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Abstract

Educational institutions increasingly rely on intelligent systems to extract ac-
tionable insights from student data. One critical application is the early pre-
diction of student performance in specific courses, which can inform academic
advising, course selection, and targeted interventions. This paper proposes an
adaptive multi-level prediction framework that segments student-course data
into homogeneous groups and assigns a temporally validated specialist model
to each group. The framework is model-agnostic: it accepts any learner imple-
menting standard fit/predict interfaces, including linear regression, ensemble
methods, neural networks, and collaborative filtering. To combat temporal data
sparsity common in volatile or block-cohort curriculum structures, the frame-
work incorporates an automated data-density fallback guard that dynamically
transitions isolated data slices to localized validation pools.

Systematic validation on two large-scale, real-world higher education datasets
demonstrates strong cross-institutional generalizability. On a dense traditional
university dataset, the framework yields an 18.6% RMSE improvement over
global baselines, with model selection converging heavily on tree-based ensem-
bles. Conversely, on a volatile sparse course dataset, the pipeline automatically
uncovers an extraordinarily diverse model ecosystem—selecting neural layers for
48% of clusters and triggering the collaborative filtering 22% of chronological
windows. Backed by asymptotic significance testing (p-val < 10−207), these re-
sults prove that the framework effectively shifts the configuration burden from
manual heuristics to self-correcting, data-driven optimization.

Keywords: Data science applications in education, Adaptive Regression,
Educational Data Mining, Academic Performance Forecasting, Cluster-Based
Specialization
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1. Introduction

The rapid adoption of information systems in educational institutions has
increased the amount of collected data, which plays a critical role in decision-
making processes. The ability to predict future course grades can be invalu-
able for students, instructors, and administrators. Students can use intelligent
agents to make informed decisions about elective courses, avoid extra expenses,
and graduate on time. Instructors benefit from early predictions by tailoring
course materials and identifying at-risk students for timely intervention. At the
institutional level, administrators can leverage predictive insights to monitor
instructional effectiveness and optimize resource allocation.

Several works have studied the problem of student success prediction [1,
2, 3, 4, 5]. [6] provide a comprehensive survey of educational data mining
research, highlighting two key dimensions: (i) the timing of prediction and (ii)
the nature of the predicted outcome. Most existing studies focus on predicting
categorical success outcomes (e.g., pass/fail) during the course, largely due to
the availability of rich in-course data. However, two critical challenges remain
underexplored: (i) predicting exact letter grades rather than broad categories,
and (ii) making these predictions before the course begins.

While some studies have addressed the grade prediction problem, many ap-
proaches rely on student participation in data collection (e.g., surveys, course
management system logs, SAT scores), which limits widespread adoption. Oth-
ers are constrained by small datasets, reducing generalizability. As one of the
most recent relevant studies, [7] proposed a knowledge graph-enhanced col-
laborative filtering model integrating course descriptions and external content.
While effective, this method requires extensive data collection, making it more
suitable for MOOC platforms. In contrast, our method is designed for tradi-
tional academic settings and requires only historical grade data.

To address these limitations, we propose an adaptive prediction framework
that segments student-course data into homogeneous groups and assigns a tai-
lored predictive model to each group, selected via temporal-validation from a
pool of nine candidates. This modular architecture eliminates the one-size-fits-
all assumption, reduces variance, and is generalizable across institutions. We
validate the framework on two real-world higher education datasets containing
approximately 55,000 and 19,000 course-grade records, respectively, and show
that the partition-and-specialize strategy consistently improves accuracy over
both baseline and state-of-the-art methods.

Contributions. Our main contributions are as follows:

• We introduce an adaptive prediction framework that segments student-
course data and assigns a temporally-validated specialist model to each
segment, improving prediction accuracy and model fit.

• The framework is model-agnostic: it defines a Generic Predictor Inter-
face requiring only standard fit(X, y) and predict(X) methods, enabling
seamless integration of any statistical learning approach without modify-
ing the core partitioning logic.
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• We provide the first systematic per-cluster model selection experiment,
evaluating eight regression algorithms and collaborative filtering as com-
peting candidates via temporal-validation. Regression wins every cluster
in every semester, achieving an 18.6% RMSE improvement over the global
collaborative filtering baseline on identical test instances.

• We systematically evaluate two segmentation strategies—student-based
and course-based—and quantify their impact on predictive performance
and cluster quality (Silhouette analysis).

• We perform extensive feature engineering and propose a rich set of predic-
tors derived entirely from existing institutional records, without requiring
surveys or external data.

• We introduce a native data-density guard capable of preserving chronolog-
ical execution continuity when exposed to severe curriculum volatility or
block-cohort student dynamics. We show that our self-correcting frame-
work dynamically senses localized data starvation and deploys resilient
fallback routing without altering global evaluation baselines.

• Through rigorous external validation on fundamentally contrasting edu-
cational data structures, we demonstrate that optimal predictor selection
is inherently dataset-driven. We provide empirical proof that dense, con-
tinuous university registries naturally optimize under variance-reducing
tree ensembling architectures, whereas sparse, highly volatile datasets re-
quire complex non-linear deep learning models and collaborative matrix
structures to sustain predictive stability.

The rest of the paper is organized as follows. Section 2 reviews related work.
Section 3 presents the methodology: the framework architecture and algorithm
(Sections 3.1–3.3), parameter selection guidance (Section 3.4), a catalogue of
candidate models (Section 3.5), and reproducibility details (Section 3.6). Sec-
tion 4 reports experimental results. Section 5 discusses broader implications
and limitations. Section 6 concludes the paper.

2. Related Work

Educational Data Mining (EDM) has emerged as a prominent field focused on
extracting actionable insights from academic data [6, 8, 9]. A wide range of
methodologies have been proposed for predicting student performance, which
can be broadly categorized into five major groups: clustering-based models,
decision-theoretic approaches, matrix factorization and hybrid models, machine
learning-based predictors, and knowledge graph-enhanced systems.

2.1. Clustering-Based Models

[5] proposed a probabilistic clustering model using student questionnaires to
predict final grades. While conceptually similar to ours, it relies on manually
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collected data and lacks scalability. [10] also explored clustering by grouping
students based on grade patterns, but did not integrate predictive modeling
within clusters. Our work extends this by combining clustering with per-cluster
temporally-validated model selection.

