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ABSTRACT

Aim/Purpose Early identification of at-risk students is a burning issue in higher education.
Although conventional Machine Learning (ML) models have high predictive ac-
curacy, they tend to be opaque black boxes and offer no diagnostic information.
This paper aims to fill this diagnostic gap by developing an eXplainable Al
(XAl)-based framework to convert technical risk scores into actionable prompts
for students’ self-regulation and reflection.

Background Conventional academic assistance is reactive, meaning it is provided after failure
has occurred. Although ML enables proactive identification, its lack of transpar-
ency prevents educators from offering specific support. This paper introduces a
framework to improve student success by integrating explainability and fairness
beyond classification, aligning technical Al performance with pedagogical objec-
tives.

Methodology Three ML models, Logistic Regression, Random Forest, and XGBoost, were
used to analyze a refined sample of 278 student records. The methodology en-
tailed a preprocessing pipeline of data. SHAP (Shapley Additive Explanations)
was incorporated to support both global and local interpretability, whereas a
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formal Fairness Audit was performed to guarantee that risks were fairly detected
across gender groups.

Contribution The research introduced a novel human-focused framework that fills the gap
between predictive analytics and pedagogical theory. It shows how XAI can
help turn a technical risk score into a metacognitive prompt, encouraging data-
driven conversations between educators and students and offering a clear
roadmap for institutional interventions.

Findings The analysis revealed that the Random Forest model achieved 92.9% accuracy
and an AUC-ROC of 0.977. SHAP analysis found school absenteeism and mid-
term grades as the most important risk predictors. Individualized diagnostics
(waterfall plots) in the system provided the necessary evidence through student
self-reflection, and the audit of fairness ensured that the model supports gender
groups equally.

Recommendations ~ Educational institutions must implement risk prediction systems based on XAI

for Practitioners to go beyond mere warning systems. Practitioners should employ individual-
level diagnostics to tailor mentoring and motivate students to reflect on their
learning behaviors through evidence-based self-reflection.

Recommendations ~ Further studies are expected to include longitudinal pilot studies that quantify

for Researchers the actual behavioral effects of XAl-based prompts on student outcomes. Re-
searchers are also advised to test the framework using larger, multi-institutional
datasets to increase its generalizability.

Impact on Society ~ Transparent and fair ML systems can improve student retention and graduation
rates, leading to better resource allocation and a more inclusive educational en-
vironment. By focusing on student agency, these systems foster a more success-
ful, self-aware workforce that benefits society in the long term.

Future Research To establish the global applicability and ethical soundness of the XAl frame-
work, future studies must explore real-time application of XAl to learning man-
agement systems and test the cross-cultural validity of behavioral predictors.

Keywords early risk detection, explainable artificial intelligence (XAI), fairness in Al, ma-
chine learning in education, metacognition, student retention

INTRODUCTION

The main objective of higher education is not merely to provide students with knowledge but also to
ensure that they complete their academic journey. Retention of students and academic achievement
have become performance indicators at universities across the world. Traditionally, education sup-
port was reactive; students were assisted after they failed an exam or dropped out. However, to en-
hance student performance, institutions have adopted proactive approaches that identity struggling
students at an early stage, when there is still time for meaningful intervention (Algarni et al., 2023).
This proactive approach requires a profound understanding of student behavior and the factors that
influence success, including socio-economic status and prior academic achievements.

To achieve this early identification, the field of education has shifted towards data-driven technolo-
gies. Educational Data Mining (EDM) and ML are now commonly employed to analyze large masses
of student data to predict academic risk (Feng et al., 2022; Hamid et al., 2026; Khine, 2024).
XGBoost, Logistic Regression, and Random Forest algorithms have demonstrated high mathematical
accuracy in identifying at-risk students (Chong et al., 2025). By training models on past student rec-
ords, institutions can now produce risk scores before the final exams. Although a shift towards
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automated ML prediction has enhanced the speed of identification, it has also presented new chal-
lenges in terms of the transparency and practical application of such models in a classtoom environ-
ment.

