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Abstract Educational attainment plays a critical role in societal outcomes. It affects employment
prospects, economic development, and social mobility. However, the prediction of educational achieve-
ment remains difficult due to complex socioeconomic and regional factors. Many previous studies fo-
cus mainly on academic variables. The combined effects of demographic, economic, and geographical
factors are often ignored. In addition, many studies rely on single learning models with limited gen-
eralizability. To address these gaps, a novel meta–model blending approach is proposed in this study.
The approach combines the strengths of a Deep Neural Network (DNN) and Gradient Boosting (GB).
The aim is to improve the accuracy and robustness of educational attainment prediction. A prepro-
cessing pipeline is applied before model development. Noise and missing values are handled. Feature
refinement is performed. Min–Max normalization is also applied. After these steps, a hybrid ensemble
model is constructed. The model is evaluated with a dataset of 1100 samples. The dataset includes
22 socioeconomic and regional features from towns in England. The proposed approach presents high
performance with R2 = 0.9975, Mean Absolute Error (MAE) = 0.1582, and Root Mean Squared Error
(RMSE) = 0.2058, which exceeds that of single DNN, single GB, and simple blending methods.
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1 Introduction

Educational attainment is a key determinant of individual and collective prosperity in mod-
ern societies [1]. Higher levels of education are associated with better employment prospects,
higher income, improved health outcomes, and stronger civic participation. At the societal
level, a well educated population supports economic growth, innovation, and long term social
stability [2]. However, large disparities in educational attainment remain across countries and
regions. We observed that such disparities may tend to reflect socioeconomic and geographic
inequalities. Such differences reduce opportunities for the young generation, and/or reinforce
poverty cycles, and/or restrict social mobility. Thus, an in-dept understanding of educational
attainment patterns is would be essential. For that we require robust and predictive models
to be able to better study the groups and regions that face higher educational risks. Such
knowledge supports the design of interventions that improve equity to expand opportuni-
ties, and support stable societies [3]. In addition, it is well studied that the socioeconomic
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and regional factors can influence educational attainment through resource availability and
learning conditions [4]. Nevertheless, the traditional prediction methods rely on manual anal-
ysis or statistical models [3, 5]. It has been well researched that methods as such cannot
represent complex nonlinear relationships. Fortunately,artificial intelligence with the help of
machine learning methods can provide reliable anticipations [6, 7, 8] where several variables
can be analyzed simultaneously, via undestanding the hidden patterns [9, 10]. More accu-
rate predictions are therefore achieved. These methods support educational planning and
policy decisions [11, 12]. Recent studies apply statistical and machine learning approaches
for educational attainment prediction [6, 13, 14, 15]. However, most models rely mainly on
academic performance indicators. Socioeconomic and regional factors receive limited atten-
tion. Single model structures also reduce robustness, generalizability, and interpretability. We
therefore require an integrated approaches that combine diverse data sources and complemen-
tary learning methods for reliable educational attainment prediction. This study contribute
by facilitating this process through a novel approach. Concequntly, in this study, a hybrid
modeling approach is proposed. The approach integrates Deep Learning (DL) and Gradient
Boosting (GB) through integration of a meta model. To do that, we first apply an initial
preprocessing step where the noise and missing values are handled. In addition, in this first
step irrelevant features are removed, incomplete records are excluded, and data normalization
is further conducted. In the next step, during model development, two predictive models are
trained. The proposed models include a Deep Neural Network (DNN) and a GB model. The
models’ outputs are combined through a linear regression meta model to improve prediction
accuracy. The proposed approach generates generalizable predictions through the inclusion
of socioeconomic and regional variables in the modeling process. The proposed model fur-
ther contributes by providing analytical support for policymakers in education systems. Data
based insights can guide decisions related to educational equity and strategic planning. The
objective is to implement a hybrid ensemble model for educational attainment prediction.
For that a deep neural networks, gradient boosting, and meta model blending are integrated.
This implementation provides a process where the socioeconomic, regional, and academic
variables can be analyzed. Furthermore the prediction accuracy and model interpretability
can be constantly improved. Policy relevance is also strengthened through broader data in-
tegration. A systematic preprocessing is applied for noise treatment and feature refinement.
Data normalization improves model stability and prediction reliability. Extensive experiments
validate the proposed approach across multiple evaluation settings. The proposed model out-
performs conventional single model approaches. Better robustness is achieved under different
data conditions. High scalability is also demonstrated across diverse educational datasets and
regional contexts. We further evaluate model adaptability across different urban regions. Re-
liable predictions support educational planning and policy development. Data driven evidence
improves resource allocation and targeted educational interventions.

