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Abstract: Digital literacy has become a pillar of rural revitalization efforts across the globe, and the
creation of smart, adaptive systems to forecast and tailor learner outcomes constitutes a major area
of research gap. This paper presents a new Hybrid Attention-Enhanced Deep Learning Network
(HAE-DLN) a multi-task deep learning model that predicts overall scores on digital literacy
(regression), classifies learners into proficiency levels (3-class), and classifies above/below-median
learners (binary classification). The HAE-DLN is built upon a Feature Attention Module (FAM),
Residual Dense Blocks (RDB), as well as a Multi-Task Learning Head (MTL), whilst being trained
on a complete synthetic dataset of 1,000 rural learners, covering 23 demographic, behavioral,
engagement, and outcome variables, in one end-to-end trainable framework. The first comparison
on the baseline with the Random Forest and the Gradient Boosting regressors in their tuning with
the help of the GridSearchCV proves that the proposed model has a better predictive power.
Findings indicate that post-training scores, quiz performance and engagement efficiency are most
effective predictors of digital literacy outcomes. The results have a direct implication on the design
of adaptive, personalized digital literacy initiatives in rural and underserved people.

Keywords: Digital literacy; rural education; deep learning; attention mechanism; multi-task
learning; adaptive learning systems; feature importance; rural revitalization

1. Introduction

1.1. Background and Motivation

The fast spread of digital technology in all spheres of contemporary society has radically changed the
essence of economic activity, civil activity, and social mobility. The availability of digital tools and the skills
needed to effectively interact with them have become as essential as traditional literacy in defining how
well one can cope with the life of the modern world [1]. However, even after spectacular improvements in
the connectivity infrastructure, there remains an enduring and highly profound gap between urban and
rural people in terms of access to, and expertise in, digital technologies [2].

Digital rural disadvantages persist as inherent systemic social inequities in rural areas in both the
developed and developing world. All these disadvantages are complicated by a lack of access to formal
education, low average household income, geographic separation to training centers, and lack of locally
relevant digital content [3]. These effects go well beyond personal inconvenience: rural digital illiteracy
restricts agricultural modernization, access to e-government services, participation in digital economies,
and the efficacy of public health communication all of which are indispensable pillars of the rural
revitalization policy [4].International organizations and governments have responded by implementing
mass digital literacy initiatives to rural communities. Nevertheless, the performance of such programs is
enormous, and the standardized one-size-fits-all programs do not consider the heterogeneous nature of
the learning profiles, the motivational levels, and the previous level of knowledge that define the rural
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learner populations [5]. It is thus necessary that adaptive and customized learning systems intelligent
platforms be developed that can dynamically change the instructional content, pacing, and feedback in
response to real-time evaluation of individual learner characteristics and progressions [6].

The technologies of deep learning and machine learning promise revolutionary possibilities in this
respect. These models are capable of providing accurate predictions of learner performance, predicting at-
risk individuals before they become disengaged and administering specific interventions by learning
complex and non-linear relationships between learner attributes, engagement behaviors, and learning
outcomes [7]. However, the use of state-of-the-art deep learning architectures in rural digital literacy
education is still in its infancy, and the vast majority of research is based on shallow machine learning
models that do not fully reflect the complexity of learner behavior [8].

1.2. Problem Statement

The main issue that this study deals with is a triptych. First, current digital literacy outcome predictive
models are mainly univariate and task-specific in that they either forecast a continuous or a category, rarely
both at the same time, lacking the complementary information that joint modeling can offer [9]. Second,
typical deep learning models that are used on tabular educational data lack mechanisms of dynamically
weighting features, i.e., all input features are equally important irrespective of whether they are really
predictive of a particular learner profile [10]. Third, the interpretability of deep learning predictions is an
important need of educational practitioners who need to take action on model outputs, which is not easily
covered by current educational data mining architectures [11].

1.3. Research Objectives

This study pursues four primary objectives:

e To design and implement a novel Hybrid Attention-Enhanced Deep Learning Network (HAE-
DLN) that integrates feature attention, residual connections, and multi-task learning for simultaneous
regression and classification of digital literacy outcomes.

e To conduct comprehensive Exploratory Data Analysis (EDA)of a rural digital literacy dataset,
revealing distributional patterns, inter-feature relationships, and demographic disparities in learning
outcomes.

e To benchmark the HAE-DLN against established machine learning baselines — Random
Forest and Gradient Boosting — using rigorous cross-validated evaluation protocols.

e To extract and interpret feature importance and attention weight profiles that illuminate the key
drivers of digital literacy achievement in rural learner populations.

1.4. Research Contributions

The principal contributions of this work are:

¢ Novel Architecture: The HAE-DLN is the first deep learning model specifically designed for multi-task
digital literacy prediction, combining feature-level attention, residual dense blocks, and three
simultaneous task heads in a single end-to-end trainable network.

e Comprehensive Feature Engineering: Six derived features capturing learning dynamics (improvement
rate, engagement efficiency, learning intensity) are introduced and validated.

e Interpretability Framework: Feature attention weights extracted from the FAM layer provide a model-
intrinsic interpretability mechanism aligned with educational practitioner needs.

e Empirical Evidence Base: Rigorous experimental results provide actionable insights for the design of
adaptive digital literacy programs in rural contexts.

1.5. Paper Organization
The rest of this paper is structured in the following way. Section 2 conducts a literature review of the

related literature in the fields of digital literacy education, machine learning in education, and attention-
based deep learning. Section 3 provides detailed information on the dataset, data preprocessing pipeline,
feature engineering strategy, and the proposed HAE-DLN architecture. Section 4 includes the results of the
experiment in the form of EDA results, model performance metrics, and feature importance analysis. In
section 5, the implications of findings in research and practice are discussed. Section 6 is a conclusion of
the paper and the future research directions.
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2. Literature Review

2.1. Digital Literacy: Concepts, Frameworks and Rural aspects

The digital literacy concept has changed significantly since it was first defined by Gilster as being
able to comprehend and utilize information in various forms and a vast array of sources when the
information is delivered through computers. Modern paradigms have broadened this definition to include
a wider set of competencies such as information literacy, communication and collaboration skills, creating
digital content, awareness of safety and privacy, and problem-solving in the digital world [12]. The
European DigComp framework [13] recognises five competency areas information and data literacy,
communication and collaboration, digital content creation, safety and problem-solving that became widely
used as standards to assess digital literacy. In the same way, the ICT competency framework proposed by
UNESCO [14] highlights how digital literacy can facilitate lifelong learning and economic inclusion,
especially in developing and transitional economies in which the rural population is overrepresented
among the digitally illiterate.The studies always prove that rural communities have a complex set of
obstacles to the acquisition of digital literacy. Warschauer [15] found that there is a recursive relationship
between social exclusion and digital exclusion in that digital skills deficiency supports the existing
socioeconomic disadvantages and at the same time makes the accessibility of the resources that might
alleviate the disadvantages unattainable. This is true in the rural China directly applicable to the dataset
employed in this research - it has been reported that there are large urban-rural disparities in the level of
digital skills with rural dwellers scoring significantly lower on standardised digital literacy scales despite
controlling age and education level [16].

2.2. Educational Data Mining and Adaptive Learning Systems

Adaptive learning systems (ALS) is a paradigm shift away of the fixed and curriculum-driven learning
to a more dynamic and learner-focused learning experience [17]. Through ongoing tracking of the learner
interactions in terms of time-on-task, quiz performance, completion rates of modules and error patterns
ALS platforms can modify the content difficulty, pacing, and presentation format in real time to enhance
the optimal individual learning trajectories [18]. ALS development is based on the methodological
principles of Educational Data Mining (EDM) and Learning Analytics (LA). Romero and Ventura [19]
carried out an in-depth literature review of EDM methods, and the most prevalent by the authors were
classification, clustering, regression and association rule mining as the most common methods used to
analyse learner data. Baker and Inventado [20] also made a distinction between predictive modeling that
is concerned with the future performance and the structure discovery that aims at identifying hidden
patterns in learner behavior data. The initial use of machine learning in predicting educational outcomes
was based on the use of decision trees, logistic regression, and naive Bayes classifiers [21]. Although these
methods exhibited a fair predictive power on structured data, they had a weak ability to approximate the
non-linear relationships between features of learners. The introduction of ensemble algorithms, especially
Random Forest [22] and Gradient Boosting [23], was a great step forward, and these classifiers have been
shown to outperform more basic classifiers in educational prediction tasks and remain interpretable at
reasonable levels with feature importance measures.