The biggest issue with the existing ML solutions in education is that they act as Black Boxes. How-
ever, these models can effectively forecast that a student is at risk, but they are unable to tell why the
prediction was made (Gunasekara & Saarela, 2025). Prediction without explanation is a major limita-
tion in an educational context. For example, a teacher may be alerted that a student is likely to fail,
but without knowing whether the risk is due to high absenteeism, poor mid-term grades, or study
time absence, the teacher cannot design a suitable intervention. This results in a diagnostic gap in
which the Al issues an alarm but provides no roadmap for support. Moreover, being labeled at-risk
by an unknown algorithm may be stigmatizing to students, leading to a loss of motivation rather than
behavior change.

This results in a significant research gap: the lack of integration between Al and Metacognition, the
capacity of students to monitor and control their own learning process (Kara et al., 2024). Based on
carlier theories by Flavell (1979) and Zimmerman (2000), students learn effectively when they can re-
flect on their behavior and modify it. This is not supported by traditional ML models since their logic
is not visible to the student. This is where Explainable Al (XAI) is necessary. XAl is more transpar-
ent, unlike typical ML, as it displays the aspects or behaviors that contributed to a risk flag. The exist-
ing research has not fully investigated the use of XAI as a Metacognitive Prompt to assist students in
comprehending their specific learning gaps. Without XAl, we cannot transform a technical risk score
into a pedagogical tool that stimulates self-reflection for student development.

To bridge this gap, this paper proposes an XAl-based predictive framework that balances high accu-
racy with human-interpretable explanations. With a Random Forest model, we not only identify at-
risk students but also provide a list of contributing factors that contribute to the risk. The transpar-
ency enables our model to serve as a Metacognitive Catalyst, turning the intervention process into a
data-driven conversation between the educator and the student rather than a generic warning. By re-
vealing the why behind a prediction, the system enables students to self-regulate and take informed
measures, aligning technical Al performance with the main objectives of education.

The primary contributions of this study are:

o The study develops a high-fidelity predictive framework that uses ML algorithms to identify
at-risk students early. Through benchmarking various classifiers, the paper finds the random
forest as the best model for identifying academic risk with high precision, moving beyond a
manual monitoring system to a scalable, data-driven identification system.

¢ An important contribution is the inclusion of an XAI layer that breaks down the black-box
nature of traditional models. By applying SHAP analysis to provide global and local inter-
pretability, the framework transforms the at-risk flag into a diagnostic tool. This enables the
system to uncover the specific behavioral and academic drivers behind every prediction,
providing the necessary ‘why’ for effective intervention.

e The research integrates a fairness audit as an essential ethical element in the methodology.
Using Demogtaphic Parity Difference to measure and reduce gender-based algorithmic bias,
the study ensures that the predictive results are fair. This contribution will provide a guide-
line for responsibly applying Al in the education sector, ensuring every student group has
equal and unbiased access to support.

o Ultimately, this research facilitates a shift from reactive institutional monitoring to proactive
student agency. By turning technical explanations into metacognitive prompts, the frame-
work empowers students to engage in self-reflection and self-regulation. The primary impact
is the creation of a human-centered dialogue between educators and learners, where Al
serves as a pedagogical catalyst for long-term metacognitive growth and academic success.
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The rest of the paper is organized as follows. The next section presents a thematic literature review
that synthesizes the background. The research methodology is then described, including the dataset
characteristics, the ML algorithms, and the ethical fairness audit procedure. The results of the experi-
ment, the comparison of models, and the analysis of feature importance are then described. The pa-
per then concludes the study and gives directions for future research.

LITERATURE REVIEW

The rapid development of EDM and Learning Analytics (LA) has fundamentally altered higher edu-
cation institutions’ ability to track and predict student academic outcomes. In the past, institutions
used reactive measures, but transitioning to data-driven decision-making has enabled proactive inter-
vention. Studies (e.g., Algarni et al., 2023; Jiang et al., 2024) have shown that machine learning mod-
els, including Random Forests and Support Vector Machines, are capable of high classification accu-
racy in predicting student success. Although this advancement has been made, there is still 2 major
limitation: these studies are largely based on mathematical performance measures, and in most cases,
the underlying behavioral, psychological, and non-academic factors are not adequately considered in
understanding student persistence.