2 Related Work

In the recent decades, predicting educational attainment has gained popularity. The rele-
vance and applicability had been also increased worldwide with the increasing use of AI. This
section reviews the most relevant studies on student performance prediction which highlights
general challenges in the literature. In this context, Alyahyan and Düştegör [2] have ap-
plied ML to predict academic success in higher education, which provides a systematic meta
analsyis and review. The authors review ML methods and detail best practices to define suc-
cess, select student attributes, and to choose appropriate models. Ghorbani and Ghousi [14]
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have also compared the effectiveness of different resampling methods in imbalanced datasets
in predicting student performance using ML. The authors evaluate several resampling ap-
proaches, including Borderline SMOTE, Random Over Sampler, SMOTE, SMOTE-ENN,
SVM-SMOTE, and SMOTE-Tomek, applied to two educational datasets and evaluate their
performance with a range of classifiers such as Random Forest (RF), K-Nearest Neighbor (K-
NN), Artificial Neural Network (ANN), XGBoost, Support Vector Machine (SVM), Decision
Tree (DT), Logistic Regression (LR), and Näive Bayes (NB) They also use cross-validation
and statistical significance testing (Friedman test). Its strength is the systematic comparison,
which reveals that SVM-SMOTE combined with RF yields the best results for imbalanced
data. However, its performance decreases as the number of classes increases because greater
class diversity intensifies data imbalance and feature overlap. Indeed, it becomes difficult
for classifiers to identify patterns in datasets with varying distributions, sizes, and feature
importance. Zeineddine et al. [16] have improved the prediction of student success in higher
education by employing Automated ML (AutoML) to identify the most effective predictive
models using pre-admission data. It utilizes AutoML frameworks for model selection and
data balancing for accurate prediction. The key advantage of the paper is that AutoML
streamlines the modeling process and leads to more accurate, data-driven interventions for
at-risk students, while a disadvantage is the potential “black box” nature of AutoML, which
can make interpretation and trust in the predictions more challenging for educational stake-
holders. Moreover, its reliance on pre-admission data and automated model selection, which
restricts the integration of broader socioeconomic and regional factors, highlights the need for
a more transparent and context-aware framework to achieve interpretable educational attain-
ment prediction. Yağcı [17] has predicted undergraduate students’ final exam grades using
ML. He studies the midterm grades, department, and faculty information. His study com-
pares the performance of several ML, e.g., RF, K-NN, SVM, LR, and NB, on a dataset of 1854
students, which achieved classification accuracy rates between 70–75%. A key strength of his
approach was its capacity to detect at-risk students and support intervention efforts. However,
his limitation is that relying on a small number of features which overlooks socioeconomic and
regional factors may reduce the accuracy and applicability of the models in different educa-
tional environments. On the other hand, Pallathadka et al. [18] predicted student academic
performance using ML algorithms on real data. The authors compare several algorithms,
including NB, ID3, C4.5, and SVM, by evaluating the accuracy and error rates on a student
performance dataset from the UCI repository. The main advantage of this paper is its system-
atic comparison of widely-used algorithms and practical demonstration on real data, while its
key disadvantage is the reliance on past academic records, which may overlook broader social
or contextual factors affecting performance. Kuadey et al. [19] have examined how different
sources of technostress affect student learning burnout and perceived academic performance
using ML. It collects survey data from university students, applies structural equation mod-
eling, and uses ML algorithms, including RF and SVM, to analyze the relationships between
technostress creators, burnout, and performance. This study combines behavioural variables
and ML-based models to gain deeper insights into student well-being. However, it depends
on psychological and self-reported variables, which limit its ability to capture socioeconomic
and regional influences that affect educational attainments.

Villar and de Andrade [6] used different algorithms are such as Decision Tree (DT), Sup-
port Vector Machine (SVM) and Random Forest (RF). We also use advanced ensemble meth-
ods such as Gradient Boosting (GB), XGBoost, CatBoost and LightGBM. Synthetic over-
sampling is used to solve the class imbalance and parameters of models are optimised with
Optuna. A major strength of this study is the comprehensive evaluation of multiple ML



98 Najjar-Ghabel S., Yousefimehr B. et al.

techniques together with a systematic treatment of imbalanced data. However, the dataset
is obtained from a single institution, which limits the generalizability of the findings. In ad-
dition, socioeconomic and regional variables are not included in the analysis. These factors
have a known influence on educational attainment. This limitation indicates the need for
models that integrate contextual variables to improve prediction accuracy, interpretability,
and applicability across regions. In the other research by Kordbagheri et al. [13] they predict
university students’ completion of academic majors through ML methods. The study focuses
on personality traits and other nontraditional predictors. Probabilistic evaluation metrics
such as pseudo R2 are applied. Model tuning is conducted through resampling and cross
validation. Several algorithms are compared to identify the most influential factors associated
with academic persistence. Their results indicate that particular factors, i.e., agreeableness,
conscientiousness, and emotional stability are important predictors. A major strength of the
study lies in the use of rigorous validation procedures and probabilistic evaluation to im-
prove prediction reliability. However, strong emphasis on personality traits limits the broader
applicability of the results. Important socioeconomic and environmental variables are not
considered in the analysis. A summary of literature on educational attainment prediction
is presented in Table 1, where the table includes a wide range of ML models that has been
applied to identify students at academic risk and to support data based decision making in
education. Although many approaches report promising performance, most rely on limited
academic or institutional variables. Broader socioeconomic and regional factors that influ-
ence educational attainment are often excluded. Several challenges also remain unresolved,
including data imbalance, limited feature diversity, and weak generalizability across different
educational contexts. In addition, many existing models do not achieve both interpretabil-
ity and robustness when applied to new datasets. These limitations present the research
gap. A hybrid predictive approach is required that integrates heterogeneous data sources and
advanced learning methods to improve accuracy, scalability, interpretability, and practical
applicability.