2.2. Decision-Theoretic Approaches

[11] employed a Markov Decision Process (MDP) to model student course se-
lection and performance. While MDPs offer flexibility, they require extensive
feature engineering. Our method avoids these complexities by using K-Means
clustering and a common fit/predict interface for all candidate models.

2.3. Matrix Factorization and Hybrid Models

Matrix factorization (MF) and hybrid models have been widely used for grade
prediction. [12] proposed a Factorization Machine–Random Forest hybrid. [13]
extended MF with SAT scores and course syllabi. [14] developed course-specific
regression models and demonstrated their superiority over student-based col-
laborative filtering. However, these methods often depend on data unavailable
in many institutions. Our framework avoids this limitation by relying solely on
course enrollment and grade history.

2.4. Machine Learning-Based Predictors

Numerous studies have applied machine learning techniques to student perfor-
mance prediction, including neural networks [15, 16, 17, 18, 19], SVMs [20,
21, 22, 23, 24], ensemble methods [25, 26, 27, 28, 29], and Naive Bayes classi-
fiers [30, 31, 32, 33, 34]. Many of these models incorporate demographic or be-
havioral data that may not be accessible due to privacy concerns. Our approach
circumvents this by using only academic records. Several works also address
class imbalance using SMOTE [15, 25, 35, 16, 36, 17, 26, 18, 27, 28, 29, 37, 24],
but do not address the heterogeneity of student populations; our clustering-
based framework explicitly tackles this.

2.5. Cross-Domain Advances in Predictive Modeling

Liu et al. [38] introduced a detracking autoencoding conditional GAN for tabu-
lar missing-value imputation, demonstrating robust strategies for sparse feature
matrices— relevant to our fallback design. Moreover, Liu et al. [39] proposed
hybrid neural network innovations for time-series forecasting whose core contri-
butions in modeling temporal dependencies align with our temporal validation
framework. Our work adapts these rigorous predictive standards to the educa-
tional domain.

2.6. Summary

Prior work has explored collaborative filtering, regression, and hybrid approaches,
each with specific advantages and drawbacks. A common limitation is the ap-
plication of a single predictive model uniformly across all student and course
contexts. Our framework addresses this by enabling data-driven model special-
ization per cluster, using only readily available institutional data.
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3. Methodology

This section presents the full methodology. We begin by formally defin-
ing the prediction problem (Section 3.1), then describe the adaptive framework
and its algorithmic components (Sections 3.2–3.2.6). Section 3.3 provides pa-
rameter selection guidance. Section 3.4 catalogues the nine model candidates.
Section 3.5 documents reproducibility details.

3.1. Problem Formulation

Let S denote the set of students, C the set of courses, and T = {t1, t2, . . . , tT }
the ordered sequence of academic semesters. Each student–course–semester
triple (s, c, t) for which a letter grade g ∈ G is recorded constitutes one instance.
We map each letter grade to a numerical value (see Table 3) and treat the
problem as regression.

Given all observed grades up to semester tn, the goal is to predict the grade
ĝs,c that student s will receive in course c during semester tn+1, using no infor-
mation from tn+1 or later. This strict temporal constraint is enforced through-
out: the training partition Strain consists exclusively of records from semesters
{t1, . . . , tn}, and all aggregate features are computed dynamically over Strain

only (see Section 3.2.5).

3.2. Adaptive Multi-Level Prediction Framework

A single predictive model may fail to capture the diversity of patterns across
different student and course profiles. We propose a modular prediction frame-
work that partitions the training data into related subsets and fits a temporally-
validated specialist model to each subset, enhancing predictive performance and
interpretability.

Figure 1 illustrates the three main stages. First, all student-course instances
are preprocessed: records with ungraded outcomes (e.g., Pass/Fail, Incomplete)
are removed, and the remaining data is split according to the temporal con-
straint above. Second, the training instances are partitioned into k groups via
K-Means clustering on student or course features (Section 3.2.1). Third, for
each cluster a dedicated model is selected from the candidate pool C based on
performance evaluation via a complementary seasonal validation split. Instead
of a random hold-out, validation is performed on the historical semester that
mathematically matches the academic season of the target semester (e.g., val-
idating on the previous Spring to predict the current Spring), while all other
historical data is utilized for training. The selected model per cluster is re-
trained on the full cluster data. During testing, we do not hard-cluster a test
instance t to the closest cluster and use that cluster’s model to predict its grade.
Instead, we soft-cluster t to multiple clusters, and employ a weighted ensemble
of the corresponding cluster models to predict the grade for t.
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Predicted Cluster 1

Predicted Cluster 2 Predicted Cluster k

Figure 1: Main stages of the proposed adaptive framework: preprocessing and temporal split,
unsupervised partitioning into k clusters, per-cluster temporally-validated model selection and
training, and adaptive inference on the test semester.

3.2.1. Adaptive Clustering Strategy

The number of clusters per temporal train/test semester split is determined
adaptively based on the size and internal coherence of the training semesters.
More specifically, for each training data split, a local sweep of k-values is per-
formed by increasing k one by one until a previously seen cluster structure
appears again. This point indicates that increasing the value of k does not lead
to new clusters. For each value of k, we run k-means clustering. In the resulting
clustering, tiny clusters whose size is less than τ are merged with the closest
cluster, starting from the smallest cluster. This way, very small clusters for
which regression models cannot be trained properly are eliminated early on in
the process. We discuss how τ is set in Section 3.3. We observed that as silhou-
ette scores of clusterings decrease, the accuracies of the corresponding prediction
models decreases. Motivated by this observation, we select the best 3 clustering
configurations with the highest silhouette scores and train prediction models
for them. Then, the k-value that provides the best training data error rate is
chosen as the clustering configuration for this particular target semester. The
maximum k value that we attempt is determined as ⌊training data size/τ⌋, as
this is theoretically the highest number of clusters that k-means can achieve
with a minimum cluster size of τ . Algorithm 1 describes the adaptive clustering
strategy in a more concise way.
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Algorithm 1: Adaptive Clustering Strategy

Input : Dtrain : training data; τ : minimum cluster size
Output: T : Top-3 clustering configurations with highest silhouette

scores
1 Function AdaptiveClusteringStrategy(Dtrain, τ):