2.3. Deep Learning in Learning

Deep learning applied to education data mining has emerged as a field of rapid growth due to the
growing data volume, computing resources and also architectural developments over the past ten years
[24]. Recurrent neural networks (RNNs) and more specifically Long Short-Term Memory (LSTM) networks
have been used to address knowledge tracing problems, where the objective is to model the temporal
dynamics of the knowledge state of a student through a series of learning interactions [25]. Mechanism
Attention mechanisms, initially designed to perform natural language processing tasks [26], have been
successfully applied to an educational task by allowing the models to attend to only the most informative
features or time steps in order to generate predictions. Zhang et al. [27] established that attention-enhanced
knowledge tracing models consistently outperformed traditional LSTM-based models on benchmark
datasets, and the attention weights are interpretable to give insights on which previous interactions had
the most significant impact on present performance predictions. The concurrent training of a model on
multiple related prediction tasks with a common representation has become an effective regularization
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method in deep learning known as multi-task learning (MTL) [28]. MTL decreases overfitting and enhances
generalization, especially in data-scarce environments, by encouraging the shared layers to learn useful
representations that can be useful in multiple tasks. Caruana [29] showed that MTL is always effective in
enhancing the performance in individual tasks when they share the underlying structure and this is clearly
the case in digital literacy situation whereby regression scores and classification labels are generated using
the same underlying construct.

2.4. Tabular Data Attention

Although the mechanisms of attention have been examined in deep detail in sequence and image
settings, little attention has been given to the application of attention mechanisms to tabular data, which is
the prevailing format of educational data. TabNet [30] proposed a sequential attention approach to tabular
data, which chooses a sparse subset of features at each decision time, showing state-of-the-art performance
across a variety of benchmark datasets and offering instance-wise feature importance explanations. The
Feature Attention Module (FAM) suggested in this paper is inspired by the attention philosophy of TabNet
but applies this as a soft and continuous weighting system that can be better trained end-to-end as part of
a multi-task system.

2.5. Residual Connections in Deep Networks

The introduction of residual connections by He et al. [31] addressed the vanishing gradient problem
that had previously limited the depth of trainable neural networks. By adding skip connections that allow
gradients to flow directly through the network without passing through non-linear transformations,
residual networks enabled the training of substantially deeper architectures with improved performance.
In the context of tabular data, residual connections have been shown to improve the learning of both
shallow (demographic) and deep (behavioral) feature representations simultaneously, making them
particularly well-suited to educational datasets that combine simple categorical attributes with complex
interaction features.

2.6. Research Gaps and Positioning

In spite of the significant amount of the reviewed above literature, some significant gaps can be
identified. To begin with, there is no research that has suggested a single deep learning architecture, which
also covers regression, multi-class classification, and binary classification of digital literacy outcomes in a
single multi-task research. Second, the particular issue of digital literacy prediction among rural
populations with high levels of demographic heterogeneity, little pre-dispositional digital exposure and a
variety of motivational profiles has not been tackled using deep learning methods.s. Third, the combination
of feature-level attention features and residual dense block in the context of tabular educational data is a
new architectural combination that has not been experimented before. All three gaps are directly addressed
by the HAE-DLN that is proposed in this study.

3. Methodology
3.1. Multiple Dataset Description and Characteristics

This paper is empirically based on the Digital Literacy Dataset, a large synthetic dataset of 1,000 records
of learners with 23 columns of features, which is specifically designed to facilitate machine learning
research in rural digital literacy education. The data was sourced on Kaggle under the CC0O Public Domain
license and has a score of 8.82 out of 10 with regards to usability due to its well-organized, ready-to-analysis
format. The dataset (albeit synthetic in nature) was statistically adjusted to mirror realistic distributions
and relationships in the real world of rural digital literacy programs, which is why it is a reasonable proxy
of actual learner data in this field.

The data set records the entire learner experience within six conceptually differentiated sets of
variables. The former category includes demographic data, such as age, gender, education level,
employment, household income, and the type of location in which each learner takes digital literacy
training. The second group consists of pre-training baseline scores in three areas of skills; basic computer
knowledge, internet usage proficiency, and mobile device literacy. These scores define the baseline of each
learner prior to any formal training intervention and are important covariates in the prediction of learning

ID : 1347-1101/2026



Journal of Computing & Biomedical Informatics Volume 11 Issue 01

gain. The third type has post-training achievement scores in the same three skill areas, which allows a
direct measure of the training effect at the individual level. The fourth type specifics the measures of
engagement, the number of training sessions attended, modules completed, average time spent in each
module, as well as quiz performance scores that collectively define the degree and quality of each learner
in the training program. The fifth category is record of behavioral and attitudinal variables, such as a self-
reported level of engagement, adaptability score, and learner feedback rating, which capture the
motivational and dispositional aspects of the learning experience. The sixth and last category captures
outcome measurements, such as the total digital literacy score (the key variable of prediction), the level of
skills application, and the employment impact variables, which will capture the down-stream effects of
digital literacy training on individual learners.

The dataset has a very conducive layout to be used in machine learning. The 23 columns can be found
in all 1,000 records with very low levels of missing values, and they were only in the Education Level
column where there was a small percentage of entries that were missing. There were no high-cardinality
text characteristics, and the numeric features were within well-defined, bounded ranges that were
congruent with either the percentage-scale or Likert-scale measurement tools. Overall, Literacy, Score is a
continuous numerical variable with a range of 0-100 which is a target variable and is suitable in regression
modeling as well as a threshold-based classification.

3.2. Exploratory Data Analysis

An in-depth Exploratory Data Analysis (EDA) was performed on six analytical dimensions to build a
detailed insight of the distributional nature, inter-feature correlation, and demographic trends of the digital
literacy outcomes, prior to any modeling. This stage of analysis was crucial not only in providing the future
feature engineering and preprocessing steps, but also in producing content findings regarding the nature
of the digital literacy attainment among rural learning communities.

The distribution of categorical features analysis showed that there are some significant features of the
learner population. Gender was roughly equal with some slight male dominance, which is consistent with
the general trends in digital literacy enrollment in rural areas, where men are slightly higher than women
in the programs due to the still present gender expectations about technology use. The education level was
within the entire spectrum of primary school to tertiary education but secondary school graduates
comprised the biggest single group a pattern that is in line with educational attainment profile of working
age rural population in developing economies. The employment status was heterogeneous and included
the categories of employed, self-employed, unemployed and student, as rural communities have
heterogeneous economic conditions. The household income groups were low, middle-income, and high,
and most of the target groups in rural revitalization were the low and lower-middle income groups, in
accordance with the economic profile of rural revitalization target populations. The level of engagement
was categorized into Low, Medium and High and the modal category was Medium engagement, which
implies that most learners had moderate, but not high levels of engagement with the program.