3 Proposed Method

As for the limitation of the literature on educational attainment we have identified in our
review, we will try to suggest a machine learning approach for data integration from different
sources. Moreover, we should make sure about the accuracy, interpretability, and generaliz-
ability of predictions made by the proposed model. This model uses strict data pre-processing
and ensembles of models construction. Table 2 presents the key symbols and their descriptions
used throughout the experimental design and analysis of the proposed method. This gives
consistent terminology for describing the data set structure, partitioning ratio, and parame-
ters of model training. It should be stressed that the Learning Rate (LR) shown in Table 2
is a hyper-parameter controlling the amount by which the weights of the model are modified
in each training step. This will help establish the pace and stability of the learning process.

The architecture of the proposed method is illustrated in Figure 1. It has two main phases:
1) data preparation and 2) model construction. In the data preparation phase, the dataset is
refined in a systematic way to ensure consistency and readiness for ML analysis. First, noisy
and missing values are identified and corrected to reduce bias and information loss. Irrelevant
or redundant features are then removed to reduce dimensionality and improve computational
efficiency. Incomplete rows are also excluded because they may distort model training. The
Min Max normalization is applied to standardize all input features. A common value range
is established across variables. Feature dominance is reduced through this process. Model
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Table 1: Comparative summary of recent supervised studies on educational attainment pre-
diction using ML

Authors/
Year

Objective Algorithms Advantages Disadvantages

Alyahyan
& Düştegör
(2020) [2]

Provide guidelines
for predicting stu-
dent success in
higher education

ML algorithms Offer a step-by-
step process for
educators to use
ML

Require some techni-
cal knowledge, guide-
lines may not fit all
contexts

Ghorbani
& Ghousi
(2020) [14]

Compare different
resampling methods
for predicting stu-
dent performance

RF, K-NN,
ANN, XG-
Boost, SVM,
DT, LR, NB

Comparison of
classifiers

Performance drops as
the number of classes
increases, dataset de-
pendency

Zeineddine et
al. (2021) [16]

Improve the predic-
tion of student suc-
cess

AutoML Streamline model
selection, accu-
rate interventions

AutoML, as a “black
box,” makes model
interpretation diffi-
cult

Yağcı
(2022) [17]

Predict students’ fi-
nal exam grades

RF, K-NN,
SVM, LR, NB

Identify at-risk
students, help
with intervention
planning in the
real world

Limited features re-
strict model power
and generalizability

Pallathadka
et al.
(2023) [18]

Predict student per-
formance

NB, ID3, C4.5,
SVM

Comparison of
ML algorithms,
tested on real
data

Focus on academic
records, misses
broader contextual
influences

Kuadey et al.
(2024) [19]

Examine the impact
of technostress cre-
ators on student per-
formance

RF, SVM,
Structural
Equation Mod-
eling

Integrate be-
havioural factors
with ML

Rely on self-reported
data, limited general-
izability

Villar and
de Andrade
(2024) [6]

Compare supervised
ML algorithms for
predicting academic
success

DT, SVM, RF,
GB, XGBoost,
CatBoost,
LightGBM

Comprehensive
evaluation of ML
methods, effec-
tive management
of imbalanced
data

Results based on a
dataset of a single
institution, limited
generalizability

Kordbagheri
et al.
(2025) [13]

Predict academic
major completion
using personality
traits

ML algo-
rithms with
probabilistic
assessment

Strong validation
and probabilistic
evaluation en-
hance prediction
reliability

Focus on personality
traits, limited gen-
eralizability, neglect
key influencing fac-
tors

convergence and training stability are also improved. Clean, balanced, and standardized data
are therefore obtained. This preparation supports reliable model performance. A hybrid ma-
chine learning model is then developed through deep neural networks, gradient boosting, and
meta model blending. Complex nonlinear and structured relationships are effectively cap-
tured. Batch normalization and dropout are applied to reduce overfitting. Gradient boosting
improves prediction accuracy through iterative error reduction. A meta model combines pre-
dictions from both learning models. We use this strategy to exploit the strengths of each
algorithm. Deep neural networks capture complex feature relationships. Gradient boosting
improves precision and feature interpretation. Meta model blending increases prediction sta-
bility and generalizability. Accurate and interpretable educational attainment prediction is
therefore achieved across diverse socioeconomic and regional contexts.
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Table 2: Summary of symbols and their descriptions
Symbol Description

N The total number of data records (rows)
k Number of features

Ptrain Percentage of the train set
Ptest Percentage of the test set
Pval Percentage of the validation set
ntrain The number of records in the training set
ntest The number of records in the test set
nval The number of records in the validation set
LR Learning Rate

3.1 Data Preparation

The data preparation phase converts raw data into a suitable format for machine learning
analysis. Data quality is improved through cleaning, transformation, and standardization.
Reliable and consistent datasets are therefore obtained. We use this process to support
accurate and reliable predictive model development.

