribute to overall educational equity. Through a data-driven
approach, the study contributes to the growing discourse on the role of Al in
education by providing evidence-based insights that inform both theory and
practice. The findings are expected to guide policymakers in designing
strategies that leverage Al as a catalyst for educational excellence while
ensuring equitable access to technological innovations across diverse regional
contexts.

Literature Review

Al has become an increasingly influential force in transforming the education
sector at all levels. Over the past decade, Al applications such as intelligent
tutoring systems, adaptive learning environments, predictive analytics, and
automated feedback tools have been widely adopted to enhance teaching
efficiency and learning personalization [24], [25]. Studies have shown that these
technologies support real-time assessment, automate administrative tasks, and
facilitate individualized learning paths, ultimately improving student engagement
and academic performance. In addition to classroom benefits, Al has proven
effective in assisting institutional decision-making by analyzing large datasets to
identify student needs, monitor progress, and predict learning outcomes. These
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developments highlight Al's growing potential to redefine educational systems
by creating data-driven and adaptive learning environments.

Empirical evidence further suggests that Al contributes positively to academic
performance by improving student motivation, retention, and critical thinking
skills. Quantitative analyses from higher education institutions demonstrate that
the implementation of Al-based interventions enhances problem-solving abilities
and deep learning, particularly when integrated into technology-rich
environments. Moreover, studies indicate that Al integration fosters
collaboration between students and instructors by providing continuous
feedback and personalized recommendations that address individual learning
gaps. Systematic reviews and meta-analyses also confirm that Al in education
can substantially improve learning outcomes across disciplines when supported
by appropriate infrastructure and teacher readiness. However, the effectiveness
of Al implementation varies depending on institutional capacity, digital
infrastructure, and educational policy support, emphasizing the need for
contextualized approaches.

At the regional and systemic levels, the literature highlights that disparities in
digital infrastructure and human capital significantly affect the extent to which Al
can be integrated successfully into education systems. Research shows that
regions with strong higher education institutions and advanced technological
capacity achieve greater benefits from Al adoption compared to those with
limited digital resources. This uneven distribution suggests that Al functions as
a technological amplifier, enhancing outcomes in regions already characterized
by higher qualification levels and educational investment. In this context, human
capital development and digital readiness emerge as key enablers of successful
Al integration. Studies have further revealed that regions with a higher
concentration of residents holding university-level qualifications (Level 6 and
above) tend to exhibit superior learning outcomes, reflecting the reciprocal
relationship between higher education attainment and Al adoption.
Consequently, the presence of a skilled and digitally literate population serves
as a foundational requirement for effective Al-based educational transformation.

The literature also identifies several challenges and ethical considerations
associated with Al integration in education. Concerns regarding data privacy,
algorithmic bias, over-reliance on technology, and the potential erosion of
human interaction in learning environments are widely discussed. These
challenges underscore the need for strong governance frameworks, digital
ethics training, and institutional oversight to ensure that Al technologies are
implemented responsibly and equitably. Despite these concerns, Al continues
to be viewed as a critical driver of educational innovation, capable of
transforming traditional pedagogies into more flexible, inclusive, and efficient
systems. Furthermore, global initiatives from organizations such as UNESCO
advocate for equitable access to Al technologies and the development of
inclusive digital learning ecosystems that promote sustainable educational
advancement.

Overall, existing research establishes a strong theoretical and empirical
foundation for understanding Al's impact on educational performance. However,
most studies focus primarily on micro-level or institutional contexts, with limited
exploration of macro-level or regional educational systems. The lack of large-
scale, data-driven research that links qualification attainment and education
outcomes to Al readiness represents a critical gap in current literature. The
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present study aims to address this gap by examining how Al integration
correlates with regional education outcomes through quantitative analysis of
qualification levels and education performance scores. By investigating these
relationships, this research contributes to a more comprehensive understanding
of how Al interacts with human capital, institutional capacity, and digital
infrastructure to shape regional learning performance and educational equity.

Methodology

This study employed a quantitative, data-driven methodology to evaluate the
relationship between Al integration, educational attainment, and regional
learning outcomes. The research design followed a correlational approach
supported by descriptive and comparative analyses to identify statistical
associations between qualification levels and regional education performance.
The data were derived from the English Education Dataset (english
education.csv), which contains aggregated regional indicators of educational
achievement and performance. Each observation in the dataset corresponds to
a specific region, and the variables include the percentage of the population with
Level 3-5 qualifications, the percentage with Level 6 or above qualifications,
and a composite education performance score (Education Score). The dataset
was chosen because these indicators are closely linked to human capital
development and digital readiness—two critical dimensions influencing the
success of Al integration in education.