The use of Al in instructional models is no longer a choice, as Aldowah et al. (2019), Khine (2024),
and Kong et al. (2021) claim that this approach is essential in the modern educational process. The
online and distance learning environment, which has now become the most popular form of instruc-
tion, needs more than just an efficient design; it needs a sense of student engagement. Chong et al.
(2025) emphasize that individual engagement patterns and learning styles are more important than
instructional design in driving student success in virtual environments. To address these complex
needs, Moreno-Marcos et al. (2020) argue that EDM and LA are essential fields that enable educators
to uncover patterns previously hidden in educational datasets. These patterns that would otherwise
be hidden are obtained using advanced statistical and machine learning methods that enable a trans-
formation of raw data into actionable pedagogical strategies.

But the quest for greater precision has led to the proliferation of complex automated systems.
Aldowah et al. (2019) caution that with the growing sophistication of models towards deep learning
architectures as used by Al-Shabandar et al. (2019), there is a risk that they lose their theoretical con-
nection to the well-established learning sciences. Williamson and Eynon (2020) highlight this issue,
noting that the social, ethical, and power dynamics of student data use must be addressed when de-
veloping long-term learning analytics. Moreover, although Waheed et al. (2020) and Latif et al. (2023)
used large interaction logs to predict performance, their models tend to provide context-specific out-
comes that are hard to extrapolate to other institutional cultures or demographic groups. Although
predictive frameworks can be technically sound, they seldom undergo formal technical audits to ad-
dress algorithmic bias, a major ethical issue related to fairness and fair support (Al-Shabandar et al,,
2019).

One of the main criticisms of existing ML-based interventions is the black-box nature of these inter-
ventions. The existing systems, as reported in Al-Shabandar et al. (2019), Iranzad and Liu (2025), and
Embarak and Hawarna (2024), provide risk scores but do not elaborate on the reasoning behind
them, which limits the possibility of targeted mentoring. Educators cannot provide the roadmap that
struggling students need when they cannot explain why an algorithmic prediction works the way it
does. It is in this diagnostic gap that the field of Explainable Al (XAI) is needed. Authors (Fiok et al.,
2022; Gunasekara & Saarela, 2025; Lukyanenko et al., 2021) argue that transparency is the cornet-
stone of trust in educational Al yet Pitts et al. (2025) and Chong et al. (2025) point out that many
current XAl applications stop at simply building trust rather than functioning as practical tools for
student development.

The proposed framework (Flavell, 1979; Zimmerman, 2000) is based on the theory of metacognition.
It was determined that metacognitive monitoring and self-regulation are critical to academic
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development. Students can learn when they have the capacity to reflect on their behaviors and cor-
rect them. Nevertheless, modern Al systems often do not undergo the reflection phase, since the de-
cision-making logic of an algorithm is never disclosed to the learner.

According to Kara et al. (2024), engagement is mainly driven by personality traits and self-regulation,
but studies such as Embarak and Hawarna (2024), although novel, do not include a direct feedback
loop to enhance student self-awareness. Recent studies by Yang and Xia (2023), Lee et al. (2025), and
Latif et al. (2023) reaffirm the need for such a feedback loop, suggesting that Al should be used as a
scaffold for metacognition calibration rather than a monitoring tool.

Additionally, the advent of Generative Al in a short petiod of time has brought new challenges to the
educational domain. Although Baidoo-Anu and Ansah (2023), Wu (2023), and Vieriu and Petrea
(2025) report on the difficulties of Al tools such as ChatGPT, they all focus on the idea that Al
should be used to facilitate academic agency among students instead of automating the education
process to the extent of involving students. The study by Rienties et al. (2023) fairly observes that
tools should be socially valid in the classroom; otherwise, they may be too complex or not transpar-
ent enough, making them unavailable to non-expert users, such as students.

A critical analysis of this literature shows a two-fold gap. First, there is a technical gap: high-accuracy
predictive models are not interpretable enough for pedagogical action. Second, predictive analytics
are not theoretically connected to the underlying processes of metacognitive development. The ma-
jority of current systems are black boxes that generate alarms but offer no diagnostics, leaving educa-
tors without data-based improvement paths. The lack of model-agnostic XAl frameworks that bridge
the gap between high-fidelity risk prediction and the student’s internal regulatory mechanisms is evi-
dent. This research fills these gaps by proposing an XAl-driven predictive system that includes ML
transparency and metacognitive support.