3.1.1 Treatment of Noisy and Missing Values

Treatment of noisy and missing values is essential for reliable educational attainment predic-
tion. Outliers, inconsistent records, and input errors are identified and corrected. Missing
values are treated through imputation or row exclusion. Appropriate methods are selected
according to feature characteristics. High quality and unbiased data are therefore obtained.
The cleaned dataset reflects socioeconomic and regional conditions more accurately. Consis-
tent data are then provided to deep neural networks and gradient boosting models. Stable
feature representations are learned through this process. Overfitting to noisy patterns is also
reduced. Model integrity, robustness, and interpretability are improved. Nonlinear relation-
ships among educational, socioeconomic, and regional factors are more accurately identified.
Reliable predictive evidence is therefore provided for educational planning and policy deci-
sions.

3.1.2 Removal of Irrelevant Features

Elimination of the redundant features is an essential step in data preparation process. Many
educational datasets contain identifiers, repeated attributes, and weak indicators that add
little value to educational attainment prediction. If such features are retained, model com-
plexity may increase. Computational cost may also rise. Multicollinearity and noise may be
introduced, and prediction precision may be reduced. Concequently, the proposed method
improves efficiency and interpretability through the exclusion of these features. The models
can then focus on the most important socioeconomic, regional, and academic predictors. This
refinement step helps the DNN extract more meaningful high-level representations from rele-
vant data patterns. It also helps GB create efficient decision boundaries and reduce residual
errors. Therefore, targeted feature selection improves model clarity, computational stability,
and practical use.
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Figure 1: The overall scheme of the proposed educational attainment prediction method

3.1.3 Exclusion of Rows with Missing Values

Rows with missing values are excluded during data preparation. Dataset integrity and consis-
tency are therefore improved. Incomplete records reduce prediction accuracy and introduce
bias. Correlations among socioeconomic and regional variables are also distorted. Only com-
plete observations are used for model training and validation. Reliable and unbiased learning
is therefore achieved. This step is especially important for deep neural networks and gradient
boosting models. Consistent data distributions improve model stability and learning quality.
Deeper feature representations are learned by deep neural networks. More reliable decision
trees are constructed by gradient boosting. Model robustness and validity are therefore im-
proved. Complex relationships among educational, socioeconomic, and regional factors are
more accurately identified.

3.1.4 Min–Max Normalization

The final step in the data preparation phase is Min–Max normalization. This method rescales
all numerical features to a common range between 0 and 1 [20, 21]. This transformation
ensures that each socioeconomic, regional, and academic variable contributes fairly to the ML
process, regardless of its original scale. Without normalization, features with larger numerical
ranges, such as population size and income indicators, may dominate the model process. They
may also reduce the effect of smaller-scale features and limit balanced pattern detection. Min–
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Max normalization improves model stability, convergence speed, and computational efficiency
through standardized input magnitudes. It helps the DNN optimize weight updates and
helps GB maintain consistent split criteria during tree construction. It also reduces training
bias and ensures that all features contribute to prediction. Finally, Min–Max normalization
helps ML algorithms identify complex interdependence among socioeconomic and regional
determinants of educational attainment.

3.2 Model Construction

The phase of building the model combines multiple ML techniques to improve predictive
generalizability. Our proposed method departs from the traditional single-model methods
through the integration of DNN, GB, and meta-model blending. This combination captures
complex patterns, reduces errors, and uses the strengths of different algorithms. Before model
construction, the prepared dataset is divided into training, validation, and test subsets accord-
ing to predefined proportions (Ptrain, Ptest, Pval). This division supports fair model evaluation
and prevents data leakage.

3.2.1 Deep Neural Network (DNN) Architecture

The first component in the model construction phase is the DNN. This method is developed
to identify complex and nonlinear relationships among socioeconomic, regional, and academic
variables. Our proposed architecture starts with a dense layer of 128 neurons. In addition, the
batch normalization and a dropout rate of 0.4 are then applied. These components can help to
standardize the activations and will reduce overfitting. The next layers include a dense layer
with 64 neurons and a dropout rate of 0.3, followed by a final dense layer with 32 neurons. The
network is trained with the Adam optimizer. Adam is known for its adaptive learning rate and
efficient convergence, and it will enhance the training stability [7]. It is an architecture which
facilitates the learning of high-level abstraction and complex feature interactions of the DNN
which might be overlooked by simple machine learning algorithms. The architecture of the
deep neural network is created to deal with advanced education datasets. The large number
of nodes in the first hidden layer will be used for learning complex high-dimensional feature
interaction. The dropout regularization will assist in decreasing overfitting and increase the
generalization capability of the algorithm. In further hidden layers, the features will be down-
sized. As a result, the extracted feature representations will be compact and discriminative.
Excessive use of dropout will keep the regularization and information retention in balance.
The Adam optimizer is used due to its ability to provide stable convergence even with the
presence of different feature scales. The choice of this architecture aims at increasing the
precision of the prediction, robustness and learning stability. Thus, all of these aspects allow
us to conclude that the DNN architecture provides advantages for predicting educational
attainment. Therefore, the use of multiple layers and regularization techniques in the model
will allow identifying and improving data patterns.Thus the structured DNN permits the
final model to make good use of the available data. It provides reliable, data based, and
interpretable predictions of educational attainment.

