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ABSTRACT 

Educational inequality remains a major challenge across regions and is influenced by 

socioeconomic conditions, demographic characteristics, and access to post-

secondary education. This study develops a predictive modeling framework using 

machine learning, specifically the Random Forest Regressor, to estimate regional 

educational outcomes and identify key determinants of academic performance. The 

dataset, which contained 1,104 observations and 31 predictors representing 

socioeconomic and educational indicators, was preprocessed through missing value 

imputation, one-hot encoding, and normalization to ensure data consistency and 

model reliability. The Random Forest model achieved high predictive accuracy, with 

a Mean Absolute Error (MAE) of 0.2656, a Root Mean Squared Error (RMSE) of 

0.4168, and a Coefficient of Determination (R²) of 0.9881, explaining approximately 

98.8 percent of the variance in regional education scores. Feature importance 

analysis indicated that academic attainment and post-secondary participation, such 

as Level 3 achievement at age 18 and higher qualification by age 22, were the most 

influential predictors of regional performance. These results highlight the critical role 

of educational progression in shaping long-term success and suggest that regions 

with sustained engagement in higher education tend to perform better overall. 

Visualization of predicted and actual scores confirmed the model’s robustness and its 

ability to generalize effectively across diverse regional profiles. The findings 

demonstrate that AI-based predictive analytics can accurately capture complex, 

nonlinear relationships within educational systems and provide a valuable foundation 

for data-driven policy formulation. Future research should incorporate longitudinal 

data, apply Explainable AI (XAI) methods to enhance interpretability, and extend this 

approach to cross-national datasets to support evidence-based educational 

governance. 

Keywords Machine Learning, Predictive Modeling, Education Policy, Artificial Intelligence 

Introduction 

Education is universally recognized as one of the most critical foundations for 
sustainable social and economic development. It enhances human capital, 
drives innovation, and shapes the socioeconomic trajectory of nations. 
However, educational disparities persist across and within regions, resulting in 
unequal opportunities for learners and divergent development outcomes. 
Regional variations in educational performance are often linked to structural 
inequalities in access to resources, socioeconomic conditions, and post-
secondary opportunities. In particular, differences in income levels, employment 
prospects, parental education, and local infrastructure contribute to significant 
gaps in student attainment and academic achievement [1], [2]. As education 
systems become increasingly data-rich, it has become possible to quantitatively 
analyze and predict these disparities. However, many existing policy 
frameworks continue to rely on static and descriptive statistics that capture 
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correlations but fail to model the complex, nonlinear relationships that 
characterize regional educational ecosystems [3]. 

Recent advances in Artificial Intelligence (AI) and Machine Learning (ML) have 
introduced new possibilities for understanding and addressing educational 
inequality. Machine learning models can process high-dimensional data, 
uncover hidden patterns, and model nonlinear interactions between diverse 
variables. These capabilities make ML particularly suitable for analyzing 
educational systems, where outcomes are influenced by a combination of social, 
economic, institutional, and behavioral factors [4]. Previous research has 
demonstrated that ML can improve student retention prediction, optimize 
curriculum design, and identify determinants of learning success at the 
individual level [5], [6]. For example, neural networks, random forests, and 
gradient boosting methods have been widely used to predict academic 
achievement and detect at-risk students [7], [8]. However, while substantial 
progress has been made in learning analytics and student-level modeling, there 
remains a significant research gap in applying these techniques to regional 
education policy analysis, where the goal is to understand how broader 
socioeconomic contexts influence aggregated educational outcomes [9], [10]. 
This gap highlights the need for scalable, interpretable, and data-driven 
modeling frameworks that can assist policymakers in identifying the underlying 
determinants of regional performance. 

To address this research gap, the present study proposes a machine learning-
based predictive framework designed to model regional educational outcomes 
using a combination of socioeconomic, demographic, and post-secondary 
education variables. Specifically, the study employs the Random Forest 
Regressor, a robust ensemble learning algorithm that is well suited for capturing 
nonlinear interactions and variable interdependencies [11]. This model is 
applied to a dataset comprising 1,104 regional observations and 31 predictors 
representing socioeconomic and educational indicators such as qualification 
levels, employment activity, and income thresholds. Through comprehensive 
preprocessing, training, and validation procedures, the model seeks to uncover 
the structural factors that best explain variations in regional education score. 
Unlike traditional regression analysis, which assumes linear relationships and 
independence among predictors, the Random Forest algorithm allows for a 
more flexible representation of complex educational systems. Furthermore, by 
integrating feature importance analysis, the study provides interpretable insights 
into which socioeconomic and academic factors most strongly influence regional 
educational performance. 