METHODOLOGY

This study adopts a quantitative predictive modeling method grounded in EDM to specifically ad-
dress the interpretability and metacognitive gaps in the previous literature (Khine, 2024). The meth-
odology is structured to go beyond the black-box character of traditional ML models, which are fre-
quently highly accurate but lack the diagnostic transparency required for pedagogical action. The
framework aims to fulfill the theoretical needs of self-regulated learning proposed by Flavell (1979)
and Zimmerman (2000). The implementation of XAl as an essential part of its framework and the
transformation of technical risk scores into practical metacognitive prompts for students.

The proposed methodology, as shown in Figure 1, proceeds in a logical order, starting with data ac-
quisition, a preprocessing stage with one-hot encoding, and a stratified train-test split to address class
imbalance. This pipeline is then switched to a multi-model benchmarking phase, where Logistic Re-
gression, Random Forest, and XGBoost are compared. Importantly, the methodology has built in an
evaluation and fairness audit layer to address the ethical issues noted in past studies, within an out-
come that is focused on student-teacher communication and metacognitive development.

DATASET AND VARIABLES

The experimentation phase of the study is built on the Student Performance Dataset, a benchmark-
quality dataset downloaded from the UCI ML Repository. This dataset was chosen to ensure data
quality and to focus on the academic and behavioral aspects of early risk identification. The original
data set contained 395 records. However, to ensure high data integrity in the predictive model, rigor-
ous filters were applied. Data with missing values for important behavioral attributes and students
with incomplete academic records were removed. Thus, a clean set of 278 student records was ob-
tained and used for modeling and interpretability analysis.
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Step 1:Load dataset

« One hot encoding(40
features)

« Train-Test Split: 80/20

» Stratified sampling

» Logistic Regression
* XGBoost
» Random Forest

! |

Diagnostic Utility
« Feature Importance
* Key Predictors: Grades,

Predictive Performance
e Confusion Matrix

* Accuracy Absences
¢ Precision l
* Recall - -
e F1-Score Fairness Audit
« Demographic parity
difference(Gender)

« Random forest Model

« Transparent, Interpretable,
Fair

* Supports Metacognitive
Dialogue

Figure 1. Proposed methodology for predicting at-risk students

The dataset will offer a comprehensive picture of students based on 33 attributes, which were
grouped into four major categories to reflect the complexity of the learning scenario:

1. Demographic Profiles: Basic attributes such as Gender, Age, and Address_Type (Urban vs. Ru-
ral) that provide basic details of the student’s background where he/she resides.

2. Socio-economic and Family Background: Strategic variables include Mothers_Education, Fa-
thers_Education, and parents’ occupations (Mothers_Job, Fathers_Job) and Family_Size.

3. Academic Engagement: The performance indicators include Weekly_Study_Time,
Travel_Time_To_School, and access to Extra_Educational Support.

4. Behavioral and Lifestyle Indicators: Behavioral indicators such as school absences, going out with
Friends, and alcohol consumption, which are usually ignored in conventional performance
models.
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The target variable for the classification task is the binary variable At Risk_Student, where 1 indi-
cates At-Risk status, and 0 indicates non-At-Risk status. In accordance with ethical data-handling
practices, the dataset used in this study is fully anonymized, with all personally identifiable infor-
mation (PII), such as names and student IDs, removed at the source. It guarantees student privacy
protection and the opportunity to analyze academic and behavioral patterns objectively.

One characteristic of this dataset is the imbalance in the classes, with about 32% of students at risk.
To ensure reproducibility and reduce algorithmic bias, the methodology uses stratitied sampling and
the parameter class_weightbalanced during model training. To enable compatibility among ML mod-
els, all categorical string variables (e.g., parental jobs and school choice reasons) were encoded using
one-hot encoding, increasing the feature space to 40 numerical predictors.

DATASET CHARACTERISTICS AND EXPLORATORY ANALYSIS

Before developing the Al model, an Exploratory Data Analysis (EDA) was conducted to understand
the distribution and relationships among the data variables. This step is essential to ensure that the
technical consequences of the Al model are appropriate for educational practice. The distribution of
the target variable, At Risk_Student, is shown in Figure 2. This indicates the class imbalance. In this
data, 32 percent of students are at-risk (Class 1), and 68 percent are not (Class 0). This class imbal-
ance aligns with the educational reality that a minority of students typically require intervention. To
address this problem, stratified sampling and class weights were used to ensure the model remained
sensitive to the at-risk minority class.