3.2.2 Gradient Boosting Architecture

The second component of the proposed model is the GB algorithm. GB is considered as
an ensemble method that improves prediction performance by combining several weak learn-
ers [22, 23, 24]. In this study, GB is configured with 300 estimators, a learning rate of 0.05, and
a fixed random state of 42. We must note that, these settings support stable convergence and
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provide a balance between model complexity and convergence speed. The 300 estimators are
selected to balance model complexity and computational efficiency. This number of boosting
iterations allows the model to correct residual errors without overfitting or excessive training
time. A learning rate of 0.05 is selected to support gradual and stable convergence. Each tree
therefore makes a modest contribution to the final prediction, which improves generalization.
The random state is fixed at 42 to ensure consistent results across different runs. This consis-
tency is important for experimental validation. These hyperparameter settings allow the GB
model to capture complex nonlinear relationships among socioeconomic and regional variables
while it maintains high accuracy, stability, and robustness. The proposed method has several
advantages in using GB. GB is good for modeling complex and non-linear relationships. It
also performs well for heterogeneous data with different distribution. This algorithm is incor-
porated into the proposed method to improve the prediction accuracy, reduce the bias and
variance, and increase the generalizability. GB’s properties make it appropriate for prediction
of educational achievement from a range of socioeconomic and regional factors.

3.2.3 Meta-Model Blending

A meta-model blending strategy is applied to further improve prediction accuracy and model
robustness. This strategy combines the strengths of both DNN and GB models. In this ap-
proach, predictions produced by the DNN and GB models are used as input features for a
secondary meta-model. Linear Regression is used as the meta-model. It learns how to com-
bine the outputs into a final prediction [25]. This stacking strategy uses the complementary
strengths of the base models. The DNN captures complex nonlinear patterns and deep feature
interactions. GB manages tabular data effectively, corrects individual model errors, and re-
duces bias and variance. Therefore, the proposed method achieves higher accuracy, stability,
and generalizability than any single model. This integration is useful for educational attain-
ment prediction because it combines complex relationships within diverse socioeconomic and
regional data. More reliable outcomes can therefore be obtained.

During the blending process, the training dataset is first divided into K folds. Each base
model, namely DNN and GB, is trained on K − 1 folds. Predictions are then produced on
the remaining fold. The out-of-fold predictions are concatenated to form a new dataset. This
dataset is used as input for the meta-model. The Linear Regression meta-model learns an
optimal weighting scheme. This scheme defines the contribution of each base model to the
final prediction. Through this hierarchical process, the blending approach improves accuracy
and reduces model uncertainty. This property is valuable for educational policy applications,
where transparent and data based decision support is required. Algorithm 1 presents the
overall workflow of the proposed method. The input is a raw data set with N records and
k features. You get a trained model that predicts and metrics on how well it predicts. The
process begins with the data preparation in Lines 1–5. In this phase, the data set is cleaned and
standardized. Line 2 deals with noisy and missing data to enhance data quality. In Line 3 we
eliminate irrelevant columns to reduce redundancy. The rows with missing values are left out
in Line 4 to avoid biased learning. Line 5 performs Min–Max normalization to scale features
to a common range and to avoid the dominance of variables with large values. The prepared
dataset is then divided into training, test, and validation subsets according to the defined
ratios (Ptrain, Ptest, Pval). This division is performed in Line 6 to support fair performance
evaluation. The model construction phase is described in Lines 7–17. In this phase, the hybrid
predictive method is built through the integration of several ML components. The DNN is
designed with successive layers, including Dense(128), Batch Normalization, Dropout(0.4),
Dense(64), Dropout(0.3), and Dense(32). The Adam optimizer is used to capture nonlinear
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patterns, stabilize training, and reduce overfitting. These steps are shown in Lines 7–15. Next,
a GB model is trained to reduce residual errors in Line 16. A Linear Regression meta-model
then combines the predictions from DNN and GB in Line 17. The final model combines
the complementary capabilities of DNN and GB to improve generalization. Finally, Lines
18–19 describe the evaluation phase. The trained model is evaluated on the test set through
statistical indicators. This evaluation confirms the reliability of the proposed method across
diverse educational contexts.

Algorithm 1 Pseudo-code of the proposed method for educational attainment prediction
Require: Raw dataset with k features and N records
Ensure: Trained model and evaluation metrics
1: Preprocessing
2: Handle noisy and missing values
3: Drop irrelevant columns
4: Eliminate rows with missing values
5: Apply Min–Max Normalization
6: Split the cleaned dataset into train (ntrain), test (ntest), and validation (nval) sets based

on ratios (Ptrain, Ptest, Pval)
7: Model Construction
8: Deep Neural Network Model:
9: Dense(128)

10: BatchNormalization
11: Dropout(0.4)
12: Dense(64)
13: Dropout(0.3)
14: Dense(32)
15: Adam optimizer
16: Gradient Boosting Model
17: Meta-Model Blending (Linear Regression)
18: Evaluate Model
19: Compute performance metrics on the test set