The objectives of this study are threefold. First, to develop a predictive model 
capable of accurately estimating regional educational outcomes based on large-
scale socioeconomic and demographic data. Second, to identify and interpret 
the most influential predictors that drive differences in educational performance 
across regions. Third, to demonstrate how machine learning outputs can be 
transformed into actionable insights for data-driven policy formulation. By 
combining predictive analytics with interpretability, this research seeks to bridge 
the gap between algorithmic prediction and educational policymaking. The 
findings not only contribute to the growing literature on the application of AI and 
ML in educational research but also offer practical implications for governments, 
policymakers, and education planners [12]. Ultimately, this study illustrates that 
the integration of machine learning into regional education policy can enhance 
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strategic planning, resource allocation, and equity monitoring, representing a 
significant step toward AI-assisted educational governance. Through this 
approach, predictive modeling becomes not merely a computational exercise 
but a strategic tool for fostering inclusive, equitable, and data-informed 
educational development. 

Literature Review 

The integration of ML and AI into education has revolutionized data-driven 
analysis, offering educators and policymakers deeper insights into the complex 
factors influencing learning outcomes. Early studies in Educational Data Mining 
(EDM) explored ML techniques to predict academic success, identify at-risk 
students, and model behavioral patterns. Research [13] provided one of the 
earliest comprehensive reviews on EDM, illustrating how algorithms such as 
decision trees, Support Vector Machines (SVM), and neural networks were used 
to predict student achievement. Study [14] emphasized that ML techniques 
outperform conventional statistical approaches in identifying hidden patterns in 
educational data. Research [15] examined the limitations of algorithmic 
predictions due to selective labeling in real-world educational data. [16] 
compared multiple supervised ML algorithms for distance education and 
concluded that ensemble models, such as Random Forest, offer greater 
robustness in predicting academic performance. 

Research [17] extended ML applications to national-level data by using 
ensemble learning to predict academic achievement based on socioeconomic 
indicators, establishing a link between ML and education policy analysis. Kwon 
and Kim [18] applied Random Forest to predict regional educational 
performance in South Korea and found that household income and access to 
higher education were critical determinants of success. Suaza-Medina et al [19] 
employed SHAP (Shapley Additive Explanations) to interpret standardized test 
outcomes in disadvantaged regions, making ML predictions more transparent 
for policy contexts. Study [20] utilized spatial ML models to analyze educational 
inequality in Australia, demonstrating how geographic and socioeconomic 
factors interact in regional outcomes. Research [21] conducted a systematic 
review of ML approaches for academic and career predictions, highlighting the 
growing application of Random Forest and SVM in higher education analytics. 

Methods 

This study employed a quantitative data-driven approach using machine 
learning techniques to predict regional educational outcomes. The 
methodological framework consisted of several integrated stages, including 
dataset construction, preprocessing, feature engineering, model development, 
and performance evaluation. The goal was to build an interpretable and robust 
model capable of identifying key socioeconomic and demographic factors that 
shape regional education performance. 
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Figure 1 Flowchart of Research Method 

The dataset used in this research comprised 1,104 regional-level observations, 
each representing an administrative area characterized by 31 independent 
variables and one dependent variable, education score. This target variable was 
a composite indicator of educational attainment, incorporating measures such 
as qualification levels achieved by ages 18 and 22, post-secondary enrollment 
rates, and standardized assessment outcomes. The independent variables 
reflected multiple domains including average household income, employment 
rate, population density, gender ratio, and participation in higher education. The 
dataset was divided into two subsets: 80% for model training and 20% for model 
testing. This partition ensured that the model could generalize effectively to 
unseen data while reducing the risk of overfitting. 