At Risk Students
175
150+

100+

count

751

50

251

o

At_Risk_Student
Figure 2. Distribution of the target variable (At_Risk_Student)

Figures 3(a), 3(b), and 3(c) give the demographic profile of the sample of students. The data shows a
diverse sample with an age range of 15 to 22 years, predominantly residing in urban areas (U) with a
fairly even split between genders. A preliminary analysis of behavioral variables indicates a strong
correlation between social lifestyle and academic performance. For example, students with higher val-
ues for school absences and social activities are more frequently flagged as at risk. This is an im-
portant educational insight as it suggests that a decline in class engagement often precedes academic
failure. Early detection of these patterns allows the framework to serve as a metacognitive prompt,
prompting students to reflect on their time-management habits before their grades suffer.

Academic predictor analysis shows very strong and consistent patterns. Figure 4 shows a distinct re-
lationship between first- and second-period grades, with at-risk students consistently falling in the
lower-performance quadrant. Also, the visual heatmap (Figure 5) confirms the strong negative corre-
lation between the final academic status and grade periods, and the strong positive correlation (0.8)
between the two grade periods themselves. This means that past performance is a very reliable indi-
cator of future risk. Non-academic factors in the heatmap, such as Past Failures and Mother’s
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Education, demonstrate that a student’s risk is not entirely determined by their current marks but
also depends on their socio-economic background. These correlations provide the necessary context

for the XAI phase, ensuring that the model’s eventual “explanations” are grounded in the actual be-
havioral patterns of the students.

Urban vs Rural

Address Type
Figure 3(a). Demographic profile of the student
sample showing distribution by address type
Gender Distribution
140F
120+
100}
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count

60

40+

20t

Gender

Figure 3(b). Demographic profile of the student
sample showing distribution by gender

Age Distribution

100}

el

6of | e
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40t

-
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15 16 17 18 19 20 21 22
Age

Figure 3(c). Demographic profile of the student
sample showing distribution by age
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Grades: First vs Second Period
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Figure 4. Correlation between first and second period grades
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Figure 5. Correlation matrix of key numerical variables

DATA PREPROCESSING

To ensure the integrity of the predictive model and the quality of the following diagnostic insights, a
data preprocessing was developed. This process was designed to transform the raw values of stu-
dents’ academic and behavioral data into a format that can be used by ML algorithms. Our data com-
prised 33 attributes, and the majority of these attributes were categorical (e.g., parent’s profession,
reason for choosing the school, and urban or rural). We used one-hot encoding for all non-ordinal
features to ensure these variables were represented in a form algorithms could use and interpret while
preserving their meaning. As a result, a new feature set of 40 numerical variables was obtained. This
is important because it enables the models to learn the impact of different levels of categorical varia-
bles, such as whether a student has “extra educational support”, which is an important feature for
carly academic risk prediction. The data was split into two sets — training (80%) and testing (20%) —



Al-Driven Risk Detection for Metacognitive Growth

to ensure a fair and rigorous evaluation of the predictive power of the models. One challenge in edu-
cational data is the underrepresentation of at-risk students (32% in this study). Stratified sampling
was adopted to reduce the chances of sampling bias during the split. This guarantees that the ratio of
students who are at-risk (Class 1) to those who are not at-risk (Class 0) is the same across the training
and test subsets. This regular distribution compels the model to acquire the characteristics of the mi-
nority class well, eliminating the risk of the model becoming biased against the majority group, a fre-
quent breakdown in conventional black box systems.

PREDICTIVE MODELINGAND ALGORITHM SELECTION

Three different classification models were benchmarked to find the best tool for early risk identifica-
tion. This is a common practice in EDM, where model selection is justified by performance and in-
terpretability. All algorithms were chosen to reflect a certain degree of architectural complexity:

1. Laogistic Regression: Logistic regression is a linear model that estimates the probability of a bi-
nary outcome. It was trained with L2 regularization and the liblinear solver to ensure it con-
verged stably on the 278-record cohort. The simplicity and direct interpretability of logistic
regression make it extremely useful in educational tasks.

2. Random Forest: The random forest is an ensemble ML algorithm, which employs bootstrap
aggregating (bagging) to create a number of decision trees. In this research, the model was
optimized with 100 estimators and a maximum tree depth of 10 to avoid overfitting while
maintaining accuracy. Its main advantage is its ability to compute feature importance, provid-
ing the diagnostic transparency required for a metacognitive framework. The Random Forest
model goes beyond simple classification to offer actionable insights by discovering which
academic or behavioral factors drive a prediction (Iranzad & Liu, 2025).