The analysis of the distribution of numerical features was a valuable source of evidence of the shape,
dispersion, and central tendency of the continuous variables. Pre-training scores of basic computer
knowledge, internet usage and mobile literacy had around normal distributions, moderate variance, which
is characteristic of a heterogeneous learner population where previous exposure to digital is very different
among individuals. All three domains had an average of between 45 and 55 out of 100, which means that
the average learner had lower-than-moderate digital skills when he or she started the program, which is
exactly the population that rural digital literacy interventions are aimed at. The post-training mean scores
in all three skill domains revealed significant distributional changes in the right direction compared to the
pre-training mean scores, which is an encouraging initial sign of the effectiveness of the programs at the
population level. The scores of quiz performance were a bit skewed to the right indicating that there were
a small number of very engaged learners who scored disproportionately higher on the assessment scores.
There was moderate positive skewness in the number of sessions and the rate of completion of modules as
it is natural to vary in intensity of program participation. The shapiro-wilk tests of normality verified the
approximate normality of most numerical characteristics (p > 0.05), only the number of sessions, and
completion of modules variables showed statistically significant values of departure of normality because
they are discrete variables of count type.
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Figure 1a. Frequency bar charts and proportional donut charts for all categorical features: Gender,
Education_Level, Employment_Status, Household_Income, Location_Type, and Engagement_Level.
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Figure 2a. KDE-augmented histograms with mean (blue dashed), median (green dashed), and mode (red
dashed) reference lines for all numerical features. Shapiro-Wilk normality test p-values are annotated in
each panel.

One of the most analytically informative parts of EDA stage was the correlation analysis . The Pearson
correlation was calculated among all numerical features and presented as lower-triangle heatmap to
simplify the identification of patterns. The correlation was found to be highly structured with a number of
interesting patterns. The post-training basic computer knowledge (r = 0.78), internet usage (r = 0.75), and
mobile literacy (r = 0.72) scores had the best positive correlations with the Target variable of
Overall_Literacy_Score, which affirms domain-specific post-training performance as the main predictor of
composite digital literacy. The target showed a positive correlation with Quiz performance (r = 0.71),
highlighting the importance of the active assessment engagement as both a learning and a performance
measure. There were moderate positive correlations between pre-training scores and the target (r = 0.45 to
0.55), which means prior knowledge does not determine but facilitates training results an important result
that legitimizes the worth of training interventions even the learner with low pre-training scores. The
number of engagement metrics, modules taken, and mean time spent on each module had moderate
positive correlations with the target (r = 0.3550) which demonstrates that the intensity of participation is a
significant contribution to literacy achievement. Interestingly, there were positive inter-correlations of the
three post-training score variables (r = 0.65-0.75), indicating the construct consistency of digital literacy as
a multi-dimensional yet internally consistent competency. Demographic measures such as age and
household income were found to have weak yet significant correlations with the target indicating that
socioeconomic context has a limited but significant impact on digital literacy outcomes.
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Figure 3. Lower-triangle Pearson correlation heatmap for all numerical features. Color scale
transitions from deep violet (r = -1) through white (r = 0) to gold (r = +1). Correlation coefficients are
annotated within each cell.

The grouped mean analysis furthered the correlation results by looking at the variation in the mean
values of all numerical features in all the categories of each categorical variable. A number of patterns were
found to be substantively important in this analysis. In education level stratified analysis, there was a
significant monotonic gradient in the post-training scores, quiz scores and overall literacy scores, and
tertiary-educated learners outperformed primary-educated learners in all the performance measures an
outcome that is consistent with the established relationship between general educational attainment and
acquisition of digital skills. Stratification by level of engagement showed perhaps the most remarkable
trend: High-engagement learners obtained mean overall literacy scores about 2025 points higher than Low-
engagement learners, and had significantly higher quiz scores and module completion rates, which
supports the hypothesis that active engagement in the program is a strong mediator of training efficacy.
Location type stratification showed that urban adjacent rural learners scored higher than remote rural
learners on internet usage specific scores, probably because of differences in access to connectivity
infrastructure allowing practice beyond formal training sessions. The income stratification of households
also had a steady positive gradient over all performance measures, indicating the accruing benefits of
higher social economic standing in learning digital skills.
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Figure 4. Heatmaps of mean numerical feature values stratified by each categorical variable (Gender,
Education_Level, Employment_Status, Household_Income, Location_Type, Engagement_Level). Color
intensity reflects the magnitude of the group mean relative to the overall mean.

The deep-dive analysis of target variable has presented a holistic description of the distribution of all
categorical variables on the overall literacy score and how it correlates with all the categorical predictors.
The distribution of the scores was around normal with an average of around 65.2 and a standard deviation
of around 18.4, with the whole theoretical range of around near-zero to near-100. The use of a Q-Q plot
established a good fit on the theoretical normal distribution (R? > 0.99 on the reference line), and the
suitability of regression modelling methods that assume normally distributed errors. Categorical analyses
of boxplots showed that there was significant variability in literacy scores based on all groups of
demographic and behavioral groups. There was a significant overlap of the interquartile ranges in
education level categories, showing that education level is a probabilistic predictor of literacy achievement
a finding that encourages the application of multi-feature predictive models as opposed to straightforward
demographic profiling. The most distinct division was observed in the boxplots by engagement level and
there is little overlap between the High and Low engagement distributions which support the primacy of
behavioral engagement as a predictor of digital literacy outcomes.

The pairplot analysis presented a multivariate view of the correlation between the six features that
most significantly correlated with Overall_Literacy_Score but the data points were colored by the level of
engagement to demonstrate the interactions. The pairplot not only affirmed the high linearity of the
relationship between post-training scores and the target variable as seen in the correlation analysis, but
also showed that the relationships were not only linear but the intercepts varied significantly across the
engagement categories, which suggests that engagement level does not only magnify the effect of post-
training scores but actually shifts the entire performance distribution upward. The diagonal density plots
indicated that the distributions of the High-engagement learners were significantly shifted rightward
compared to the Low-engagement ones, and all six features presented a holistic visual summary of the
engagement impact on digital literacy achievement.

ID : 1347-1101/2026



Journal of Computing & Biomedical Informatics

Volume 11 Issue 01

3.3. Feature Engineering
Based on the information obtained in the EDA stage, a systematic feature engineering procedure was
pursued to produce six derived variables that represent dynamics of learning which cannot be directly
observed in the original dataset features. The rationale behind this engineering action was three-fold: first,
to develop composite measures that decrease the dimensionality of groups of correlated features, and at
the same time, retain the predictive content; second, to develop ratio and difference features that reflect the
dynamic nature of learning, namely, how much an individual learner has improved and how well he or
she has used his or her training time; and third, to give the HAE-DLN its Feature Att.
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Figure 6. Pairplot of the top 6 features most correlated with Overall_Literacy_Score
(Post_Training_Basic_Computer_Knowledge_Score, Post_Training_Internet_Usage_Score,
Post_Training_Mobile_Literacy_Score, Quiz_Performance, Modules_Completed, Session_Count), colored
by Engagement_Level (Red=Low, Yellow=Medium, Green=High).

The pre-averaged and post-averaged score Pre_Avg_Score and Post_Avg_Score were the arithmetic
means of three domain-specific pre-training and post-training scores, respectively. These composite scores
give a one-number summary of the general level of digital proficiency of every learner both before and
after training to give the most informative one-dimensional projections of the three-dimensional pre/post
score spaces. The difference between the Post and Pre-Avg scores was then calculated as the Score-
Improvement feature and gives a direct measurement of the absolute learning improvement of
participating in the training. This aspect is mostly useful as it separates the effectiveness of training with
the background proficiency that a learner with a low initial level and a moderate final level might have
gained more with training than a learner with a moderate initial level and a high final level, and the
Score_Improvement can reflect this difference.

The Improvement_Rate feature was an extension of this logic, normalizing Score_Improvement by the
Pre_Avg_Score to obtain a relative measure of learning efficiency, which lessens the famous ceiling effect
of skill acquisition: learners with higher baseline scores have less absolute improvement to do, and thus
raw improvement scores systematically underestimate the relative performance of high-baseline learners.
The Engagement_Efficiency was created by building the ratio of Quiz_Performance to Average Time Per
Module, which embodies the principle of learning productivity the extent to which an assessment
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performance is achieved per unit of time spent in training by a learner. This characteristic differentiates the
learners who complete high quiz scores by studying longer and those who get the same scores more
effectively, a factor that applies to the format of training programs with time constraints. Lastly the
Learning Intensity feature was calculated as a product of the Modules Completed and the Time spent on
average per Module; resulting in a measure of total learning investment that is both breadth (number of
completed modules) and depth (time per module) of learning engagement.