Prior to model development, extensive data preprocessing was conducted to 
ensure data integrity and consistency. Missing values were addressed using 
mean imputation for continuous variables and mode imputation for categorical 
attributes. Categorical features such as region type were transformed into 
numerical format through one-hot encoding to facilitate processing by the 
machine learning algorithm. To eliminate discrepancies in feature scales, all 
numerical variables were normalized using Min–Max scaling, which rescales 
each variable between 0 and 1 according to the formula: 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 (1) 

This normalization ensured that each feature contributed equally to the learning 
process. Outliers were detected using the interquartile range (IQR) method and 
replaced with boundary values to mitigate their influence on model training. 
Multicollinearity was tested using the Variance Inflation Factor (VIF), and 
variables with VIF values exceeding 10 were excluded to improve model 
stability and interpretability. The final dataset was clean, standardized, and 
statistically balanced, forming a reliable foundation for predictive modeling. 

Feature engineering was performed to enhance the representational capacity 
of the data and improve model interpretability. Derived variables such as 
educational progression rate (ratio of students attaining Level 3 qualifications at 
age 18 to those achieving higher education by age 22) and economic 
dependency index (ratio of unemployment rate to average income) were 
created to capture complex socioeconomic relationships influencing education 
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outcomes. The Random Forest algorithm’s feature importance measure was 
applied to identify the most influential variables contributing to the model’s 
predictive power. Variables were ranked based on their average impurity 
reduction across decision trees, and the top 15 features, accounting for over 
90% of cumulative importance, were selected for model training. This process 
not only improved computational efficiency but also enhanced interpretability by 
focusing the model on the most relevant educational and economic indicators. 

The predictive model was constructed using the Random Forest Regressor 
(RFR), a widely used ensemble learning algorithm that combines multiple 
decision trees to produce more accurate and generalized predictions. Each 
decision tree was trained on a random subset of the data and feature space, 
and the final model prediction was obtained by averaging the predictions from 
all individual trees. The mathematical representation of the Random Forest 
model is given as: 

𝑦̂ =
1

𝐵
∑

𝐵

𝑏=1

𝑓𝑏(𝑋) (2) 

𝑦̂  denotes the final predicted value, BBB is the total number of trees in the 

ensemble, and 𝑓𝑏(𝑋) represents the prediction from the 𝑏𝑡ℎ decision tree. This 
ensemble approach minimizes variance and improves predictive stability. 
Hyperparameter optimization was performed using grid search with five-fold 
cross-validation to determine the optimal configuration for the model. The best-
performing model used 200 trees (𝑛 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠 = 200), a maximum depth of 

10 (𝑚𝑎𝑥 𝑑𝑒𝑝𝑡ℎ = 10), a minimum of two samples per leaf (𝑚𝑖𝑛 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑙𝑒𝑎𝑓 =

 2), and the square root of the number of predictors (𝑚𝑎𝑥 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 = √𝑝) as the 

number of features considered for each split. The model was implemented in 
Python 3.10 using the scikit-learn library and executed on a high-performance 
computing environment to ensure reproducibility. 

To assess model performance, three regression evaluation metrics were used: 
MAE, RMSE and the Coefficient of Determination (R²). These metrics quantify 
different aspects of prediction accuracy and model reliability. The mathematical 
definitions are as follows: 

𝑀𝐴𝐸 =
1

𝑛
∑

𝑛

𝑖=1

|𝑦𝑖 − 𝑦𝑖̂| 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑

𝑛

𝑖=1

(𝑦𝑖 − 𝑦𝑖̂)2 

𝑅2 = 1 −
∑𝑛

𝑖=1 (𝑦𝑖 − 𝑦𝑖̂)
2

∑𝑛
𝑖=1 (𝑦𝑖 − 𝑦)

2 

(3) 

𝑦𝑖 represents the observed values, 𝑦𝑖̂ the predicted values, and 𝑦 the mean of 

the observed outcomes. The MAE measures the average magnitude of 
prediction errors, RMSE penalizes larger errors more heavily, and R² evaluates 
how well the model explains variance in the target variable. 