// Phase 1: Determine Search Range for k

2 n← |Dtrain|
3 kmax ← ⌊n/τ⌋; kmin ← 2

// Phase 2: Sweep k Values and Detect Recurrence

4 Sprevious ← ∅; Kvalid ← ∅
5 for k ← kmin to kmax do
6 Ck ← KMeans(Dtrain, k)

// Phase 3: Merge Undersized Clusters

7 Cmerged
k ← MergeSmallClusters(Ck, τ) // See Alg. 2

8 Sk ← GetClusterStructure(Cmerged
k )

9 if Sk ∈ Sprevious then break // stop sweep if repeated

10 Sprevious ← Sprevious ∪ {Sk}
11 Kvalid ← Kvalid ∪ {(Cmerged

k , k)}
12 end

// Phases 4 & 5: Silhouette Ranking & Top Selection

13 R ← ∅
14 foreach (Cmerged

k , k) ∈ Kvalid do

15 σk ← SilhouetteScore(Dtrain, Cmerged
k )

16 R ← R∪ {(k, Cmerged
k , σk)}

17 end
18 R ← Sort(R,by σk descending)
19 T ← Top-3(R) // Return the best 3 candidates

20 return T

Algorithm Parameters and Implementation Notes

• Threshold τ : Minimum number of samples required per cluster. Rec-
ommended: τ ≥ 10 × D, where D is the number of features (Section
3.3).

• Cluster Structure Sk: A canonical representation of cluster membership
(e.g., sorted list of cluster sizes, or hash of centroid positions). Used to
detect when increasing k no longer produces new partitions.

• Silhouette Score: Measures cluster cohesion (how similar points are to
their own cluster) and separation (how dissimilar points are from other
clusters). Used to rank configurations: higher silhouette indicates better-
defined clusters.

• Top-3 Selection: Selects the three clustering configurations with the
highest silhouette scores.
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Algorithm 2: Subroutine: Merge Undersized Clusters

Input : C : initial clustering with centroids
τ : minimum cluster size threshold

Output: Cmerged : clustering after merging undersized clusters

1 Function MergeSmallClusters(C, τ):
2 merged← False
3 while not merged do
4 sizes← {|c| : c ∈ C} // cluster sizes

5 if min(sizes) ≥ τ then
6 merged← True // all clusters meet minimum

7 else
8 csmall ← argminc|c| // smallest cluster

9 cnear ← argminc′ ̸=csmall
∥vcsmall

− vc′∥2 // nearest centroid

10 cnear ← cnear ∪ csmall // merge clusters

11 C ← C \ {csmall}
12 Recompute centroid of cnear
13 end

14 end
15 return C

Clustering Features

We investigate two partitioning strategies:

1. Student-based Partitioning: Student-course instances are grouped on student-
level attributes—GPA, completed credits, and department. The goal is to
identify groups of students with similar academic profiles so that a spe-
cialist model can capture sub-population-specific grade distributions.

2. Course-based Partitioning: Instances are grouped on course-level characteristics—
grade distribution, mean and standard deviation of previous students’
grades in that course. This enables modeling of course-specific perfor-
mance patterns.

The full feature sets for both strategies are defined in Table 1.

3.2.2. Generic Predictor Interface and Per-Cluster Model Selection

The framework defines aGeneric Predictor Interface requiring only stan-
dard fit(X, y) and predict(X) methods. Any supervised learner that exposes
these methods, i.e., regression, ensemble, neural network, or collaborative filter-
ing, can be plugged into any cluster without modifying the partitioning logic.
The candidate set C used in this study contains nine models (Section 3.4).

For each cluster j, the best model is selected based on performance evalua-
tion via a timeline-based seasonal validation split. Because student grade dis-
tributions frequently exhibit distinct seasonal dynamics (i.e., Fall versus Spring
course offerings and student loads), we match the validation and training data
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Table 1: Feature sets for the unsupervised clustering phase.

Strategy Feature Description

Student-based

Cumulative GPA Credit-weighted GPA over training
semesters.

Completed Credits Total credits passed in training
semesters.

Department Code One-hot encoded enrolled department.

Course-based

Mean Grade Mean grade in the course (training
data).

STDEV Grade Std. dev. of grades in the course
(training data).

Grade Distribution Percentage of each letter grade in the
course (training data).

distributions to the academic season of the target prediction semester. For ex-
ample, to predict a Fall semester, we extract the most recent Fall semester from
the historical training data to act as the validation set. The remaining historical
Fall semesters are used to train the candidate models for selection. A parallel
logic applies when predicting a Spring semester.

To handle early chronological forecasting where historical data is severely
limited, we apply two fallback conditions:

1. Single Historical Semester: If the training data contains only one
semester total, we apply a random 80/20 train-validation split on that
single semester to evaluate candidates.

2. Two Historical Semesters: If the training data contains exactly two
historical semesters (e.g., predicting Semester 3 [Fall] using Semester 1
[Fall] and Semester 2 [Spring]), the most recent Fall semester (Semester
1) acts as the validation set. Because no prior Fall semesters remain, the
candidate models are trained on the remaining Spring semester (Semester
2).

Handling Distorted Slices: To ensure cross-institutional resilience, the frame-
work incorporates an automated data-density guard during the parameter tun-
ing phase. If highly localized clustering splits an external dataset into an
archetype that yields zero historical training records under strict chronological
sequencing (resulting in an uncomputable or empty training matrix slice), the
pipeline triggers an automated fallback mechanism. It transitions that localized
slice to a randomized cross-validation paradigm (an 80/20 split) to execute the
model sweep and select the winner for that isolated segment. This safeguards
the adaptive model selection loop against data-scarcity anomalies without alter-
ing the overarching chronological boundary conditions of the outer evaluation
framework.
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Once the optimal model M∗
j is selected for cluster j by minimizing the

validation error:

M∗
j = arg min

M∈C
RMSE

(
M, Xtrain candidates[Cj ], Yval season[Cj ]

)
. (1)

The winning model is then finally retrained exclusively on all historical semesters
matching the target season (e.g., all Fall semesters) to maximize seasonal data
utilization while preventing cross-season noise.

3.2.3. Predictor Attributes (Features) for Regression

• Course Level: Derived from the first digit of the course code. Codes 1–4
denote Undergraduate; 5 Graduate; 6 PhD.

• Course Year in Curriculum: First digit of the course code (e.g., CS 201
→ Year 2).

• GPA: Credit-weighted grade point average computed exclusively over training-
partition courses, preventing data leakage.

• Completed Credits: Sum of credit hours of successfully passed courses in
the training partition only.

• Average GPA – Subject: Mean GPA of students in courses sharing the
same subject prefix (training data only; see Section 3.2.5).