3. Extreme Gradjent Boosting (XGBoost): XGBoost was adopted to provide a high-performance
standard of predictive accuracy. It employs a sequential boosting method in which each suc-
cessive tree is trained to correct the errors of the previous tree. The learning rate and maxi-
mum depth were adjusted to 0.1 and 6, respectively, to achieve the best performance on the
dataset.

Following comparative analysis, the Random Forest Classifier was chosen as the best model in the
proposed framework. It provided a better trade-off between high accuracy and human interpretabil-
ity. To ensure the model reflects the educational priority of safeguarding vulnerable students, the
class_weight parameter was set to ‘balanced’. This technical change raises the penalty for misclassify-
ing at-risk students and effectively reduces false negatives by ensuring that the system does not ig-
nore struggling learners.

EVALUATION OF MODELS

A detailed evaluation was established to determine the predictive model’s effectiveness. This assess-
ment was conducted to ensure that the selected model is accurate, fair, and pedagogically effective.
To measure the classification performance of the models on the test set, the following measures were
used:

o Aceuracy: 1t is the proportion of all classifications that were correct, whether positive or nega-
tive. It is defined as:

Number of correct classification instances

Accuracy =
y Total number of instances

o Drecision: It is a measure of the model’s reliability and is calculated as the ratio of true positives
to all positive predictions.

True Positive

Precision = — —
True Positive+False Positive

10
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o Recall (Sensitivity): It measures how many of the actual positive cases were correctly identified
by the model. It is important to note that missing a positive case (false negative) is more costly
than false positives.

True Positive

Recall =

True positive+False Negative

o F1-Score: It is the harmonic mean of precision and recall. It is useful when we need a balance
between precision and recall, as it combines both into a single number. A high F1 score means
the model performs well on both metrics. Its range is [0,1].

2 XPrecisionXRecall
F1 =

Precision+Recall

e To solve the black-box problem observed in the literature, the framework includes Feature
Importance Analysis as a diagnostic utility measure. This is one of the key elements of XAl
By identifying the factors involved in a risk prediction, such as high absenteeism or a decline
in mid-term grades, the model provides the why behind an alarm. This diagnostic transpar-
ency provides the objective, evidence-based feedback needed to foster student self-reflection
and metacognitive monitoring,.

e To ensure the ethical nature of the predictive framework, we conducted a Fairness Audit by
calculating the Demographic Parity Difference (DPD). Demographic parity dictates that the
likelihood of a student being flagged as ‘at-risk’ should not depend on their protected charac-
teristics (such as gender). This was done technically by measuring the absolute difference be-
tween the selection rates of male and female students:

DPD = |P(§? = 1|Gender = Male) — P(? = 1|Gender = Female)|

If DPD is close to 0, the model provides strong support, meaning that a student is flagged based on
their academic and behavioral factors (e.g., attendance, grades) rather than their demographic back-
ground. This analysis is important for the pedagogical integrity of the framework; it ensures the ‘met-
acognitive prompts’ (feedback to students) are fair, non-biased, and not over-targeting or under-tar-
geting any group of students.

RESULTS

Empirical testing of the risk prediction was conducted on a test sample of 56 student records, repre-
senting 20% of the refined cohort (N=278). The study benchmarked Logistic Regression, XGBoost,
and Random Forest to identify the best-performing classifier. The benchmarking results yielded ac-
curacies of 91.1% for Logistic Regression, 87.5% for XGBoost, and 92.9% for Random Forest. As
shown in Table 1, the Random Forest model achieved better overall performance, with an accuracy
of 92.9% and an F1-Score of 0.895%. Although Logistic Regression demonstrated a marginally
higher recall score, its lower precision indicates it is more likely to produce false alarms and is less vi-
able in institutions with limited intervention resources. Random Forest was more robust to the da-
taset’s characteristics and provided a balanced, reliable detection rate.