Visualization &

Data Preprocessing Interpretation

Statistical Analysis

S
Descriptive Analysis

| —

Correlation Analysis

v

| —

Comparative Analysis

| —

Figure 1 Research Methodology Diagram

Before conducting the analysis, the data were processed and cleaned using the
Python programming language (version 3.12) and relevant libraries including
pandas, numpy, matplotlib, and seaborn. Data cleaning involved checking for
missing values and outliers to ensure the integrity of statistical inferences.
Descriptive statistics such as mean, median, standard deviation, and range
were computed to summarize regional differences in qualification attainment
and education scores. To allow for comparative analysis, the dataset was
divided into two groups based on the median value of the education score.
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Regions with scores above the median were classified as “high-score regions,”
while those below were categorized as “low-score regions.” This dichotomous
grouping enabled a clearer comparison of regional educational characteristics
and their potential relationship to Al readiness.

The statistical analysis consisted of three stages: descriptive, correlational, and
comparative analysis. The descriptive phase characterized the distribution and
variability of the data using the formula for the arithmetic mean:

X= X (1)

n
i=1

S|e=

X represents the mean, X; denotes each data point, and n is the total number

of observations. Measures of spread such as the standard deviation were also
computed to assess variability, following the formula:

0:\/ i=1 (Xi—)_()z (2)

n—1

These descriptive measures provided an overview of how qualification levels
and education scores varied between regions.

The second phase involved the application of Pearson’s correlation coefficient
(r) to determine the strength and direction of linear relationships between the
variables Level 3 to 5, Level 6 or above, and Education Score. The Pearson
correlation was computed using the following formula:

L (-x)v-Y)

N Jz;;l (X - x)zjzzzl (vi—1)°

r is the correlation coefficient ranging from —1 to +1, X; and Y; represent paired
values of the two variables, and X and Y are their respective means. A value of
r = 1indicates a perfect positive relationship, while r = —1 denotes a perfect
negative relationship. The results revealed a strong positive correlation between
Level 6 or above and Education Score (r = 0.905), a weak negative correlation
between Level 3 to 5 and Education Score (r = —0.086), and a moderate
negative correlation between Level 3 to 5 and Level 6 or above (r = —0.355).
These findings indicate that regions with a greater proportion of highly educated
residents tend to achieve better education scores, suggesting that higher
qualification levels may serve as a proxy for successful Al integration.

3)

In the comparative analysis phase, the study examined differences in
qualification attainment between high-score and low-score regions. Boxplots
and summary statistics were used to visualize and compare the two categories.
The mean percentage of residents with Level 6 or higher qualifications in high-
score regions was 35.4% (SD = 7.48), compared to 23.7% (SD = 4.36) in low-
score regions. The boxplot revealed greater variability among high-score
regions, suggesting both a stronger educational base and more diverse
institutional contexts capable of implementing Al-based learning systems.
These analyses were visualized through Python using the seaborn.boxplot()
function for group comparison and the sns.heatmap() function for correlation
representation. Each figure was produced with a 300-dpi resolution and labeled
following Elsevier's academic formatting conventions.
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All computations were performed in a Jupyter Notebook environment to ensure
reproducibility. The analysis workflow was documented step by step, allowing
for transparent replication of results. The statistical code relied on functions
such as df.describe() for descriptive analysis, df.corr(method='pearson') for
correlation calculation, and conditional grouping using NumPy’s np.where()
function for regional categorization. This combination of methods provided a
comprehensive analytical pipeline linking educational structures to Al
readiness.

Interpretation of the results followed conventional thresholds for correlation
strength, where |r| < 0.3 indicates a weak relationship, 0.3 <|r| < 0.5
represents a moderate relationship, and |r| > 0.5 indicates a strong
relationship. Statistical results were interpreted with caution, acknowledging
that correlation does not imply causation but can indicate predictive
associations between educational attainment and regional performance. The
visualization of findings in figure 1, figure 2 and figure 3 supported a clear
narrative that regions with higher levels of advanced qualifications consistently
demonstrate better education scores, reinforcing the conceptual assumption
that Al adoption benefits most where human capital and digital capacity are
already strong.

Ethical standards were upheld throughout the study. The dataset used
consisted of publicly available, anonymized secondary data that contained no
personal or sensitive information. The analysis was conducted solely for
academic purposes in compliance with open-data usage policies. Reliability
was ensured by applying consistent analytical procedures and reproducible
code, while validity was supported through the theoretical alignment of variables
with educational and technological constructs. The combination of
computational transparency, statistical rigor, and reproducibility ensured the
robustness of the results.

In summary, the methodological framework integrated descriptive, correlational,
and comparative analyses to provide a comprehensive evaluation of the
relationship between educational attainment and regional performance as an
indicator of Al integration. By employing a reproducible Python-based analytical
pipeline and standard statistical techniques, this methodology not only
quantifies the relationship between higher education and regional outcomes but
also provides a replicable model for assessing educational readiness for Al
adoption. The approach ensures analytical precision, transparency, and
relevance for understanding how Al-driven educational transformation
manifests within diverse regional and institutional contexts.