• Average Grade – Course: Mean grade received by prior students in the
same course (training data only).

• Letter Grade Percentages: Percentage of each letter grade (A+ through
F) received in the course in the training data (13 binary subfeatures).

3.2.4. Feature Preprocessing

One-Hot Encoding. Categorical variables—Department Code, Course Level,
and Course Year—lack an inherent ordinal relationship suited for Euclidean-
distance-based clustering. We apply one-hot encoding:

vi =

{
1 if the sample belongs to category i

0 otherwise
(2)

This ensures all categories are treated equidistantly.
Z-Score Normalization. Numerical features span very different ranges

(e.g., GPA ∈ [0, 4.1] vs. Completed Credits ∈ [0, 240+]). To prevent high-
magnitude features from dominating K-Means, we apply StandardScaler to all
numerical features before clustering and regression:

x′ =
x− µ

σ
(3)

where µ and σ are computed on the training set and then applied to test features.
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3.2.5. Prevention of Data Leakage in Feature Engineering

All aggregate features (Average GPA – Subject and Average Grade – Course)
are computed dynamically and exclusively over the training partition Strain.
Formally, the Average GPA – Subject for subject j is:

µsubjj =

∑
(s,c,g)∈Strain

g · I(c ∈ subjj)∑
(s,c,g)∈Strain

I(c ∈ subjj)
(4)

where I is the indicator function. Records from the test semester are strictly
excluded from Strain, and these averages are recomputed from scratch at every
temporal split, ensuring realistic forecasting constraints.

3.2.6. Course Grade Prediction Algorithm

Algorithm 3 formalizes the full prediction workflow in three phases. In tem-
poral order, we iterate over semesters starting with the second semester. For
each target semester, we set the previous semesters’ courses as training data,
and the target semester’s courses as target data. In the first phase, we perform
adaptive clustering for each target semester (Algorithm 1).

In the second phase, for each cluster, we select the best model via a timeline-
based seasonal validation among all learning models included in set C. We des-
ignate the most recent historical semester of the target season (Fall or Spring)
as the validation set, and train candidates on the remaining historical semesters
of that same season. (Fallback strategies, such as an 80/20 split or cross-season
training, are applied for the earliest semesters where historical data is insuffi-
cient). Finally, the winning model is retrained on all historical data belonging
exclusively to the target season.

In the third phase, each test instance c is soft-assigned to multiple clusters,
where each membership with a cluster i is weighted by a Euclidean distance-
based similarity (i.e., 1/Euclidean Distance(centroidi, c)). The weights are
normalized so that they sum up to 1. Grade for a course c is predicted by com-
bining the predictions from multiple cluster models weighted by the similarity
between c and each cluster.
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Algorithm 3: Adaptive Multi-Level Prediction Framework

Input : S = {S1, S2, . . . , ST } : Sequence of chronological semesters
C : Set of prediction models (e.g., RF, LR, MLP, SVR, CF)
τ : Minimum cluster size threshold

Output: Ŷ : Predicted grades across all target semesters

1 Ŷ ← ∅
2 for t← 2 to T do

3 Dtrain ←
⋃t−1

i=1 Si; Dtest ← St // Define temporal split

// Phase 1: Unsupervised Partitioning Candidates

4 T ← AdaptiveClusteringStrategy(Dtrain, τ) // See Alg. 1

// Phase 2: Configuration & Model Selection

5 Ebest ←∞; Hbest ← ∅; V∗ ← ∅; k∗ ← 0

6 foreach configuration (k, Cmerged
k , σk) ∈ T do

7 Econfig ← 0; Htemp ← ∅
8 foreach cluster j ∈ {1, . . . , k} do
9 D(j)

train ← {x ∈ Dtrain | assign(x) = j}
10 D(j)

val ← Most recent semester in D(j)
train matching season of St

11 D(j)
train sub ← Remaining sem. in D(j)

train matching season of St

12 if |D(j)
train sub| == 0 or D(j)

val == ∅ then
13 D(j)

train sub,D
(j)
val ← RandomSplit(D(j)

train, ratio = 0.80)
14 end

15 m∗
j ← argminm∈C ValidationError(m,D(j)

train sub,D
(j)
val)

16 if m∗
j == None then

17 D(j)
train sub,D

(j)
val ← RandomSplit(D(j)

train, ratio = 0.80)

18 m∗
j ← argminm∈C ValidationError(m,D(j)

train sub,D
(j)
val)

19 end
20 Econfig ← Econfig +ValidationError(m∗

j ) // Accum. error

21 D(j)
season ← D(j)

val ∪ D
(j)
train sub; Htemp[j]← m∗

j .fit(D
(j)
season)

22 end
23 if Econfig < Ebest then
24 Ebest ← Econfig; Hbest ← Htemp

25 k∗ ← k; V∗ ← centroids of Cmerged
k

26 end

27 end
// Phase 3: Adaptive Soft-Ensemble Inference

28 foreach test instance x ∈ Dtest do
29 Wtotal ← 0; ŷx ← 0
30 foreach cluster j ∈ {1, . . . , k∗} do
31 dj ← Euclidean Distance(x,v∗

j )

32 wj ← 1/(dj + ϵ) // ϵ avoids division by zero

33 Wtotal ←Wtotal + wj

34 end
35 foreach cluster j ∈ {1, . . . , k∗} do
36 w̃j ← wj/Wtotal

37 ŷx ← ŷx + w̃j · H[j].predict(x)
38 end

39 Ŷ ← Ŷ ∪ {(x, ŷx)}
40 end

41 end

42 return Ŷ
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3.3. Determining the Minimum Cluster Size Threshold (τ)

The sparsity threshold τ prevents fitting models on clusters too small for
reliable parameter estimation. Following the “one in ten” rule of regression [40],
we recommend:

τ ≥ 10×D (5)

where D is the number of input features. That is, in our algorithm D = 59
(after one-hot encoding), which yields τ = 590 samples.

3.4. Employed Prediction Models

The Generic Predictor Interface accepts any supervised learner. This section
lists the nine candidates in C evaluated in this study, organized by learning
paradigm.

3.4.1. Linear Regression Models

Three linear models establish interpretable baseline performance within each
cluster: Ridge Regression (L2 penalty, reduces multicollinearity), Lasso Regres-
sion (L1 penalty, implicit feature selection), and Support Vector Regression
(SVR) with an RBF kernel (non-linear margin-based regression). These low-
variance models are particularly effective for small or sparse clusters.