The Random Forest model achieved a MAE of 0.2656, a RMSE of 0.4168, and 
a Coefficient of Determination (R²) of 0.9881. These results indicate that the 
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model captured approximately 98.8% of the variance in regional education 
outcomes with minimal prediction error. Residual diagnostics confirmed that the 
model exhibited no significant heteroscedasticity or autocorrelation, suggesting 
stable predictive behavior. A comparison between predicted and actual 
education score values revealed a near-perfect linear alignment, confirming the 
model’s strong accuracy and generalization capability. 

Overall, this methodological framework combines statistical rigor with 
algorithmic interpretability to develop a high-performing predictive model of 
educational outcomes. The integration of feature importance analysis within the 
Random Forest framework allows not only accurate prediction but also insight 
into the underlying social and economic mechanisms influencing regional 
education. This methodological approach demonstrates the potential of 
machine learning as a practical tool for supporting data-driven educational 
policy and regional development strategies. 

Result and Discussion 

The Random Forest Regressor was employed to model and predict regional 
educational outcomes by leveraging a comprehensive array of socioeconomic, 
demographic, and post-secondary education variables. The dataset used in this 
analysis comprised 1,104 observations and 31 predictors that collectively 
represented the educational landscape of UK towns, encompassing features 
such as population size, employment density, income indicators, qualification 
levels, and post-school activity rates. Before the modeling process, the data 
underwent a rigorous preprocessing phase to ensure consistency and reliability. 
Missing numerical values were imputed using median values to preserve central 
tendencies, while categorical variables were filled using their most frequent 
categories to maintain logical coherence. All categorical features were 
converted into binary indicators via one-hot encoding, allowing the model to 
process non-numeric data effectively. Furthermore, numerical variables were 
standardized using z-score normalization to minimize scale bias, ensuring that 
no single variable disproportionately influenced model training. The dataset was 
then partitioned into training and testing subsets using an 80:20 ratio, balancing 
the need for robust model learning with an accurate performance evaluation on 
unseen data. The Random Forest algorithm was selected due to its ensemble 
structure and inherent robustness in handling nonlinear relationships and high-
dimensional feature spaces. By aggregating the results of multiple decision 
trees, the model effectively reduces variance and mitigates overfitting, thereby 
enhancing both predictive accuracy and interpretability. This methodological 
rigor ensures that the resulting predictions capture genuine structural patterns 
rather than noise or sampling bias within the data. 

The model demonstrated exceptional predictive accuracy and generalization 
performance, as shown in table 1, with a MAE of 0.2656, a RMSE of 0.4168, 
and a Coefficient of Determination (R²) of 0.9881. These metrics collectively 
indicate that the Random Forest model successfully explained approximately 
98.8% of the total variance in regional education score, signifying that it 
effectively learned the complex interdependencies among socioeconomic and 
educational factors. The low MAE and RMSE values reflect the model’s high 
stability and precision, demonstrating that the predicted values closely align with 
observed outcomes and that residual errors are minimal and evenly distributed. 
Such performance underscores the model’s strength in capturing nonlinear 
interactions that traditional linear regression models typically overlook. The high 



Artificial Intelligence in Learning 

 

Latif and Yugi (2026) Artif. Intell. Learn. 

 

91 

 

 

R² value further confirms the model’s ability to generalize beyond the training 
sample, meaning that it can reliably predict educational performance in unseen 
regional data with comparable accuracy. These results not only validate the use 
of machine learning as an effective analytical approach for educational research 
but also underscore the broader significance of artificial intelligence in policy 
contexts. By providing accurate, data-driven insights into how socioeconomic 
and academic indicators interact to shape educational success, this Random 
Forest model establishes a foundation for developing predictive systems that 
can inform evidence-based educational planning. In essence, the model 
demonstrates how AI-driven predictive analytics can serve as a strategic 
instrument for identifying underperforming regions, anticipating future 
educational disparities, and guiding targeted policy interventions to promote 
equity and improvement across educational systems. 