Result and Discussion

The results of this study evaluate the effectiveness of Al integration on regional
education outcomes by analyzing educational attainment indicators and overall
performance scores. The analysis focused on the proportions of residents
achieving Level 3-5 and Level 6 or above qualifications and their relationship
with the regional education score.

As shown in figure 2, a clear and consistent positive association can be
observed between higher qualification attainment and regional education
performance. Regions characterized by a greater proportion of individuals
holding Level 6 or above qualifications, representing university-level or
advanced education, tend to record substantially higher education scores. This
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relationship demonstrates that advanced qualifications play a pivotal role in
enhancing regional learning outcomes and overall educational quality. In
contrast, regions dominated by Level 3-5 qualifications, which correspond to
vocational or post-secondary non-tertiary education, exhibit noticeably lower
education scores and less variation across regions. The data pattern indicates
that mid-level qualifications, while essential for workforce development, have a
comparatively limited impact on regional education performance. This may be
attributed to the fact that higher-level qualifications often involve more exposure
to research-oriented learning, critical thinking, and technology-enhanced
pedagogy—factors that directly contribute to improved learning efficiency and
the adoption of Al-based learning tools.

Furthermore, the clustering observed in figure 2 reinforces the existence of a
nonlinear, cumulative effect between higher qualification attainment and
regional educational outcomes. As the proportion of Level 6+ qualified
individuals increases, education scores not only rise but also become more
stable, suggesting that regions with a strong base of higher education graduates
are more resilient and adaptive to Al-driven educational innovation. This pattern
implies a reinforcing cycle: regions with stronger higher education systems are
more capable of integrating Al technologies, which in turn enhance educational
outcomes further. The finding aligns with prior evidence that Al integration tends
to be most successful in environments where learners possess advanced digital
literacy, self-directed learning skills, and cognitive maturity. Therefore, the
association captured in figure 2 highlights how the interplay between
educational attainment and Al readiness can collectively shape the trajectory of
regional learning performance and the broader effectiveness of Al-enhanced
education systems.

Qualification Level
10.0 4 ® Level3-5
Level 6+
7.5 1
5.0

25

0.0

Regional Education Score

-2.5

-5.0 4

=75

10 20 30 40 50 60
Percentage of Population by Qualification Level (%)

Figure 2 Relationship between qualification levels and regional education score

Further evidence of this relationship is illustrated in figure 3, which presents the
correlation heatmap among key educational indicators. The correlation analysis
clearly reveals a strong positive relationship (r = 0.905) between Level 6 or
above qualifications and education score, indicating that regions with a higher
concentration of individuals holding advanced qualifications consistently
achieve superior educational outcomes. This strong association suggests that
higher education attainment plays a crucial role in shaping regional learning
performance and overall education quality. In contrast, the relationship between
Level 3-5 qualifications and education score is weak and slightly negative (r =
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—0.086), implying that mid-level qualifications may not be a reliable predictor of
enhanced educational outcomes at the regional level. The negative correlation
between Level 3-5 and Level 6+ qualifications (r = —0.355) further indicates a
structural imbalance in regional education systems, where a focus on advanced
education tends to coincide with a smaller mid-qualified population. This pattern
reflects a natural hierarchy in educational development, where regions investing
heavily in higher education tend to foster stronger academic ecosystems and
achieve higher levels of educational success.

This correlation pattern aligns closely with the theoretical framework of
educational stratification and technological amplification. Regions that have
developed strong higher education infrastructures are more likely to adopt and
benefit from Al-enhanced learning systems, such as adaptive instruction
platforms, predictive analytics, and intelligent tutoring technologies. These
systems not only improve the learning experience but also generate data-driven
insights that help refine educational policy and resource allocation.
Consequently, the strong correlation observed in figure 3 suggests that Al
integration may be amplifying pre-existing educational advantages, as regions
with advanced qualification profiles already possess the institutional capacity
and digital readiness necessary for effective implementation. The heatmap
visualization supports this interpretation by illustrating that education
performance is most tightly coupled with the prevalence of higher-level
qualifications, reinforcing the notion that Al-driven educational transformation is
most impactful when combined with human capital and institutional readiness.
This relationship highlights the dual role of Al—as both a technological catalyst
and a dependent variable influenced by the broader structure of regional

education systems.
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Figure 3 Correlation heatmap of educational indicators