The process of deriving class labels, also took place during this period. The target variable
Literacy_Class was a three-class binary variable (tertile) based on binning Overall_Literacy_Score by
percentile: Low (below 33.3rd percentile), Medium (33.3rd -66.7th percentile), and High (above 66.7th
percentile). Literacy_Binary, a binary target variable, was median-split into overall literacy score; the values
that were at or above the median were coded 1 (Above Median) and those that fell below the median were
coded 0 (Below Median). This two-way classification system allows the HAE-DLN to jointly learn fine-
grained proficiency differences (3-class) and coarse-grained at-risk identification (binary) to provide
complementary classification results that are useful in different practical applications to designing adaptive
learning systems.

3.4. Preprocessing Pipeline

The preprocessing pipeline was created to convert the raw and engineered feature set to a format that
can be optimized using both gradient-based deep learning and tree-based ensemble learning. The pipeline
was formed of four consecutive steps that were repeated in all types of models to provide a fair comparison.

Missing values were tackled in the first stage. Analysis of the dataset showed that the cases with
missing values were isolated to the Education_Level column, with the few records not having the data.
The column mode as the most common category of education level a conservative imputation strategy
suitable to categorical variables when the distribution is unimodal and the percentage of missing values is
small was used to impute these missing values. The synthetic dataset has high data quality, as no other
columns had missing values.

The second phase carried out categorical encoding. Each of the seven categorical features was coded
into numerical values, with scikit-learns LabelEncoder, which assigns each category a unique integer.
Encoder objects were stored as named variables to allow inverting the result to interpret them. The three-
class target variable was coded with a specific LabelEncoder object, the resultant class-to-int mapping
written down to be used in reporting their results. It is necessary to comment that the label encoding has
been selected instead of one-hot encoding due to the fact that the tree-based base models can inherently
support ordinal integer encodings, and the embedding-free structure of the deep learning model can treat
all features as continuous inputs irrespective of their original type.

The third step involved feature scaling with scikit learns StandardScaler which alters each numerical
feature so that it is zero-mean and unit-variance. This is an important step in deep learning gradient-based
optimization, whose features may vary by orders of magnitude, which will lead to numerical instability
and slow convergence. The training set statistics were only used to fit the StandardScaler to the training
set and then used to apply it to the validation and test sets, avoiding any leakage of information on either
the validation or test sets into the preprocessing pipeline. The resulting scaled feature array consisted of 26
columns 20 original features (having dropped User ID and coded categoricals) and the 6 engineered
features.

The fourth step divided the scaled data into training, validation, and test data. The 70/15/15 split was
used, which resulted in the approximate 700 training samples, 150 validation samples, and 150 test samples.
Stratified random sampling with a fixed random seed of 42 was used to split so that the distribution of
different classes of literacy in the Literacy Class target variable was maintained in all the three subsets to
avoid the unintentional clustering of any literacy class in any one sub set. Training set was only fitted on
to the model, hyperparameter tuning and early stopping performed on the validation set, and the final
unbiased evaluation of the final performance done on the test set.
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3.5. Proposed Architecture: Hybrid Attention-Enhanced Deep Learning Network (HAE-DLN)

The Hybrid Attention-Enhanced Deep Learning Network represents the central methodological
contribution of this study. It was designed from first principles to address the specific challenges of multi-
task digital literacy prediction from heterogeneous tabular learner data, integrating three architectural
innovations a Feature Attention Module, Residual Dense Blocks, and a Multi-Task Learning Head within
a single end-to-end trainable framework implemented in TensorFlow/Keras.

The overall information flow through the network follows a sequential pipeline in which the raw input
feature vector first passes through the Feature Attention Module to produce a dynamically weighted
representation, which then flows through three stacked Residual Dense Blocks of progressively decreasing
dimensionality to produce a compact shared representation, which finally branches into three parallel task-
specific prediction heads for simultaneous regression and classification. This architecture can be formally

expressed as:

¥ = fur (fRDB3 (fRDBZ (fRD81 (fFAM(X)))>> 1)

where x € R?®is the input feature vector, frayis the Feature Attention Module, fros, is the k-th
Residual Dense Block, and fyrr is the Multi-Task Learning Head producing the three task outputs.

The Feature Attention Module (FAM) implements a soft, continuous attention mechanism that learns
to dynamically weight the importance of each input feature based on the feature values themselves a form
of input-dependent feature selection that adapts to the specific characteristics of each learner profile. The
FAM is implemented as a two-layer bottleneck multi-layer perceptron that takes the input vector x €
R?¢and produces an attention weight vector a € [0,1]*°through a dimensionality reduction and expansion
sequence. Formally, the first layer reduces the input dimensionality by half through a linear transformation
followed by ReLU activation, producing a compressed attention context vector h = ReLU(W;x +
b;)where W; € R'3*26_ The second layer expands this context back to the original feature dimensionality
through a linear transformation followed by sigmoid activation, producing the attention weights a =
og(W;h + b,) where W, € R?¢*13_ The attended feature vector is then computed as the element-wise
product X = a © x, which amplifies features with high attention weights and suppresses features with low
attention weights. The sigmoid activation ensures that all attention weights remain in the unit interval,
providing a probabilistic interpretation of feature relevance. Critically, the attention weights are not fixed
parameters but functions of the input, meaning that the FAM assigns different importance profiles to
different learner records a property that enables the model to capture the heterogeneous feature relevance
patterns that characterize diverse rural learner populations.

The three Residual Dense Blocks (RDB) form the core representational backbone of the HAE-DLN.
Each RDB implements a skip-connection architecture in which the block's input is added to its output
before the final activation, enabling gradient flow directly through the skip path and mitigating the
vanishing gradient problem that would otherwise limit training depth. Within each RDB, the input first
passes through a Batch Normalization layer that normalizes the feature distribution to zero mean and unit
variance, stabilizing the optimization landscape. The normalized input then passes through a Dense layer
with GELU activation, which provides smooth, probabilistic gating of neuron activations that has been
shown to outperform ReLU on tabular data tasks. A Dropout layer with rate 0.3 is applied after the first
Dense layer to provide stochastic regularization during training. A second Dense layer with Batch
Normalization produces the block's primary output, which is then added to the skip-connected input
(projected to matching dimensionality by a 1x1 Dense layer if necessary) and passed through a final GELU
activation. L2 regularization with coefficient 2 = 10™*is applied to all Dense layers within each RDB to
provide weight-space regularization complementary to the Dropout's activation-space regularization. The
three RDB blocks have unit dimensions of 256, 128, and 64 respectively, creating a progressive compression
of the attended feature representation from the original 26-dimensional input through increasingly abstract
and compact representations.

Following the three RDB blocks, a shared Dense layer with 32 units and GELU activation produces the
final shared representation vector z € R¥?that serves as the common input to all three task heads. This
shared representation layer is the architectural locus of multi-task learning: by forcing all three task heads
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to draw upon the same 32-dimensional representation, the training process encourages the network to
learn features that are simultaneously useful for regression and both classification tasks, providing a
powerful regularization effect that improves generalization beyond what any single-task model achieves.
The Multi-Task Learning Head comprises three parallel branches, each consisting of a task-specific Dense
layer with 16 units and GELU activation followed by a task-specific output layer. The regression head
produces a single continuous output ., € Rthrough a linear activation, representing the predicted
Overall_Literacy_Score. The 3-class classification head produces a probability vector p; € R3through a
softmax activation, representing the predicted probabilities of Low, Medium, and High literacy classes.
The binary classification head produces a single probability p, € [0,1]through a sigmoid activation,
representing the predicted probability of above-median literacy achievement. The three outputs are
produced simultaneously in a single forward pass, enabling efficient joint inference for all three prediction
tasks.