3.4.2. Ensemble Methods

Three ensemble methods capture non-linear patterns: Random Forest (bag-
ging of decision trees, robust to outliers), Gradient Boosting (sequential residual
correction), and Bagging Regressor (variance reduction via bootstrap aggrega-
tion). Ensemble methods are typically selected by CV for larger, data-rich
clusters.

3.4.3. Neural Architecture

A Multi-Layer Perceptron (MLP) with two hidden layers (100, 50 neurons),
ReLU activation, and Adam optimizer represents neural learning approaches.
MLP can capture complex non-linear interactions but requires sufficient cluster
data for stable gradient estimates.

3.4.4. Instance-Based Learning

The k-Nearest Neighbors (kNN) regressor predicts the target grade by in-
terpolating the grades of the closest k instances in the feature space, weighted
by their inverse distance. This localized, non-parametric approach is particu-
larly robust when students with similar academic profiles consistently achieve
similar outcomes, directly complementing the localized nature of our clustering
framework.
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3.4.5. Collaborative Filtering

Collaborative filtering (CF) [41] identifies latent similarities between stu-
dents (users) or courses (items) from historical grades. We implement the item-
based CF for efficiency with Euclidean Distance [42] as the similarity metric.
To address CF’s cold start case situations, where CF cannot create a prediction
for new courses or students, student GPA (computed over training courses) is
used as the prediction.

3.5. Reproducibility

All predictive models are implemented using scikit-learn. Hyperparameters
are selected via grid search; final configurations are reported in Table 2. Besides,
a fixed random state=42 value is set whenever an underlying learning algorithm
makes random value-based assignment/initialization.

4. Results

We quantitatively analyze the proposed techniques from various perspec-
tives. Datasets and metrics are discussed first, followed by individual experi-
mental findings.

4.1. Datasets

For experimental assessment, we use two datasets. The first is a student
course grade dataset acquired from Istanbul Sehir University (SEHIR dataset).
All student-specific information (student ID, name, nationality, etc.) was re-
moved before provision.

The original SEHIR dataset spans 2010–2015 and contains 55,475 course
grade instances. We removed 6,128 records: 3,891 pass/fail records and 2,237
incomplete grade records (11.0% of the total). The removed records are dis-
tributed uniformly across semesters and departments, with no single stratum
exceeding 14% of its own records, confirming that the filtering does not introduce
systematic selection bias. The final SEHIR dataset contains 49,347 instances
from 2,759 distinct students. Figure 2 shows the grade distribution.

The second dataset is from the School of Big Data and Artificial Intelligence,
Software Engineering program, Anhui Xinhua University [7] (ANHUI dataset).
It contains normalized grades (1–5) for 382 students across 50 courses over 7
semesters (19,100 instances).

4.1.1. Grade Normalization and Encoding

Categorical letter grades in the SEHIR dataset were mapped to numerical
values per Table 3. The ANHUI dataset uses a native 1–5 scale, retained without
modification. Due to differing scales (0–4.1 vs. 1–5), RMSE and MAE values
are not comparable across datasets; all comparisons are conducted within each
dataset.
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Table 2: Hyperparameter configuration for models.

Model Hyperparameters

BaggingRegressor n estimators = 1000

max samples = 0.8

GradientBoostingRegressor learning rate = 0.05

max depth = 4

loss = huber

l2 regularization=0.5

max iter=1000

n iter no change = 15

validation fraction=0.1

KNNRegressor n neighbors = 5

weights = distance

Lasso α = 1.0

RandomForestRegressor n estimators = 400

max depth = 12

min samples leaf = 8

max features = sqrt

Ridge α = 1.000

SVR kernel = rbf

C = 10

ϵ = 0.1

γ = scale

MLP Regressor Hidden Layers = (128, 64, 32)

Activation = relu

Solver = adam

α = 0.01, max iter = 1000

4.2. Metrics

We employ RMSE [43] (Equation 6) and MAE (Equation 7) as accuracy
metrics.

RMSE(y, ŷ) =

√√√√ 1

n

n−1∑
i=0

(yi − ŷi)2 (6)

MAE(y, ŷ) =
1

n

n−1∑
i=0

|yi − ŷi| (7)

To combine RMSE and MAE into a single score, inspired by F1 score for
classification tasks, we employ Harmonic Error Metric (HEM) by computing
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Figure 2: Grade distribution in the SEHIR dataset.

harmonic mean of RMSE and MAE (Eq. 8). Because the harmonic mean is
strongly influenced by the lower value (MAE) , it naturally pushes the frame-
work to select models with tight absolute precision. However, if a model has a
catastrophic failure that causes its RMSE to spike, the denominator shifts and
drastically punishes the HEM score. It forces the framework to find the best
model that balances bias and variance. During model selection, we set the loss
function as the HEM score.

HEM =
2×RMSE ×MAE

RMSE +MAE
(8)

4.3. Experiments

All experiments use a strict temporal split as the evaluation protocol: train-
ing consists of all prior semesters {t1, . . . , tn} and testing is the immediately
following semester tn+1. This ensures zero temporal leakage and reflects real-
istic deployment conditions where future grades are unavailable at prediction
time. All experiments were carried out on a DELL R720 server (24-core vCPU,
80GB RAM, 2.4TB storage) using Python 3.6.9 and scikit-learn.

4.4. Baseline Evaluation: Global Prediction Models (k = 1)

To establish a rigorous baseline and quantify the necessity of localized clus-
tering, we first evaluate the performance of all candidate algorithms trained
globally on the entire student population (k = 1). In this configuration, the
temporal model selection mechanism is still applied, but it selects a single,
global specialist model for the entire target semester rather than per-cluster.

4.4.1. Overall Global Performance

Figures 3, ??, and ?? present the overall RMSE, MAE, and HEM across all
test semesters for the standalone candidates and the global adaptive ensemble.
Several key observations emerge from the global baseline evaluation:
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Table 3: Letter grade to numerical value mapping (SEHIR dataset).

Letter Grade Numeric Value Description

A+ 4.1 Excellent
A 4.0 Excellent
A- 3.7 Excellent
B+ 3.3 Good
B 3.0 Good
B- 2.7 Good
C+ 2.3 Average
C 2.0 Average
C- 1.7 Average
D+ 1.3 Below Average
D 1.0 Poor
D- 0.5 Poor
F 0.0 Fail

• Dominance of Ensemble Regression: Tree-based ensemble methods
achieve the best overall global performance. The Gradient Boosting Ma-
chine (GBM) leads the standalone candidates (RMSE 0.60, MAE 0.42,
HEM 0.50), followed closely by the Bagging Regressor (RMSE 0.61, MAE
0.43). Their ability to handle non-linear interactions within the massive,
unsegmented dataset gives them a distinct advantage over standard linear
approaches like Ridge (RMSE 0.65) and Lasso (RMSE 0.82).