To deepen this analysis, the regional dataset was divided into two distinct
categories based on the median value of the education score: high-score
regions and low-score regions. As shown in figure 4, a clear disparity emerges
between these two groups. High-score regions exhibit a substantially greater
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proportion of residents holding Level 6 or above qualifications (mean = 35.4%,
SD = 7.48) compared to low-score regions (mean = 23.7%, SD = 4.36). This
indicates a 12-percentage-point gap in the share of highly educated residents,
which strongly correlates with regional educational success. The boxplot further
reveals that high-performing regions demonstrate not only higher average
qualification levels but also greater variability in attainment patterns, suggesting
a diverse and dynamic educational landscape. This variation implies that in
regions with stronger higher education ecosystems, opportunities for
advancement and specialization are broader, reflecting a more complex
academic structure supported by effective governance, institutional investment,
and access to learning technologies. In contrast, low-performing regions display
tighter clustering around lower qualification levels, which may signal limited
access to advanced education and fewer opportunities to leverage technology-
driven learning innovations.

These findings underscore that access to advanced education acts as a central
driver of regional learning performance and that such access is often intertwined
with the successful integration of Al-based educational technologies. Tools such
as adaptive learning platforms, automated feedback systems, and predictive
analytics are more likely to be adopted and sustained within higher-education
environments that possess the necessary infrastructure, technical expertise,
and pedagogical adaptability. Consequently, the observed gap between high-
and low-performing regions highlights how Al operates as an amplifier of
existing educational strengths rather than an equalizer. Regions that already
maintain higher levels of academic achievement and digital readiness are better
positioned to integrate Al effectively, benefiting from personalized learning
pathways, real-time assessment, and data-informed instructional design.
Conversely, regions with lower educational attainment may face challenges in
implementing Al systems due to constraints in resources, digital literacy, and
institutional capacity. This reinforces the notion that the transformative potential
of Al in education depends on foundational human capital development and

equitable access to higher education opportunities.
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Figure 4 Distribution of Level 6+ qualification by education score category

Overall, the results demonstrate that regions with greater concentrations of
highly educated individuals tend to achieve better education scores, which
supports the hypothesis that Al integration in education yields the greatest
benefits where human capital and digital readiness are already established. This
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aligns with previous studies emphasizing that Al-driven educational
environments are most effective when implemented within data-rich, learner-
centered ecosystems that support continuous learning and cognitive
engagement.

The findings also carry significant policy implications. They suggest that the
effectiveness of Al in enhancing educational outcomes is not uniform across
regions; rather, it depends on structural readiness and educational maturity.
Regions with stronger higher-education systems and better digital infrastructure
are more capable of leveraging Al to achieve measurable improvements in
learning outcomes. In contrast, regions with lower qualification levels may
require foundational investments in human capital and teacher readiness before
fully realizing the benefits of Al technologies.

Theoretically, this supports the view that Al serves as an enabling technology—
enhancing but not replacing the foundational drivers of educational quality.
These findings echo the perspective of Holmes et al. (2022) and Zawacki-
Richter et al. (2019), who argue that Al amplifies existing educational
advantages when integrated into systems that are pedagogically and
technologically prepared. Therefore, the results of this study underscore the
need for balanced educational policy strategies that integrate Al development
with long-term investments in higher education, digital literacy, and institutional
capacity building.

Conclusion

This study examined the effectiveness of Al integration in improving regional
education outcomes by analyzing the relationship between qualification
attainment and education performance indicators. The findings demonstrate a
strong positive relationship between higher qualification levels, particularly Level
6 or above, and regional education scores, suggesting that advanced
educational attainment plays a critical role in shaping learning performance and
overall educational quality. Regions with a higher proportion of highly educated
individuals consistently achieved better education outcomes, while those
dominated by mid-level qualifications, such as Level 3 to Level 5, showed
weaker or negligible associations with performance indicators. This pattern
indicates that the benefits of Al in education are most prominent in regions with
well-developed higher education systems and robust digital infrastructures that
support the implementation of Al-enhanced learning tools. Furthermore, the
analysis suggests that Al functions as a technological amplifier that strengthens
existing educational advantages rather than serving as an equalizer across
regions. High-performing regions are more likely to have the institutional
capacity, teacher readiness, and technological resources necessary to
effectively utilize Al-based learning systems, whereas low-performing regions
may lack the foundational conditions required for successful adoption. To
maximize the impact of Al integration in education, policymakers should focus
on improving access to higher education, investing in digital infrastructure, and
building the capacity of educators to apply Al technologies effectively.
Strengthening these foundational elements can help ensure that the advantages
of Al are distributed more equitably and contribute to sustainable improvements
in educational quality. Future research should investigate the causal pathways
linking Al adoption, qualification attainment, and learning outcomes by
incorporating direct measures of Al usage and longitudinal data across diverse
educational contexts. Such efforts would deepen the understanding of how Al
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can be leveraged to enhance learning equity, optimize educational strategies,
and support the long-term transformation of education systems.
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