4 Results

The models are developed in Python. Libraries for ML and preprocessing are Pandas, NumPy,
Matplotlib, Seaborn, Scikit-learn, TensorFlow, and Keras. All experiments are run on the Ap-
ple M2 chip system with 8-core CPU, 10-core GPU, 8GB unified memory (RAM), and macOS
Sonoma version 14.4.1. This system allows the learning components to be effectively trained
and evaluated. Table 3 presents the full configuration of dataset parameters, DNN and GB
hyperparameters, and evaluation metrics used in the proposed educational attainment predic-
tion method. These settings are selected to balance predictive performance, computational
efficiency, and model generalization. The dataset includes 1100 samples and 22 features. It
is divided into training (91%), testing (5%), and validation (4%) sets. This split provides
enough data for model learning while independent subsets are kept for unbiased evaluation.
For the DNN model, the selected architecture employs Dense layers of sizes 128, 64 and 32
with ReLU activation. This architecture allows for the hierarchical learning of nonlinear re-
lations between socioeconomic and regional variables. Dropout rates of 0.4 and 0.3 reduces
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overfitting. The Adam optimiser with LR = 0.001 is used which results into adaptive gradient
updates and fast convergence. The model is trained for 200 epochs with a batch size of 16,
which lets it to refine its weights and achieve better accuracy. The loss function used is MSE
and the evaluation metric used is MAE. These choices help to make accurate predictions in
regression. For the GB model, 500 estimators and a learning rate of LR = 0.05 provide a
suitable balance between accuracy and overfitting control. A maximum depth of 4 and a
minimum samples split of 2 set a moderate level of model complexity. This setting allows
the model to capture important data patterns without excess noise. A subsample value of 1
ensures that all data points contribute to each boosting iteration. The value random_state =
42 ensures reproducibility. The model performance is evaluated with R2, RMSE, and MAE,
which measure prediction accuracy and error in the proposed method. These hyperparame-
ter choices support the robustness of the model and its strong generalization across different
educational and regional contexts.

Table 3: Summary of model hyperparameters, dataset partitioning, and evaluation metrics
used in our model

Hyperparameter/Parameter Value/Method
N 1100
k 22

Ptrain 91%
Ptest 5%
Pval 4%
ntrain 1003
ntest 55
nval 42

DNN

Dense [128, 64, 32]
Dense Activation ReLU

Dropout [0.4, 0.3]
Optimizer Adam (default LR=0.001)

Loss Function MSE
Epochs 200

Batch Size 16
Metrics MAE

GB

n_estimators 500
LR 0.05

max_depth 4
Subsample 1

min_samples_split 2
random_state 42

Evaluation Metrics R2, RMSE, MAE

4.1 Dataset

The dataset used in this study is obtained from Kaggle. It contains detailed information on
the educational attainment of young people across towns in England [26]. The original dataset
includes 1104 records. Each record represents one town. The dataset also contains 31 fea-
tures that cover demographic, socioeconomic, regional, and educational aspects. The variables
include categorical identifiers, such as town codes, and quantitative measures, such as educa-
tional attainment stages, employment rates, and income indicators. The target variable is the
“Education Score”. It is a continuous value that represents the composite educational achieve-
ment of each town. Before model construction, data preparation is performed. Columns that
are irrelevant to the prediction task are removed, such as unique identifiers and columns with
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missing values. Rows with missing data are also removed to ensure consistency for ML imple-
mentation. A detailed feature analysis is presented in Table 4. The table demonstrates the
procedure of feature selection and data cleansing. Out of the total 31 features, nine columns
are dropped. The columns that have been dropped contain those variables with a lot of null
values and those that are not very informative such as TOWN11CD and TOWN11NM. Variables of
importance are included in the data such as population, region, coastal region, job density,
income, education, and important landmarks of ages 18 and 19. They represent diversity
from both socio-economic and regional aspects. The rows having missing values have been
dropped too. Hence, the number of complete observations is reduced to 1100 along with a
total of 22 features, excluding the target variable. Such preparations improve data integrity
and diversity and also help the ML models to learn important relations that can be used in
educational attainment prediction.

Table 4: A detailed analysis of the features
# Name Feature/

Target
Data
Type

Non-Null
Count

Unique
(Objects)

Used/
Drop

1 TOWN11CD Feature Object 1100 1100 Drop
2 TOWN11NM Feature Object 1104 1104 Drop
3 POPULATION_2011 Feature float64 1100 – Used
4 SIZE_FLAG Feature Object 1104 8 Used
5 RGN11NM Feature Object 1102 9 Used
6 COASTAL Feature Object 1100 2 Used
7 COASTAL DETAILED Feature Object 1100 7 Used
8 TTWA11CD Feature Object 1100 154 Used
9 TTWA11NM Feature Object 1100 154 Used
10 TTWA CLASSIFICATION Feature Object 1100 4 Used
11 JOB DENSITY FLAG Feature Object 1100 3 Used
12 INCOME FLAG Feature Object 1100 4 Used
13 UNIVERSITY FLAG Feature Object 1100 2 Used
14 Level4Qual_residents35-64_2011 Feature Object 1100 3 Used
15 KS4_2012-2013_counts Feature int64 1104 – Used
16 Key Stage 2 attainment (2007–2008) Feature float64 1104 – Used
17 Key Stage 4 attainment (2012–2013) Feature float64 1104 – Used
18 Level 2 at age 18 Feature float64 1104 – Used
19 Level 3 at age 18 Feature float64 1104 – Used
20 Activity at age 19: full-time higher education Feature float64 1103 – Used
21 Activity at age 19: sustained further education Feature float64 1046 – Drop
22 Activity at age 19: apprenticeships Feature float64 909 – Drop
23 Activity at age 19: employment (earnings >