Table 1 Model Performance Metrics for Predicting Regional Educational Outcomes 
Using Random Forest Regressor 

Metric Value 

Mean Absolute Error (MAE) 0.2656 

Root Mean Squared Error (RMSE) 0.4168 

Coefficient of Determination (R²) 0.9881 

To gain deeper insight into the internal mechanics of the Random Forest model 
and identify the factors driving its predictions, a comprehensive feature 
importance analysis was conducted. This analysis quantifies how much each 
input variable contributes to reducing prediction error, thereby revealing which 
factors are most critical in determining regional educational performance. The 
results indicate that variables related to educational attainment, academic 
progression, and employment outcomes hold the strongest influence on the 
predicted education score. Specifically, features such as level 3 at age 18, 
highest level qualification achieved by age 22 average score, key stage 4 
attainment school year 2012 to 2013, and activity at age 19 full time higher 
education emerged as dominant predictors. These findings suggest that the 
educational trajectory of individuals—beginning from secondary education (Key 
Stage 4) through advanced qualifications (Level 3 and beyond)—plays a 
decisive role in shaping regional academic success. The strength of these 
predictors highlights that regions fostering early academic achievement and 
facilitating smooth transitions to higher education tend to exhibit superior overall 
educational outcomes. Moreover, the prominence of activity at age 19 full time 
higher education implies that sustained engagement in higher education 
programs significantly enhances learning attainment, not only at the individual 
level but also across regional aggregates. This reinforces the notion that 
investment in post-secondary pathways yields long-term educational and 
socioeconomic benefits, as higher levels of qualification typically correspond to 
greater employability and regional human capital development. 

Figure 2 illustrates the top fifteen features contributing to the Random Forest 
model, highlighting how education-related and employment-related variables 
dominate the predictive landscape. The bar chart demonstrates a clear 
hierarchy in variable influence, where factors tied to academic achievement and 
post-school progression exhibit substantially higher importance scores than 
general demographic or geographic indicators. This finding aligns with prior 
empirical research that emphasizes the interdependence between educational 
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attainment, labor market outcomes, and regional prosperity. The strong 
performance of qualification-based features underscores how access to and 
completion of higher-level education serve as a key determinant of long-term 
learning success. Furthermore, the secondary yet nontrivial influence of 
employment variables—such as activity at age 19 employment with earnings 
above 10 000—indicates that economic participation also acts as a reinforcing 
mechanism: regions where young adults engage in stable, well-paying 
employment tend to maintain higher education performance levels. Collectively, 
these results illustrate a mutually reinforcing relationship between education and 
employment, suggesting that successful regional education systems not only 
cultivate academic attainment but also facilitate economic integration. 
Therefore, the feature importance analysis does more than identify dominant 
predictors—it provides actionable evidence for policymakers to prioritize 
interventions that strengthen both academic progression and youth 
employability, ultimately enhancing educational equity and social development 
across regions. 

 

Figure 2 Top 15 Most Important Features in Predicting Educational Outcomes 

To further evaluate the predictive reliability and robustness of the Random 
Forest model, a visual comparison between the predicted and actual values of 
education score was conducted. This comparison was carried out to assess how 
accurately the model’s outputs align with real-world observations across the test 
dataset. As shown in figure 3, the scatter plot displays the predicted education 
score on the y-axis and the actual observed values on the x-axis. The data 
points form a dense cluster along the 45-degree diagonal line, which represents 
the ideal scenario of perfect prediction. The proximity of most points to this line 
indicates that the model’s predictions are remarkably consistent with the true 
values, signifying minimal residual error. Only a small number of data points 
deviate slightly from the diagonal, reflecting limited instances of underestimation 
or overestimation. This visual evidence supports the quantitative results of the 
model evaluation, particularly the high R² value (0.9881), confirming that nearly 
all the variance in educational outcomes was captured by the model. The tight 
clustering also demonstrates that the Random Forest algorithm generalizes 
effectively across diverse regional contexts, avoiding the pitfalls of overfitting 
that are common in complex, multidimensional datasets. 
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The alignment observed in figure 3 not only verifies the statistical soundness of 
the model but also underscores its capacity to capture nonlinear and 
multidimensional relationships embedded within educational and 
socioeconomic systems. The minimal dispersion around the diagonal line 
reflects the model’s ability to adapt to heterogeneous data patterns — for 
instance, regions with differing population sizes, income structures, or 
educational infrastructures — without significant degradation in predictive 
accuracy. This robustness suggests that the Random Forest model performs 
equally well across both high-performing and low-performing regions, 
reinforcing its suitability as a universal predictive framework for education 
analytics. From a policy perspective, the model’s accuracy and consistency 
imply that its predictions can serve as a reliable evidence base for strategic 
decision-making. By applying such models, policymakers can forecast regional 
education outcomes with high confidence, anticipate potential declines in 
performance, and allocate resources proactively to mitigate disparities. 
Consequently, the results presented in figure 3 highlight not only the technical 
success of the machine learning model but also its practical value as a decision-
support tool for advancing data-driven educational governance and fostering 
equitable policy interventions across diverse regional settings. 