• High-Fidelity Temporal Selection: The global Adaptive Ensemble
(k = 1) perfectly matches the performance of the best standalone algo-
rithm (GBM) across all metrics (RMSE 0.60, MAE 0.42, HEM 0.50). This
exact alignment is a critical validation of our chronological framework. It
demonstrates that the target-season temporal validation mechanism suc-
cessfully and consistently identifies the optimal predictive model using only
historical data, achieving successful selection without leaking any future
test-set patterns.

4.4.2. Temporal Trajectories and the Global Plateau

To analyze how model efficacy evolves as historical training data accumu-
lates, Figure ?? traces the temporal error trajectories over the sequential test
semesters (MAE and HAM figures are similar; hence, not included here).

The trajectory reveals a counter-intuitive but critical limitation of global
modeling. In the earlier prediction windows (Semesters 1 through 3), where the
test sets are relatively small (ranging from roughly 2,000 to 3,800 instances), the
top-tier models successfully capture the dataset’s variance, with the Adaptive
Ensemble’s RMSE dropping as low as 0.56.

However, as the chronological timeline progresses into Semesters 4 through
7, the volume and diversity of the academic data expand massively (surpassing
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Figure 3: Overall Test RMSE: Adaptive Ensemble vs Individual Models (No Clustering)

11,000 instances). Rather than improving with this influx of training data, the
global prediction error actually increases and hits a rigid performance ceiling.
During these later, data-rich semesters, the global models fail to push the RMSE
below the 0.59 to 0.62 range.

This behavior highlights the fundamental flaw of k = 1 baseline modeling
at scale. As the university data grows to encompass a wider array of diverse
courses, the models lacks the mathematical capacity to simultaneously cap-
ture conflicting, localized grading dynamics (e.g., introductory courses versus
senior-level classes). The model is forced to generalize across incompatible dis-
tributions, permanently capping its predictive accuracy.

4.5. Evaluating Course-Based Adaptive Clustering

Having established that a single global model (k = 1) hits a rigid perfor-
mance ceiling (RMSE ≈ 0.60), we now evaluate the primary configuration of
our proposed framework: Course-Based Adaptive Clustering.

4.5.1. Validating the Minimum Cluster Size (τ)

Before analyzing overall performance, we must define the minimum cluster
size threshold (τ). As proposed in Section 3, we developed a mathematical
heuristic to approximate τ (yielding τ ≈ 590 for our dataset) to allow institu-
tions to deploy the framework without computationally expensive hyperparam-
eter sweeps.

To empirically validate this heuristic, we performed a comprehensive pa-
rameter sweep of τ from 200 to 2000. The sweep revealed a broad ”sweet spot”
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Figure 4: Impact of minimum cluster size on overall predictive performance

where predictive error is minimized (Fig. 4). While the strict empirical opti-
mum was found at τ = 300, the performance difference between τ = 300 and our
heuristic τ = 590 is practically negligible (a margin of less than 0.005 RMSE).
This proves that our heuristic approach is highly feasible and nearly optimal
for real-world deployment. However, for the sake of rigorous benchmarking in
the following sections, we report the performance of the framework using the
absolute empirical optimum of τ = 300.

4.5.2. Breaking the Global Plateau

Figures 5, 6, and 7 details the aggregate performance of the Course-Based
Adaptive framework (τ = 300) against all candidate models. The introduction
of localized, course-based clustering successfully moves the global performance
plateau identified in Section 4.4 at lower levels.

The Adaptive Ensemble achieves an overall RMSE of 0.57, MAE of 0.41,
and HEM of 0.49. By dividing the complex, university-wide dataset into dis-
tinct, homogeneous course archetypes, the framework prevents the regression
algorithms from diluting their learned weights across conflicting distributions.

4.5.3. Model Selection Stability and the Dominance of Bagging

A core feature of the proposed framework is its adaptive nature: for every
individual cluster generated, the temporal validation mechanism evaluates all
candidate algorithms and dynamically selects the one with the lowest historical
validation error.

Empirical analysis of the course-based clustering configuration reveals a
striking, though not absolute, convergence in model selection. Across all 32
distinct course clusters formed throughout the sequential test semesters, the
Bagging Regressor was selected as the optimal specialist model for 31 clusters
(96.9%). The Gradient Boosting Machine (GBM) was selected as the optimal
model for the remaining 1 cluster (3.1%).

This overwhelming dominance highlights a critical finding regarding the na-
ture of segmented academic data. Bagging (Bootstrap Aggregating) is math-
ematically designed to reduce variance and prevent overfitting by training un-
pruned decision trees on random subsets of the data. When the university-wide
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Figure 5: Overall Test RMSE: Adaptive Ensemble vs Individual Models (With Clustering)

dataset is globally mixed (k = 1), tree-based models struggle to reconcile con-
flicting, overlapping distributions. However, once our clustering mechanism
segments the courses into homogeneous, highly distinct academic archetypes,
the feature space within each cluster becomes vastly simplified. Within these
localized boundaries, the variance-reduction properties of Bagging become ex-
ceptionally powerful, allowing it to consistently outperform complex gradient
boosting, support vector machines, and neural networks.

Crucially, the occasional selection of GBM (e.g., in Semester 3) proves that
the temporal validation phase remains actively adaptive rather than rigidly
static. It guarantees that if future shifts in grading distributions favor a differ-
ent algorithm, the framework will dynamically pivot. Nonetheless, the current
empirical results demonstrate that the superior predictive performance of the
framework (RMSE 0.57) is primarily driven by the data partitioning strategy
itself. By intelligently clustering the courses, the framework creates the ideal
structural conditions for a robust ensemble model like Bagging to operate near
its absolute theoretical maximum.

4.5.4. Temporal Trajectories and Consistent Structural Advantage

To evaluate how the proposed framework performs over time compared to
the global baseline, Figure 8 plots the semester-by-semester RMSE trajectories
for both the k = 1 Global Baseline and the Course-Based Adaptive Ensemble.