£0)
Feature float64 1103 – Used

24 Activity at age 19: employment (earnings >
£10,000)

Feature float64 1077 – Used

25 Activity at age 19: out-of-work Feature float64 642 – Drop
26 Highest qualification by age 22: less than level

1
Feature float64 245 – Drop

27 Highest qualification by age 22: level 1 to level
2

Feature float64 1056 – Drop

28 Highest qualification by age 22: level 3 to level
5

Feature float64 1103 – Used

29 Highest qualification by age 22: level 6 or
above

Feature float64 873 – Drop

30 Highest qualification by age 22: average score Feature float64 1104 – Used
31 Education Score Target float64 1104 – Used

A Kernel Density Estimate (KDE) plot is a non-parametric method used to visualize the
probability density function of a continuous variable. It provides a smooth representation of
the data distribution [27]. The KDE plot of the Education Score is presented in Figure 2.
The curve appears approximately symmetric and bell-shaped around zero, which indicates a
near-normal distribution. Most towns are concentrated around the average education score,
while the density gradually decreases toward both lower and higher values. This balanced
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distribution indicates that extreme values are limited in the dataset. As a result, the prediction
model is less likely to be influenced by outliers and can generalize more effectively across the
observations.

Figure 2: KDE plot of Education Score

A correlation matrix presents the pairwise correlation coefficients among variables, allow-
ing the relationships between different features to be examined [28], [29,30]. The correlation
matrix of the dataset is shown in Figure 3. A correlation matrix presents the pairwise corre-
lation coefficients among variables, allowing the relationships between different features to be
examined [28], [29,30]. The correlation matrix of the dataset is shown in Figure 3. In contrast,
geographic indicators such as “COASTAL” and “SIZE_FLAG” show weak correlations with
educational scores. This observation suggests that these factors have limited direct influence
on education outcomes. The correlation analysis supports the identification of influential
predictors and emphasizes the importance of examining multiple socioeconomic and educa-
tional variables in prediction tasks. In contrast, geographic indicators such as “COASTAL”
and “SIZE_FLAG” show weak correlations with educational scores. This observation sug-
gests that these factors have limited direct influence on education outcomes. The correlation
analysis supports the identification of influential predictors and emphasizes the importance
of examining multiple socioeconomic and educational variables in prediction tasks.

Figure 4 presents the correlation values between each feature and the Education Score,
which is the target variable. Several features show strong positive associations with educa-
tional outcomes. Variables such as “Level 3 at age 18,” “Highest level qualification achieved
by age 22: average score,” and “Key Stage 4 attainment (2012 to 2013)” have correlation
values above 0.9. This result indicates that these academic milestones strongly contribute to
the final Education Score. “Activity at age 19: full-time higher education” and earlier educa-
tional indicators such as “Key Stage 2 attainment” also display strong positive relationships,
demonstrating that continued academic progress across different stages contributes to higher
educational attainment. Moderate positive correlations are observed for socioeconomic indica-
tors including “INCOME FLAG” and “COASTAL.” In contrast, variables such as population,
job density, and several employment activities at age 19 show weak or negative relationships
with the target variable. The feature “Activity at age 19: employment with earnings above
£10,000” shows the strongest negative correlation (−0.29). This relationship suggests that
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Figure 3: Correlation matrix

entering employment with higher earnings at an early stage may reduce the likelihood of con-
tinued academic progression. These findings assist in understanding the factors associated
with educational outcomes and support informed feature selection for predictive modeling.

4.2 Experimental Results and Model Evaluation

Before model evaluation, the dataset is divided into training, validation, and test subsets to
support reliable model development and evaluation. As presented in Table 5, the dataset
contains 1100 samples. Among these, 1003 samples (91%) are assigned to the training set,
allowing the model to learn patterns from a large portion of the data. The validation set
contains 42 samples (4%), which are used for hyperparameter adjustment and monitoring of
overfitting during training. The remaining 55 samples form the test set (5%), which is used
for the final performance assessment of the trained model.

No missing values are present in any subset after preprocessing. This condition ensures
that both model training and evaluation are performed on complete data records, which im-



Deep Learning and Gradient Boosting for Predicting 109

Figure 4: Correlation coefficients between each feature and the Education Score (target fea-
ture)

proves the reliability of the experimental analysis. The 91/5/4 split provides a large training
portion for model learning while maintaining separate validation and test sets. These inde-
pendent subsets support unbiased performance evaluation and help assess the generalization
ability of the proposed prediction method on unseen data.

Table 5: Dataset partitioning into training, validation, and test sets
Subset Total Number of Data Missing (%)
Training 1003 0%
Validation 42 0%
Test 55 0%
Total 1100 0%

MSE measures the average squared differences between predicted and actual values, while
MAE calculates the average absolute differences between predicted and actual values [29].
Figure 5 illustrates MSE (Figure 5(a)) and MAE (Figure 5(b)) curves for our DNN across 200
epochs, evaluating the learning dynamics and potential overfitting of our model. Both MSE
and MAE curves exhibit a rapid initial decline, followed by low values for both training and
validation sets, without significant divergence between them. This close alignment indicates
that the model generalizes well to unseen data and does not suffer from overfitting, as the vali-
dation loss does not increase relative to the training loss. Low error metrics across epochs also
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highlight the robustness of DNN in capturing the underlying patterns of the dataset. Thus,
the results demonstrate the strength of our DNN model in achieving accurate educational
attainment predictions while maintaining generalizability and stability.