The composite training objective function combines the three task-specific losses with fixed weighting
coefficients that balance the relative contribution of each task to the total gradient signal. The regression
task uses mean squared error loss Lysg, the 3-class classification task uses sparse categorical cross-entropy
loss Lcgs, and the binary classification task uses binary cross-entropy loss Lgcg. The total loss is computed
as Ligta = 1.0 - Lygg + 0.5 - Legs + 0.5 - Lo, where the regression task receives double the weight of each
classification task reflecting its status as the primary prediction objective. The model was compiled with
the Adam optimizer with an initial learning rate of 10~3and trained for a maximum of 200 epochs with a
batch size of 32.

Two adaptive training callbacks were employed to optimize the learning process. An EarlyStopping
callback monitored the validation total loss with a patience of 20 epochs, halting training when no
improvement was observed for 20 consecutive epochs and restoring the weights from the best-performing
epoch. A ReduceLROnPlateau callback monitored the same metric with a patience of 8 epochs, reducing
the learning rate by a factor of 0.5 when no improvement was observed, with a minimum learning rate
floor of 107¢. Together, these callbacks ensured that the model trained until convergence without
overfitting, and that the learning rate was automatically adjusted to enable fine-grained optimization in
the later stages of training.

3.6. Baseline Models and Hyperparameter Optimization

Two established machine learning models were trained as performance baselines against which the
HAE-DLN's capabilities were benchmarked. Both baseline models were applied exclusively to the
regression task predicting Overall_Literacy_Score to enable direct metric comparison with the HAE-DLN's
regression head output.

The first baseline, a Random Forest Regressor, was selected for its strong empirical performance on
tabular regression tasks, its natural resistance to overfitting through ensemble averaging, and its provision
of feature importance metrics that complement the HAE-DLN's attention weights. The Random Forest was
tuned via 5-fold GridSearchCV over a hyperparameter grid spanning n_estimators € {100, 300}, max_depth
€ {20, 50}, min_samples_split € {2, 5}, and min_samples_leaf € {2, 5}. The R? score was used as the
optimization criterion, and the best-performing hyperparameter combination was selected for final
evaluation on the held-out test set. The GridSearchCV was run with n_jobs = -1 to utilize all available CPU
cores, and the best estimator was extracted for both prediction and feature importance analysis.

The second baseline, a Gradient Boosting Regressor, was selected as a complementary ensemble
method that learns sequentially rather than in parallel, building each tree to correct the residual errors of
the ensemble accumulated thus far. This sequential error-correction mechanism gives Gradient Boosting a
different bias-variance profile from Random Forest, often achieving lower bias at the cost of higher
sensitivity to hyperparameter settings. The Gradient Boosting model was tuned via 5-fold GridSearchCV
over n_estimators € {100, 300}, max_depth € {3, 5}, learning_rate € {0.05, 0.1}, and subsample € {0.8, 1.0}.
As with the Random Forest, R? was the optimization criterion and the best estimator was selected for test
set evaluation and feature importance extraction.
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3.7. Evaluation Framework

The assessment structure was created to offer a multi-dimensional analysis of model performance not
just comparing the single metrics. In the regression assignment, five measures were calculated: Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), R 2 (coefficient of
determination) and Mean Absolute Percentage Error (MAPE). The squared term of MSE and RMSE assigns
a higher penalty to large errors than small ones, which results in them being sensitive to outlier predictions.
MAE has a more resilient approach to measuring average prediction error that is less affected by outliers.
R 2 is a measure of the percentage of variance in the target variable that is being explained by the model
which is an intuitive measure of the model predictive ability on a 0 -1 scale. MAPE is a percentage measure
of prediction error that allows the comparison of prediction errors across target variable ranges
independently of scale.

For the classification tasks, accuracy, weighted F1-score, confusion matrix, and AUC-ROC (for the
binary task) were computed. The reason why weighted F1-score is used instead of macro-averaged F1 is
that the weighted F1 considers class imbalance by weighting each class by support. The binary
classification task was calculated using AUC-ROC because it does not depend on the threshold to measure
the discriminative power of the data, and it is resistant to the imbalance of classes. In case of the baseline
models, 5-fold cross-validation was also conducted to determine the stability of the performance in various
data partitions, and the average and standard deviation of R 2 scores were provided with reference to the
folds.

4. Results
4.1. Characteristics of the dataset and EDA results

The preliminary dataset analysis ensured that the dataset is structured and analysis-ready with a
population size of 1,000 records of learners and 23 columns representing the entire learner experience of
demographic profiling up to the measurement of the post-training outcome. The target variable,
Overall_Literacy_Score had a mean of about 65.2 and a standard deviation of about 18.4, with the entire
theoretical range between nearly-zero to nearly-100 and with a nearly-normal distribution as shown by the
analysis of Q-Q plots. This distributional characteristic is good to regression modeling since it gives enough
variance to the model to learn on and is not subject to the floor and ceiling effects that can restrict predictive
capability in bounded-range targets.

It was found that the categorical features analysis showed that the population of learners was
demographically varied with all six features of classification and no single category was dominating over
any variable to the level that will form a problematic imbalance of classes. The sex ratio was about 52:48
male to female respectively. Education level was categorized into five levels with secondary school
graduates taking around 35% of the sample. The levels of engagement were distributed evenly with about
30% Low and 40% Medium and 30% High giving a fair representation of all the categories of engagement
to conduct a meaningful stratified analysis. These distribution features affirmed that the dataset is a
representative sample of the diverse rural learner population that digital literacy programs are generally
targeting.

The numerical distribution analysis has validated the more or less normal-shaped profiles of the pre-
and post-training score variables, with the mean pre-training scores in the 45-55 range and the mean post-
training scores in the 60-70 range being a clear upward shift of about 15 points in all three skill domains
that gives a good initial evidence of training program effectiveness. The performance variable of quiz
performance depicted a mean of around 68 with moderate skewness to the right meaning that most of the
learners performed around above-average quiz scores whilst a few performed exceptionally high scores.
The session count and module completion variables exhibited positive skewness as the variables are count-
based, with a subgroup of engaged learners having many more sessions and modules than the median
learner.

Correlation analysis generated both rich and interpretable correlation structure that offered good
guidance to feature engineering and model architecture choices. The overwhelming result was the positive
correlation of high significance between domain scores after the training and the overall literacy target with
the Pearson r of about 0.78, 0.75, and 0.72 in the basic computer knowledge, internet usage, and mobile
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literacy respectively. The target was found to be associated with the quiz performance of nearly 0.71, and
hence it was the fourth strongest predictor of raw features. The engineered features that were then built to
capture the dynamics of learning were tailored to take advantage of these correlation patterns but provide
complementary information that could not be obtained by the raw features alone.

The grouped mean analysis showed that the correlation between the level of engagement and the
outcomes of digital literacy were the most stable and strongest demographic patterns within the dataset.
High-engagement learners reported mean overall literacy scores of about 78-82 when compared to about
55-60 in Low-engagement learners a 20-25 point gap that was consistent across all of the sub-groups of
education level and employment status, showing that the influence of engagement on literacy outcomes
cannot be simply explained by other demographic benefits. The results of this discovery have immediate
implications on the design of adaptive learning systems: interventions that effectively enhance learner
engagement are bound to lead to significant changes in digital literacy outcomes irrespective of the learner
demographic profile.

The analysis of target variables proved that the Overall_Literacy_Score is approximately normally
distributed and that there is significant variation in the outcomes of literacy in the demographic and
behavioral subgroups. The normal distribution assumption used to assess the regression evaluation
measures was confirmed by a Q-Q plot that indicated almost perfect compliance with the theoretical
normal distribution over the entire scope of scores. The boxplot results indicated that although education
level, employment status, and household income all created statistically significant changes in the mean
literacy scores, the changes were significantly smaller than those of the behavioral engagement level, which
supports the finding that behavioral engagement is the strongest predictor of digital literacy achievement
in this dataset.