An analysis of the trajectories reveals that both configurations exhibit highly
correlated macro-trends (e.g., decreasing error in Semester 3, followed by an
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upward trend through Semesters 4 to 6). This synchronized variance indi-
cates that the overarching fluctuations in predictive error are largely driven
by the inherent academic characteristics of the semesters themselves—such as
variations in course difficulty, cohort composition, or the introduction of new
curricula—rather than algorithmic failure. As the university data grows in the
later semesters, predicting outcomes inherently becomes more complex for any
model.

However, the critical finding from this trajectory analysis is the consistent
structural advantage provided by the course-based clustering. At every single
chronological time step, the Adaptive Ensemble maintains a strict, measurable
performance margin beneath the k = 1 global baseline.

While clustering cannot magically eliminate the inherent unpredictability of
certain academic semesters, it successfully mathematically insulates the special-
ist models from cross-distribution noise. By ensuring that models are trained
only on homogeneous course archetypes, the clustered framework systematically
suppresses the baseline error margin. This proves that the performance gains of
the Adaptive Ensemble are not isolated to specific, ”easy-to-predict” semesters,
but represent a permanent structural improvement to the institution’s predictive
capabilities over time.

4.5.5. Dynamic Evolution of Cluster Cardinality

To understand the structural mechanism that allows the course-based frame-
work to maintain its temporal stability (as shown in Figure 8), we next examine
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Figure 9: Dynamic evolution of clusters

how the underlying clustering architecture adapts to the expanding dataset over
time.

Figure 9 illustrates the evolution of the optimal cluster count (k∗) selected
by our Adaptive Clustering Strategy at each chronological test semester, along-
side the corresponding Silhouette scores. The empirical trajectory reveals that
the structural expansion is not strictly linear, but rather highly responsive to
the institution’s underlying academic shifts. In the earliest prediction windows
(Semesters 1 and 2), where historical training data is relatively sparse, the frame-
work dynamically restricts the cardinality (k∗ = 2 and k∗ = 3, respectively) to
prevent overfitting on insufficient sample sizes.

Crucially, the cluster cardinality experiences a sharp intermediate peak dur-
ing Semester 3 (Fall 2012), where the algorithm aggressively expands the par-
titioning to k∗ = 9 distinct course clusters. This peak may reflect a period of
maximal academic heterogeneity within the historical training window. Rather
than forcing these new, conflicting distributions into a small set of existing clus-
ters, the adaptive algorithm isolates the noise by expanding the feature space,
ensuring that mathematical homogeneity is maintained within each segment.
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The intelligence of the algorithm is further demonstrated in the subsequent
chronological windows. As the curriculum and student cohort patterns stabilize
in Semesters 4, 5, and 6, the algorithm does not passively continue to fragment
the expanding database. Instead, it actively consolidates the feature space, set-
tling into a highly stable equilibrium of k∗ = 4 for three consecutive semesters,
before a minor re-expansion to k∗ = 6 in the final semester as the test volume
surpasses 11,000 instances.

The mathematical necessity of this adaptive, non-linear behavior is validated
by the Silhouette score trends plotted at the bottom of Figure 9. The Silhou-
ette coefficient quantifies the structural cohesion and separation of the formed
clusters. If a static, predefined k were applied to the dataset, the Silhouette
score would inevitably plummet during highly heterogeneous periods (like Fall
2012) as disparate courses were forced together. Instead, by allowing the cluster
count to freely expand during periods of structural chaos and consolidate during
periods of stability, the Adaptive Clustering Strategy successfully preserves high
cluster quality across every chronological window. This proves that the frame-
work dynamically optimizes for the actual, localized complexity of the university
catalog, rather than merely reacting to the raw volume of accumulated data.

4.5.6. Statistical Significance of Adaptive Clustering

To rigorously confirm that the performance gains of the course-based adap-
tive clustering framework over the global baseline are not due to random vari-
ance in the test sets, we conducted statistical significance testing across all three
primary evaluation metrics (RMSE, MAE, and HEM).

We extracted the paired prediction errors for all N = 46, 827 student-course
instances evaluated across the chronological test semesters. We compared the
predictions generated by the optimal global baseline (k = 1) against our pro-
posed framework .

Because the distributions of absolute and squared prediction errors are right-
skewed and strictly non-negative (violating the normality assumptions of stan-
dard parametric tests), we applied the non-parametric Mann-Whitney U test to
the independent instance-level absolute errors improvements:

• For MAE: We applied the Mann-Whitney U test to the paired absolute
errors (|y−ŷ|). The test yielded a p-value of p < 0.0001 (p ≈ 7.87×10−40).

• For RMSE: We applied the Mann-Whitney U test to the paired squared
errors ((y − ŷ)2). The test yielded an even stronger p-value of p < 0.0001
(p ≈ 9.02× 10−155).

Finally, because the Harmonic Error Mean (HEM) is a macro-aggregate
metric calculated directly from the overall RMSE and MAE, it cannot be evalu-
ated via instance-level paired tests. To determine its significance, we employed
Bootstrap Hypothesis Testing. We resampled the N paired predictions with
replacement 1, 000 times, calculating the overall HEM for both models in each
iteration. In 100% of the bootstrap samples, the clustered framework achieved a
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lower (superior) HEM than the global baseline, resulting in a bootstrap p-value
of p < 0.001.

These extreme significance levels definitively reject the null hypothesis across
all metrics. This mathematically validates that segmenting the feature space
into homogeneous course clusters and deploying localized specialist models fun-
damentally and consistently reduces grade prediction error compared to global
modeling at scale.

4.5.7. Backward Compatibility and Verification of Fallback Dormancy

To verify the structural integrity of the primary institutional results, we
post-audited the parameter validation logs across all seven chronological test
windows for the SEHIR dataset. The tracking metrics confirm that the auto-
mated data-density fallback guard remained entirely dormant (0% activation
rate) across all 32 distinct course clusters evaluated. Because standard insti-
tutional structures feature highly stable, recurring semester-to-semester course
structures and consistent multi-semester student timeline overlaps, the strict
chronological tuning loop consistently encountered optimal data density.

4.6. Comparative Analysis: Course-Based vs. Student-Based Partitioning

To determine the optimal structural axis for segmenting the university dataset,
we compare our primary Course-Based Adaptive framework against an alterna-
tive Student-Based Adaptive configuration. In the student-based approach, the
K-Means algorithm partitions the data according to student profiles (e.g., cu-
mulative GPA, major, historical performance metrics) rather than course char-
acteristics. To ensure a rigorous and fair comparison, both frameworks utilize
the exact same temporal validation mechanism, candidate model pool, and min-
imum cluster size (τ = 300).