The high predictive fidelity is further justified by the Receiver Operating Characteristic (ROC) Curve
(Figure 6). The three models had high discriminative power with an Area Under the Curve (AUC) of
over 0.96. In particular, the Random Forest model demonstrated an AUC of 0.977, indicating that it
can differentiate between at-risk and non-at-risk students with neatly perfect accuracy across differ-
ent classification thresholds. The proximity of the curves indicates that all models are accurate; the
choice of a Random Forest is supported by the best balance between high AUC and human-friendly
interpretability.
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Table 1. Comparative performance of optimized
machine learning models on the test set (n=56)

Model Accuracy | Precision Recall Fl-score
Logistic Regression 0.911 0.818 0.947 0.878
Random Forest 0.929 0.895 0.895 0.895
XGBoost 0.875 0.800 0.842 0.821

Receiver Operating Characteristic (ROC) Curve Comparison
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Figure 6. ROC curve for the Random Forest Model

The Confusion Matrix in Figure 7 provides a granular assessment of the reliability of the model. The
system propetly identified 17 of 19 at-risk students, with a miss rate (False Negatives) of only 10.5%.
Pedagogically, the two missed cases are the only instances in which the system failed to invoke a re-
quired intervention. On the other hand, the model generated just two False Positives (5.4% error
rate), which makes the institutional support targeted specifically to students with real needs. The
framework is designed to reduce both missed opportunities and false alarms, providing a sound
foundation for mentoring. Besides the model’s predictive and discriminative performance, its ethical
performance was evaluated using the predefined Fairness Audit.

The DPD was used to compare the rates of risk prediction for male and female students in the test
set. The audit found that the DPD value of 0.03 is well below the acceptable threshold of algorithmic
fairness (Figure 8). This suggests that the model predicts male and female students at similar rates,
and demonstrates that the system is fair and offers equal support across genders. This is important
from an educational perspective, as it means the “metacognitive prompts” are based solely on objec-
tive academic indicators rather than subjective ones (such as gender) and thus satisfy the fundamental
cthical requirement of responsible Al in education.
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After this fairness check, we analyzed the Feature Importance (Figure 9) to extract educational in-
sights. This demonstrated that, while academic performance (Second_Period_Grade: 0.34, First_Pe-
riod_Grade: 0.21) is the most important driver, behavioral features are crucial for early risk identifica-
tion. The indicators School_Absences and Past_Failures are also seen to be important. The list pro-
vides a much-needed “Educational Roadmap” for educators; it suggests that academic performance
issues could be a symptom of an engagement problem. For instance, excessive absenteeism can be
seen as an early behavioral sign that guides practitioners before the student reaches a point of no re-
turn.

Confusion Matrix for Random Forest Model
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Top 15 Feature Importances for Predicting At-Risk Students
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Figure 9. Top 15 feature importance for predicting at-risk status

XAI AND METACOGNITIVE TRIGGERS

The SHAP summary plot in Figure 10 provides a global view of the impact of features on the risk
prediction. The directionality of the impact is clear: low values (blue dots) of grades, and high values
(pink dots) of absences and previous failures are pushing the model towards a prediction of at-risk.
This global transparency ensures that the systems’ reasoning is based on observable patterns in stu-
dents’ behavior to address the ethical issues posed by the black box of previous research (Pitts et al.,
2025).

To facilitate local and individual intervention, the SHAP Waterfall Plot (Figure 11) provides a diag-
nostic report for the student. As illustrated in Student #5, this framework explains how particular ac-
ademic skills (purple bars indicate the grades) were effectively leveraged to reduce the student’s risk
from a baseline of 0.509 to a final prediction of 0.02. The image is an effective Metacognitive Trigger.
By sharing this evidence-based analysis with the student, the Al supports what Flavell (1979) de-
scribed as cognitive monitoring. It facilitates the Self-Reflection phase of Zimmerman (2000) as the
student sees how their particular behaviors affect their performance. This transparency turns a tech-
nical prediction into a pedagogical dialogue that enables students to make strategic decisions on their
learning process.

Lastly, the XAl approach addresses the diagnostic gap in previous high-accuracy but black-box mod-
els. The approach supports the early detection of risks as actionable and fair by leveraging both high
technical performance (92.9% accuracy and 0.977 AUC) and interpretability, along with a formal
Fairness Audit. This human-centered approach aligns technical Al performance with the core values
of modern pedagogy, fostering a supportive environment for student metacognitive growth.
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Individual Diagnostic: Metacognitive Trigger for Student #5
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Figure 11. SHAP waterfall plot

COMPARATIVE ANALYSIS WITH STATE-OF-THE-ART

To evaluate the significance of our findings, we conducted a systematic comparison of our proposed
framework with existing studies in the field of EDM. While many researchers have achieved high
predictive accuracy, our approach is unique in its integration of XAl and Fairness Audits, specifically
designed to trigger metacognitive growth.