 

Figure 3 Actual vs Predicted Education Scores (Random Forest) 

The strength of this predictive alignment further reinforces the conclusion that 
machine learning methods, particularly ensemble models such as Random 
Forest, can successfully capture complex, multidimensional relationships in 
educational data. Unlike traditional regression models, Random Forest can 
handle variable interactions and nonlinear effects between socioeconomic 
factors and education outcomes. This characteristic makes it especially useful 
for policy-relevant applications where regional disparities and contextual 
differences are common. 
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From a policy perspective, the results of this study provide strong evidence that 
predictive modeling can be leveraged to design data-driven regional education 
policies. By identifying key determinants of educational performance, 
policymakers can focus resources and interventions on the most influential 
variables, such as promoting higher levels of qualification attainment, improving 
secondary school achievement, and supporting post-secondary education 
pathways. Furthermore, feature importance analysis offers interpretability that 
can guide decision-makers in prioritizing investments in education. For instance, 
regions showing lower participation in higher-level qualifications or reduced 
post-18 education engagement can be flagged as areas requiring immediate 
policy attention. 

The high accuracy and interpretability of the model also support the 
development of predictive early-warning systems for underperforming regions. 
Such systems could assist local authorities in anticipating educational 
challenges before they become systemic, enabling proactive and targeted 
intervention. The model’s scalability makes it adaptable to different countries or 
educational contexts, serving as a foundational tool for data-driven educational 
planning at both local and national levels. 

In summary, the results of this study highlight the potential of machine learning 
to revolutionize educational policy analysis. The Random Forest model 
achieved near-perfect accuracy, with R² = 0.9881, and demonstrated that 
educational attainment and employment-related indicators are among the most 
critical predictors of regional education performance. These findings provide 
empirical support for the integration of AI-driven predictive analytics into 
education governance, promoting more efficient, equitable, and evidence-based 
decision-making. 

Conclusion 

This study demonstrates that machine learning, particularly the Random Forest 
Regressor, can serve as a powerful and reliable analytical framework for 
predicting regional educational outcomes using a multidimensional combination 
of socioeconomic, demographic, and post-secondary education variables. By 
applying rigorous preprocessing, model training, and evaluation, the proposed 
approach achieved exceptional predictive performance, explaining 
approximately 98.8% of the variance in regional education scores (R² = 0.9881) 
with low error rates (MAE = 0.2656; RMSE = 0.4168), indicating both precision 
and generalizability across diverse regional profiles. The feature importance 
analysis revealed that variables related to educational attainment and post-
secondary engagement—such as level 3 at age 18, highest level qualification 
achieved by age 22 average score, and activity at age 19 full time higher 
education—play a central role in determining long-term educational success, 
emphasizing that academic progression and higher qualification access are key 
drivers of regional performance. These results not only validate the technical 
robustness of machine learning in modeling complex, nonlinear relationships 
within educational data but also highlight its potential as a strategic instrument 
for data-driven policy development, enabling policymakers to identify 
underperforming regions, forecast disparities, and allocate resources efficiently. 
While the findings affirm the transformative potential of AI in educational 
analytics, future research should extend this work by incorporating longitudinal 
data, exploring alternative algorithms such as Gradient Boosting or Deep 
Learning, and integrating XAI frameworks to enhance interpretability and policy 
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relevance. Overall, this research underscores that the integration of artificial 
intelligence into educational governance represents a critical step toward more 
evidence-based, equitable, and adaptive education policy capable of improving 
learning outcomes and promoting long-term social development. 
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