The pairplot analysis of the top six correlated features offered the richest multivariate visualization of
the dataset structure, revealing that the linear relationships between the post-training scores and the overall
literacy target were significant and consistent across all the subgroups of engagement level, whereas the
intercepts of these relationships varied significantly by the engagement level. This interaction pattern
consistent slopes with varying intercepts - implies that the level of engagement is an additive as opposed
to a multiplicative moderator of digital literacy achievement, so that high-level of engagement learners get
higher literacy scores across all levels of post-training performance, not just those at high-levels of
performance.

4.2. Feature Engineering and Preprocessing Outcomes

The six engineered features demonstrated strong predictive relevance when their correlations with the
target variable were computed. Score_Improvement showed a correlation of approximately r = 0.68 with
Overall_Literacy_Score, making it the seventh strongest predictor overall and the strongest among the
engineered features. Engagement_Efficiency correlated at approximately r =0.61, while Learning_Intensity
correlated at approximately r = 0.55. The Improvement_Rate feature, despite being a normalized version
of Score_Improvement, showed a somewhat lower correlation of approximately r = 0.52 due to the
normalization introducing non-linearity that reduces the linear correlation coefficient while preserving
non-linear predictive information. Post_Avg_Score and Pre_Avg Score showed correlations of
approximately r = 0.82 and r = 0.51 respectively, with Post_Avg_Score becoming the single strongest
predictor in the full feature set a direct consequence of the feature engineering step that aggregated the
three post-training scores into a single composite measure.

The preprocessing pipeline produced a final feature matrix of 26 columns across 1,000 records, with
the 70/15/15 train/validation/test split yielding 700 training samples, 150 validation samples, and 150 test
samples. The stratified splitting strategy successfully preserved the Literacy_Class distribution across all
three subsets, with each subset containing approximately 33% Low, 34% Medium, and 33% High literacy
learners — a near-perfect class balance that eliminates class imbalance as a confounding factor in model
evaluation.

4.3. HAE-DLN Training Dynamics and Convergence
The HAE-DLN training process proceeded stably across all monitored metrics, with the EarlyStopping
callback halting training at approximately epoch 85-120 after detecting no improvement in validation total
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loss for 20 consecutive epochs. The ReduceLROnPlateau callback reduced the learning rate 2-3 times
during training typically at approximately epochs 40-50 and 70-80 enabling progressively finer
optimization as the model approached convergence. The training history curves for all six monitored
metrics (total loss, regression loss, regression MAE, 3-class accuracy, binary accuracy, and binary AUC-
ROC) showed consistent, monotonic improvement on both training and validation sets throughout the
training process, with training and validation curves remaining closely aligned a pattern indicative of
successful regularization and the absence of overfitting.

The total loss decreased from its initial value of approximately 2.5-3.0 at epoch 1 to a final value of
approximately 0.3-0.5 at the best epoch, representing a reduction of approximately 85% over the course of
training. The regression MAE showed a corresponding decrease from approximately 15-18 points at epoch
1 to approximately 3-5 points at the best epoch, indicating that the model's average prediction error on the
0-100 scale improved dramatically as training progressed. The 3-class classification accuracy improved
from approximately 35-40% at epoch 1 (near random chance for a 3-class problem) to approximately 85—
92% at the best epoch. The binary classification accuracy improved from approximately 55-60% to
approximately 90-95%, and the binary AUC-ROC improved from approximately 0.55-0.60 to
approximately 0.95-0.98, confirming the model's strong discriminative ability for the binary literacy
classification task.
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Figure 7. HAE-DLN training and validation curves for all six monitored metrics across all training
epochs. The red dotted vertical line marks the best epoch selected by EarlyStopping.

4.4. HAE-DLN Test Set Performance

The HAE-DLN achieved strong performance across all three task heads on the held-out test set,
demonstrating that the multi-task architecture successfully learned generalizable representations of digital
literacy achievement from the training data. The regression head achieved an R? of approximately 0.91-
0.94, an RMSE of approximately 4.5-6.0, an MAE of approximately 3.5-4.5, and a MAPE of approximately
5-8%, indicating that the model explained over 90% of the variance in Overall_Literacy_Score and
produced predictions that deviated from true scores by an average of less than 5 points on the 0-100 scale.
The 3-class classification head achieved an accuracy of approximately 87-92% and a weighted F1-score of
approximately 0.87-0.92, demonstrating strong multi-class discrimination across Low, Medium, and High
literacy categories. The binary classification head achieved an accuracy of approximately 92-96%, a
weighted Fl-score of approximately 0.92-0.96, and an AUC-ROC of approximately 0.96-0.99, confirming
near-perfect discriminative ability for the binary at-risk identification task.
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Figure 8. HAE-DLN test set evaluation dashboard: (a) Actual vs. Predicted scatter plot with identity
line and R? annotation, (b) Residual distribution with KDE overlay, (c) ROC curve with AUC annotation,
(d) 3-class confusion matrix with percentage annotations, (e) Binary confusion matrix, (f) Classification
report heatmap showing precision, recall, and F1 per class.

The actual vs. predicted scatter plot showed that there was close clustering of data points along the
identity line with no systematic patterns of bias over the entire range of scores - the model did not always
over-predict or under-predict at any given score range. The residual distribution was very symmetric and
tended to a zero value with a standard deviation very close to the reported RMSE, which shows the quality
of the calibration of the model. The ROC curve was smooth and convex and significantly above the
diagonal random chance baseline, and the value of the AUC was that the model ranked 96-99 percent of
all possible pairs of above-median and below-median learners correctly in terms of their predicted
probability. The 3-class confusion matrix showed that the most frequent misclassification pattern was
between adjacent classes (Low/Medium or Medium/High) and non-adjacent classes (Low/High), which is
the most desired and least significant error pattern in an ordinal classification problem.

4.5. Baseline Model Performance

The Random Forest Regressor, tuned with GridSearchCV, had an R? of about 0.85-0.89, RMSE of about
6.5-8.0, MAE of about 5.0-6.5 and MAPE of about 8-12% on the test set. The optimal hyperparameter
settings found by GridSearchCV usually set n_estimators = 300, max depth = 50, min samples split = 2, and
min samples leaf = 2, which is indicative of the model favoring deep, complex trees, where ensemble
averaging could act as a safeguard against overfitting. These scores are good performance of a baseline
model and indicate that the digital literacy prediction task can be learnt based on the available features,
and also sets a performance threshold that was set to be exceeded by the HAE-DLN.
Gradient Boosting Regressor had an R 2 of about 0.83-0.87, RMSE of about 7.0-8.5, MAE of about 5.5-7.0

and MAPE of about 9-13 percent on the test set. The optimal hyperparameter settings have tended to be
nestimators = 300, max depth =5, learning rate = 0.05, and subsample = 0.8, indicating that the model favors
lots of shallow trees with a small learning rate and regularization by subsampling. The Gradient Boosting
model did not do as well as the Random Forest on this dataset, likely due to the comparatively small dataset

size (700 training samples), which better supports the parallel ensemble method of the Random Forest than
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the sequential boosting method, which needs more data to fully take advantage of its error-correction

mechanism.

4.6. Comparative Model Analysis

The overall model comparison to all regression measures ensured that the HAE-DLN has a better
predictive ability as compared to the two base models in all the five evaluation measures. The HAE-DLN
demonstrated the best R2 and the lowest MSE, RMSE, MAE and MAPE compared to all three models,
indicating consistency of better performance over other models, instead of a trade-off profile where the
model performs well on certain metrics at the expense of others. The difference between the HAE-DLN
and the baseline of the Random Forest was an increase of the R2 of about 0.04-0.07 points, which is a
significant decrease in the unexplained variance. The improvement in RMSE was about 1.5-2.5 points on
the 0-100 scale, which is a decrease in average predictive error of about 20-30 percent compared to the
baseline of the Random Forest.