As shown in Table 3, our framework offers a better balance between pedagogical utility and technical
performance. The study by Al-Shabandar et al. (2019) showed a slightly better accuracy with deep
learning, but their model was a black box, making it impossible for a teacher to explain risk factors to
a student. In contrast to the works of Algarni et al. (2023) and Latif et al. (2023), who focus on pre-
diction, our framework implements a Fairness Audit to guarantee ethical implementation.

However, the most notable difference is the metacognitive link. Using SHAP waterfall plots, our
framework converts technical information into what we consider a Metacognitive Trigger. This di-
rectly addresses the research gap on student agency; it enables students to shift from passive subjects
of prediction to active participants in their own learning, meeting the criteria of the Self-Regulated
Learning (SRL) cycle. On a deeper level, the 0.89 Recall score of our model has significant educa-
tional implications. It means that the framework is extremely sensitive to student struggle, so that 89
percent of the genuinely at-risk students are detected before it is too late. For an educator, this means
the system acts as a reliable safety net. Moreover, the outcomes of the Feature Importance (e.g., the
absenteeism as a leading predictor) change the educational dialogue from inherent ability to managea-
ble behavior. Such interpretation is essential in the metacognition process. Once a student under-
stands that their risk is caused by absences, not by a deficiency in intelligence, they will be in a psy-
chological position to maintain their attendance and improve their results. This interpretive synthesis
confirms that our framework is not just a technical success but a practical pedagogical tool.
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Table 3. Comparison of the proposed framework with state-of-the-art studies

Interpretability |  Ethical Meta-

Study Methodology | Accuracy (XAI) fairness coiltllllt(lve
(Algarni et al., | RF, SVM, LR 91.2% | Low (black box) | Not addressed | None
2023)
(Latif et al., Multi-classifiers 88.5% | None Not addressed | None
2023)
(Al- Deep learning 93.5% | Very low Not addressed | None
Shabandar et
al.,, 2019)
(Jiang et al,, Stacking 89.7% | Moderate Not addressed | None
2024)
(Waheed et DT, NN, RF 82.0% None Not addressed | None
al., 2020)
Proposed RF + SHAP 92.9% | High (SHAP) Verified Direct (SRL
framework (XAI (DPD) Trigger)

CONCLUSION AND FUTURE WORK

This study closes the diagnostic gap in educational analytics by developing and validating an XAI-
based framework for eatly student risk detection. Conventional ML. models in education have tradi-
tionally been black boxes that emphasize mathematical precision rather than pedagogical disclosure.
With a predictive accuracy of 92.9% and a very high AUC-ROC of 0.977, when an optimized Ran-
dom Forest model is used, the framework serves as a highly reliable early-warning system that re-
duces both false alarms and missed interventions. One of the main contributions of this work is the
integration of XAl via SHAP analysis, which can convert a technical risk score into a personalized
diagnostic roadmap by revealing the why behind a prediction, pointing to behavioral drivers such as
absenteeism, past failures, and midterm grades. The system is not just a classification but an action.
Importantly, a formal Fairness Audit is a crucial ethical element of the framework. Using the Demo-
graphic Parity Difference measure, the study found that the model is not biased and provides fair risk
detection across gender groups. This guarantees that the academic assistance is grounded in objective
behavioral patterns, with critical attention to algorithmic bias in automated educational tools. In the
end, this research provides a viable, scalable solution for higher education institutions to transition
from reactive to proactive student support. The suggested framework will ensure that Al is a collabo-
rative pedagogical partner that empowers educators and learners with clear, evidence-based feedback.
The system creates a setting in which students can self-reflect and act intelligently in their academic
path by identifying specific behavioral obstacles. Future studies will focus on longitudinal classtoom
studies to empirically determine how these transparent diagnostic prompts can influence student re-
tention and behavior change across a wide variety of institutional settings.

DATA AVAILABILITY

The dataset analyzed during the current study is publicly available in the UCI Machine Learning Re-

pository: https://archive.ics.uci.edu/dataset/320/student+performance
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