Figure 5: MSE and MAE curves for DNN: (a) MSE, (b) MAE

Figure 6 displays the training and validation loss curves for our GB model in terms of MSE
(Figure 6(a)) and MAE (Figure 6(b)) across boosting stages. It demonstrates a rapid decrease
in error as the number of boosting stages increases, with the validation and training losses
tracking each other and plateauing at low values without any signs of divergence or overfitting.
It indicates that our GB model is effective at capturing the underlying patterns in the data
while maintaining strong generalization to unseen ones, reflecting both the robustness and
predictive strength of our method. Indeed, the ability of our model to maintain such low and
parallel error curves throughout the training process highlights its stability and suitability for
predicting educational attainment outcomes.

Figure 7 includes four scatter plots comparing the true versus predicted values for different
models (GB [6], Deep Learning [14], Simple Blending, and Meta-Model Blending (our pro-
posed method)), with the red dashed line representing the ideal line where predicted values
match the true values. From the plots, it is evident that all models exhibit strong predic-
tive performance, as the points cluster around the ideal red line. However, our model and
the simple blending model demonstrate the tightest alignment, indicating superior accuracy
and reduced error compared to the individual models. The GB and Deep Learning mod-
els also perform well, but they show more deviation from the ideal line for extreme values.
Overall, the results confirm that the ensemble (blending) approaches, particularly our meta-
model model, yield the most reliable predictions by capturing the underlying patterns and
minimizing discrepancies between the true and predicted educational attainment scores.

R2, i.e., coefficient of determination measures the proportion of variance in the target
variable that is explained by the model, while RMSE, i.e., Root Mean Squared Error quantifies
the average magnitude of prediction errors in the same units as the target variable [29, 30]. As
demonstrated in Table 6, our model outperforms the other approaches across all key metrics.
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Figure 6: MSE and MAE curves for GB: (a) MSE, (b) MAE

In more detail, our ensemble model achieves superior accuracy and error reduction with an R2

of 0.9975, an MAE of 0.1582, and an RMSE of 0.2058, indicating its strong ability to explain all
the variance in educational attainment scores and to deliver accurate predictions. In contrast,
the simple blending and the deep learning models show lower R2 values and higher error rates,
highlighting their limitations in capturing complex relationships within the dataset. On the
other hand, when the individual models are compared, the Gradient Boosting model delivred
better performance than the deep learning model. It achieves an R2 value of 0.9957 and an
RMSE of 0.2442. However, its performance remains slightly lower than that of the proposed
method. The deep learning model and the simple blending approach produce higher error
values and lower R2 scores. We can note that a single deep learning architecture or a basic
blending strategy does not fully capture the relationships present in the data. In contrast,
the proposed method achieves superior predictive accuracy. This outcome demonstrates that
combining multiple model architectures can improve prediction performance by capturing
both nonlinear patterns and structured relationships within the dataset.

Table 6: Comparison of the performance of different predictive approaches
Approach R2 MAE RMSE
Proposed Model (Meta-Model Blending) 0.997498 0.158231 0.205836
Simple Blending 0.992172 0.256678 0.329775
Deep Learning [14] 0.957035 0.612534 0.772589
Gradient Boosting [6] 0.995706 0.161122 0.244232

Experimental findings confirm high predictive power of the proposed model. High ac-
curacy and low estimation error are provided. Hybrid ensemble uses deep neural networks,
gradient boosting, and meta modeling approach. Deep neural networks learn complicated
nonlinear dependencies. Gradient boosting learns structured tabular dependencies. Predic-
tion stability and accuracy are enhanced by means of model integration. Sociodemographic
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Figure 7: True versus predicted values for different models

and geographical features make it possible to widen the scope of the analysis from purely
academic factors. Wider impact of external factors on education is therefore considered. We
prove that the proposed model can be applied for educational planning and resources alloca-
tion in different regions. However, good prediction is conditional upon consistent input data.
Regional differences in collecting data might influence generalizability of the model. Future
research should consider temporal datasets and interpretable machine learning models.

5 Conclusion

This study proposes a hybrid ensemble model for educational attainment prediction. Deep
neural networks, gradient boosting, and meta model blending are integrated. Socioeconomic
and regional variables are analyzed with academic indicators. Prediction accuracy and model
robustness are improved through complementary learning strategies. Experimental results
confirm reliable and stable predictive performance. Broader contextual factors are also rep-
resented in educational outcome estimation. We show that the proposed model supports
educational planning and resource allocation through data driven analysis. However, predic-
tion quality depends on reliable and consistent input data. Future research should include
longitudinal and behavioral datasets. Interpretable machine learning methods should also
be incorporated. Greater transparency, adaptability, and responsible educational decision
support are therefore achieved.
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