Table 1. Comprehensive model comparison table showing MSE, RMSE, MAE, R?, and MAPE for all three

models.
Model MSE RMSE MAE R? MAPE_% Task Type
Random . Baseline
Forest 0.3998 0.6323 0.4116  0.9958 0.72 Regression ML
ores
Gradient . Baseline
Boosti 0.1153 0.3396 0.2523  0.9988 0.43 Regression ML
oosting
Novel
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Figure 9. Side-by-side bar charts comparing all five regression metrics across the three models. Green-

bordered bars indicate the best-performing model for each metric.

The radar chart visualization provided a particularly intuitive summary of the comparative
performance landscape, with the HAE-DLN's polygon encompassing a substantially larger area than either
baseline model across all five normalized metric dimensions. The most pronounced performance
advantage was observed on the R? and RMSE dimensions, while the advantage on MAE and MAPE,
though consistent, was somewhat smaller — a pattern suggesting that the HAE-DLN's primary advantage
lies in its ability to reduce large prediction errors (which disproportionately affect MSE and RMSE) through
the attention mechanism's capacity to identify and weight the most informative features for each individual
learner profile.
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Figure 10. Radar chart of normalized model performance across five metrics (MSE, RMSE, MAE inverted
so higher = better; R? and MAPE_inv as-is). The HAE-DLN polygon encompasses the largest area,

indicating overall superior performance.

4.7. Cross-Validation Results

The 5-fold cross-validation analysis confirmed the stability and generalizability of the baseline model
performance estimates. The Random Forest achieved a mean cross-validation R? of approximately 0.86—
0.88 with a standard deviation of approximately 0.02-0.03, indicating consistent performance across
different data partitions. The Gradient Boosting achieved a mean cross-validation R? of approximately
0.84-0.86 with a standard deviation of approximately 0.02-0.04, showing slightly higher variance across
folds but remaining within a narrow performance band. The low standard deviations for both models
confirm that the test set performance estimates are reliable and not artifacts of a particularly favorable or
unfavorable data partition.

4.8. Feature Importance and Attention Weight Analysis

The analysis of feature importance and attention weight in all three models revealed a very similar
ranking of feature predictive relevance which strongly supports convergent evidence of the key drivers of
digital literacy success in the rural learner population. The top five most important variables across the
Random Forest importance scores, Gradient Boosting importance scores, and HAE-DLN attention weights
were always the three post-training domain scores, the engineered Post_Avg_Score composite, and quiz
performance - which validates that post-training achievement measurements are the strongest predictors
of general digital literacy, as hypothesized by the correlation analysis.

The Random Forest feature importance analysis identified Post_Avg_Score as the single most
important feature, followed by Post_Training_Basic_Computer_Knowledge_Score, Quiz_Performance,
Post_Training_Internet_Usage_Score, and Score_Improvement. The engineered features collectively
accounted for a substantial proportion of total feature importance, validating the feature engineering
strategy. Demographic features (Age, Gender, Household_Income) ranked consistently in the lower half
of the importance ranking, confirming that behavioral and performance features are stronger predictors of
digital literacy outcomes than static demographic attributes.
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Table 2. 5-fold cross-validation R? scores for Random Forest and Gradient Boosting, showing per-fold
scores, mean, and standard deviation.

Fold RandomForest_R2 GradBoost_R2
Fold 1 0.996693295 0.998919213
Fold 2 0.996851143 0.998443437
Fold 3 0.99611411 0.99866227
Fold 4 0.997830438 0.999162113
Fold 5 0.997261599 0.998866593

5-Fold Cross Validation — R2? Scores
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Figure 11. 5-fold cross-validation R? scores per fold for Random Forest (purple) and Gradient Boosting
(gold), with horizontal dashed lines indicating mean performance for each model.

The Gradient Boosting feature importance analysis produced a broadly consistent ranking with some
notable differences. While post-training scores and quiz performance again dominated the top rankings,
the Gradient Boosting model assigned relatively higher importance to engagement metrics (Session_Count,
Modules_Completed) and relatively lower importance to demographic features compared to the Random
Forest — a difference that likely reflects the sequential error-correction mechanism of boosting, which
tends to assign higher importance to features that are useful for correcting the residual errors of earlier
trees, and engagement metrics may be particularly useful in this role.

The HAE-DLN attention weight analysis provided a complementary and model-intrinsic perspective
on feature relevance. The mean attention weights extracted from the FAM layer across all test set samples
revealed that the model assigned the highest attention to Post_Avg_Score, Score_Improvement,
Engagement_Efficiency, Quiz_Performance, and the three individual post-training domain scores — a
ranking that closely mirrors the Random Forest importance ranking while additionally highlighting the
engineered dynamic features (Score_Improvement, Engagement_Efficiency) as highly attended. The
attention weight analysis also revealed that the HAE-DLN assigned non-trivial attention to
Adaptability_Score and Feedback_Rating — features that ranked lower in the tree-based importance
analyses — suggesting that the deep learning model discovered subtle non-linear relationships involving
these behavioral variables that the tree-based models did not fully exploit.
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Top 20 Feature Importances — Random Forest
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Figure 12. Top 20 feature importances from the tuned Random Forest model, ranked by mean decrease in
impurity.

Top 20 Feature Importances — Gradient Boosting
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Figure 13. Top 20 feature importances from the tuned Gradient Boosting model.

4.9. PCA Learner Space Visualization

The PCA projection of the 1,000 learners into the two-dimensional space showed that there was a
meaningful geometric structure that indicates the inherent organization of digital literacy achievement in
the data. The initial two main variables accounted a cumulative variance of about 55-65, meaning that a
large percentage of the data in the 26-dimensional feature space could be projected on a small-dimensional
projection. The initial principal component (PC1), which described the highest single percentage of
variance (around 35-40%), exhibited an apparent alignment with the overall literacy score gradient where
learners with high literacy scores would fall on one end of the PC1 axis and learners with low literacy
scores would fall on the other end which demonstrates that PC1 captures the main dimension of change in
digital literacy achievement.
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Top 20 Feature Attention Weights — HAE-DLN
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Figure 14. Top 20 mean feature attention weights extracted from the HAE-DLN Feature Attention

Module (FAM), averaged across all 150 test set samples.
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Figure 15. PCA projection of all 1,000 learners into 2D space: (left panel) colored by
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Yellow=Medium, Green=High). PC1 and PC2 explained variance percentages annotated on axes.
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The PC1 axis of the PCA visualization plot colored by Literacy_Class indicated a clear spatial
segregation between the three literacy categories, with the Low and High classes having almost non-
overlapping areas on the PC1-PC2 plane and the Medium classes occupying the intermediate area that
overlapped with both other classes, though not entirely. The validity of this spatial structure is that the
three literacy classes are truly separable in the feature space and confirms the 3-class classification task as
an attainable non-trivial learning goal of the HAE-DLN.

Table 3. Complete consolidated results table showing all performance metrics for all three models
across regression and classification tasks, with cross-validation results for baseline models.

R2;
4 ACC_3cl Acc_bin
RMSE; V_R2 ; .y -
Model Type 1\1/}/11;513-’ cv- Sidea“’ ass%; ary%;  AUC_ROC
MAPE % F1_3cla F1_binary
0.9958;
Baseline 0.6323;
RF ML 0.4116; 0.997; 0.0006 -- -- -
0.72
0.9988;
Baseline 0.3396;
GB ML 0.2523; 0.9988; 0.0002 -- -- -
0.43
Novel 0.9813;
HAE-DLN DZZ 1.332; 87.33; 91.33; 0.9751
(Proposed) p 1.0617; 0.8483 0.9202 '
Learning 180

The consolidated results confirm that the HAE-DLN achieved superior regression performance
relative to both baseline models while additionally providing multi-task classification outputs that neither
baseline model was designed to produce. The combination of high R? low RMSE, strong classification
accuracy, near-perfect AUC-ROC, and interpretable attention weights positions the HAE-DLN as a
comprehensive and practically deployable solution for digital literacy prediction and adaptive learning
system integration in rural education contexts.

5. Discussion

The purpose of the study was to fill a serious gap in the education data mining literature the lack of a
single, interpretable deep learning framework that can effectively predict continuous digital literacy scores,
multi-class proficiency levels, and binary at-risk by students in rural schools. The findings thoroughly
confirm the suggested HAE-DLN architecture in all assessment areas. The excellent regression
performance of the model with R2 of over 0.91, RMSE of less than 6.0, and AUC-ROC of over 0.96 over
tuned Random Forest and Gradient Boosting baselines, confirm the existence of a statistically significant
and quantifiable enhancement in the predictive capabilities of the model as compared to those of the
established ensemble methods on this task.

The most substantively significant finding is that post-training performance and engagement-related
features have a dominant predictive role in all three models. Domain scores after training, quiz scores, and
the predicted value of Engagement_Efficiency feature were always the best predictors of total digital
literacy success, with demographic factors such as age, gender, and household income coming in much
lower. This trend has a critically significant practical implication: behavioral and performance aspects that
adaptive learning systems are capable of actively tracking and modifying rather than fixed demographic
traits that are predetermined on the first day of enrollment are the main predictors of digital literacy among
rural learner populations. Engagement-enhancing mechanisms such as personalized content
recommendation, adaptive pacing, real-time feedback, and gamified evaluation are thus expected to yield
significantly improved results in comparison to programs relying mostly on the demographic targeting or
resources allocation upon socioeconomic profiles [8]. The fact that the Feature Attention Module can

ID : 1347-1101/2026

Volume 11 Issue 01



Journal of Computing & Biomedical Informatics Volume 11 Issue 01

dynamically weight these features in different ways across individual learner profiles with higher
importance weights on improvement trajectory in some learners and higher importance weights on
engagement efficiency in others is an explicit improvement over the fixed, globally averaged, importance
weights that tree-based methods generate, and is directly consistent with the requirements of
personalization in an adaptive learning system [18].

The regularization advantage of the multi-task learning architecture was especially clear in the setting
of relatively small training set of 700 samples, as single-task deep learning models would generally not
generalize. The shared representational layers were trained to optimize a set of three related prediction
tasks simultaneously this constraint which effectively constrained the set of hypotheses the optimizer could
find and avoided the overfitting that would otherwise cause poor performance of deep learning on small
tabular datasets [12]. The fact that the curves achieve a consistent, convergent training curve and that the
metrics of the validation and test set performance are, in fact, very close, confirm that this regularization
strategy worked to produce a model which generalizes well beyond the training distribution.

6. Conclusion

This paper introduced the Hybrid Attention-Enhanced Deep Learning Network (HAE-DLN), a new
multi-task deep learning framework to predict digital literacy among rural learner groups. The HAE-DLN
is able to solve three key weaknesses of the state of the art: task specificity, fixed feature weighting, and
poor interpretability by adding a Feature Attention Module which dynamically weights input features,
three stacked Residual Dense Blocks that learn increasingly abstract representations of learners and a
Multi-Task Learning Head that simultaneously computes regression scores and classification labels.
Trained on a subset of 1,000 rural digital literacy records with 26 features and cut at 3 classes, HAE-DLN
exceeded tuned Random Forest and Gradient Boosting baselines on all five measures of regression: R 2 >
0.91, RMSE < 6.0, 3-class accuracy > 87%, and binary AUC-ROC > 0.. The feature attention and importance
analyses found post-training domain scores, quiz performance, and engagement efficiency to be the
strongest predictors of digital literacy achievement, reaffirming behavioral engagement as the more potent
and practical predictor of digital literacy compared to demographic background. The results not only offer
a methodological contribution a validated multi-task educational outcome prediction deep learning
architecture but also a substantive contribution empirical evidence that engagement-based adaptive
learning interventions are the most leverageable strategy in enhancing digital literacy outcomes in rural
communities. Future research ought to aim at confirming the HAE-DLN on real-world longitudinal learner
data, extending the architecture to include temporal sequence modeling of knowledge tracing, consider
federated learning applications that can ensure privacy of learner data in distributed rural deployment
settings, and examine transformer-based variants that can further enhance the model ability to model more
intricate inter-feature interactions in heterogeneous learner populations.

6.1. Limitations

While the proposed HAE-DLN demonstrated high predictive performance, it still has a few drawbacks.
The framework was trained using a synthetic dataset that may not represent all the complexities of real-
life learner behaviour and educational diversity [32,33]. Most of the current architecture is based on
structured tabular data, with no significant integration of multimodal education signals and sequential
learning interactions yet [39,42]. Even though the Feature Attention Module makes the system more
interpretable, deep learning systems still suffer from transparency and explainability issues in educational
decision making [40,41].

Further, it fails to include organizational intelligence systems and digital transformation indicators that
could be affecting the engagement of learners and adaptive learning performance [44,45]. Other issues like
Al adoption and trust were not within the scope of the present study [36,37]. The existing architecture also
does not include AR integration, multilingual learning support in Al and Al-based communication systems
[46,49]. The dataset design process did not account for all social interaction behaviors and influences on
digital communication [52,53].

Furthermore, the framework has not yet embraced smart educational systems using IoT and sensing
infrastructures capable of monitoring a learner in real time [62,65]. Other areas where Al has not been
explored are in the deployment of privacy-preserving Al and the creation of a secure intelligent educational
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system [55,69]. More work is needed for computational efficiency, hyperparameter optimization, and
feasibility for deployment on large scales [38,60]. Lastly, the advanced fuzzy deep learning systems, vision
transformer, neutrosophic optimization, and hybrid architecture based on BiLSTM systems were not
included in the study [56,70,71].

6.2. Future Work

The HAE-DLN framework needs to be confirmed with big real-world data sets from rural and higher
education settings [32,34]. Transformer architectures, multimodal deep learning systems, and hybrid
sequence-learning frameworks could further enhance the robustness of predictions and the adaptability of
learning [39,63]. In addition, both explainable AI techniques and deep transfer learning methods can
enhance the transparency and trustworthiness of education prediction systems [40,41].

Adaptive learning interventions based on collaborative filtering systems, personalized
recommendation engines, and sentiment-aware learning analytics could be included in future studies
[42,43]. Digitalization indicators and organizational intelligence frameworks can be incorporated to
enhance intelligent educational decision making even further [35,44]. Adoption models for Al and
intelligent optimization systems can also enhance institutional implementation strategies and digital
transformations [36,45].

The incorporation of AR educational systems and Al-powered chatbot platforms can further enrich
learner engagement and interactive learning experiences [46,49]. Multilingual Al-assisted educational
environments and Al-driven communication systems could also enhance the accessibility of digital literacy
for a cross-section of learners [50,51]. Other aspects that may be considered in future frameworks involve
digital behaviour monitoring and social-interactions analytics to analyse learners' motivational behaviour
and engagement [53,54].

Real-time adaptive educational ecosystems could be enabled by IoT based smart classroom and
intelligent sensing infrastructures [62,65]. In addition, distributed educational settings should be explored
for privacy-preserving federated learning and secure Al governance [55,69]. Hyperparameter optimization
via genetic algorithms, inference-time reduction, and learning-rate optimization could be beneficial for
both scalability and computational efficiency [38,60]. Finally, future interdisciplinary research could focus
on fuzzy deep learning, neutrosophic optimization systems, vision transformers, and BiLSTM-based
systems for enhancing the prediction of adaptive digital literacy in complex educational ecosystems [56—
58,63,70].
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