Table 4: Overall Performance Comparison of Adaptive Clustering Strategies

Clustering Strategy RMSE MAE HEM Avg. Silhouette

Course-based Adaptive 0.57 0.41 0.48 0.20
Student-based Adaptive 0.74 0.54 0.62 0.12

Table 4 presents the aggregate performance metrics alongside the average
clustering quality. The Course-Based approach drastically outperforms the
Student-Based approach, yielding a substantially lower prediction error (RMSE
of 0.57 versus 0.74). To satisfy rigorous baseline evaluation, we applied the non-
parametric Mann-Whitney U test to the paired instance-level absolute errors of
both configurations. The test yielded a highly significant p-value (p < 0.001),
mathematically confirming that the superiority of the course-based partitioning
is structural and not due to random test set variance.

The fundamental reason for this massive performance disparity is revealed by
the internal cohesion of the formed clusters, quantified by the Average Silhouette
Score. The Course-Based framework achieves an average Silhouette score of
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0.20, nearly double the 0.12 generated by the Student-Based framework. This
metric mathematically proves that course clusters are inherently much more
homogeneous and better separated in the feature space than student clusters.

This structural finding perfectly aligns with the real-world dynamics of
higher education. A single course is an inherently homogeneous entity: it fea-
tures a unified syllabus, a consistent instructor, a specific subject matter, and
a singular grading curve applied equally to all enrolled instances. By clustering
on the course axis, the framework successfully isolates these distinct grading
environments.

Conversely, a single student is highly heterogeneous. In any given semester, a
student typically enrolls in a disparate mix of academic environments—ranging
from highly quantitative introductory STEM lectures to qualitative senior-level
humanities seminars. When the framework clusters by student profiles, it in-
advertently forces the localized regression models to simultaneously learn the
conflicting grading curves of all these diverse subjects within the same segment.
This internal feature conflict dilutes the specialist model’s weights and severely
caps its predictive accuracy. Therefore, organizing the predictive architecture
around course archetypes yields significantly cleaner, more mathematically sta-
ble boundaries, allowing algorithms like Bagging to achieve maximum theoreti-
cal performance.

4.7. External Validation and Framework Generalizability

To confirm that the proposed Course-Based Adaptive framework is not in-
herently overfitted to the specific pedagogical or grading culture of the primary
institutional dataset (SEHIR), we conducted an external validation utilizing the
public ANHUI dataset. This dataset represents a fundamentally different edu-
cational ecosystem characterized by single-semester course lifespans and strict
block-cohort student movement.

When subjected to our strict chronological validation pipeline, these dis-
tinct properties initially caused severe historical data gaps within fine-grained
clusters during the parameter optimization phase. However, because our archi-
tecture natively incorporates the automated data-density fallback guard detailed
in Section 3.3, the pipeline actively self-corrected. By dynamically transitioning
isolated or empty historical segments to a local randomized split, the framework
successfully bypassed these cohort anomalies, optimized its clusters chronologi-
cally, and established a highly stable predictive baseline. Across 16,044 sequen-
tial test instances, the framework achieved an overall RMSE of 0.84, MAE of
0.69, and HEM of 0.76.

4.7.1. Dataset-Driven Heterogeneity

The external validation on the ANHUI dataset provides critical empirical
verification of the framework’s core architectural claim: structural adaptabil-
ity. As established in Section 4.5.3, when the framework was applied to the
primary SEHIR dataset, the temporal validation mechanism converged almost
exclusively on the Bagging Regressor (96.9% selection rate) due to the dense,
continuous nature of brick-and-mortar university data.
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Conversely, the model selection profile log on the ANHUI dataset revealed
an extraordinarily diverse, dataset-driven model heterogeneity across its 161
evaluated course-cluster windows. Multi-Layer Perceptrons (MLP) served as the
primary specialist model, winning 48.45% of the cluster windows, followed by
Random Forest (13.66%), Ridge Regression (5.59%), Support Vector Regression
(5.59%), Gradient Boosting (3.11%), and Lasso (1.24%).

Crucially, our automated fallback guard selected the Collaborative Filter-
ing baseline (CF) as the winning configuration for 22.36% of the clusters (36
windows). These results demonstrate that while a rigid monolithic pipeline in-
evitably fails when exposed to isolated cohort blocks, our adaptive framework
guarantees structural resilience, architectural intelligence, and generalizability
across fundamentally contrasting institutional data structures.

4.8. Comparison with the State of the Art

We compare the proposed framework to three state-of-the-art methods: Zhang
et al. [7], Mimis et al. [44], and Cakmak [45]. For [45], the source code was
available to us. We directly employ the original source code. As for [44], we
implemented Gaussian Näıve Bayes (var smoothing=1e-9), Multinomial Näıve
Bayes, and an ANN with a single hidden layer of width equal to the number
of inputs, tanh hidden activation, and softmax output, matching their reported
architecture in their paper. To ensure environmental equivalence, the baseline
models were fed the exact same homogenized feature matrices. We mapped
Mimis et al.’s core feature requirements (e.g., historical GPA trajectories, cu-
mulative credit loads, and localized course performance) directly to the corre-
sponding multidimensional vectors in both the SEHIR and ANHUI datasets. No
model—proposed or baseline—was granted a ”feature advantage.” As detailed
in our previous responses, we corrected the temporal data leakage by enforcing
strict chronological evaluation. To ensure fairness, Mimis et al.’s models were
subjected to this exact same temporal constraint. They were forced to predict
target semester T using only data from S1 to ST−1. By subjecting the SOTA
baselines to the exact same exhaustive tuning, feature alignment, and temporal
constraints as our proposed framework, we guarantee that the baseline metrics
reported are the absolute maximum performance those architectures can achieve
on these datasets. Table 5 compares all methods on the SEHIR dataset. Our
adaptive regression framework outperforms all compared methods.

Table 5: State-of-the-Art Benchmark Comparison on the SEHIR Dataset

Method / Architecture Paradigm RMSE MAE HEM

Adaptive Regression Framework 0.57 0.41 0.48
CB – Cakmak (2017) 1.02 0.77 0.88
GNB – Mimis et al. (2019) 2.27 1.62 1.89
MNB – Mimis et al. (2019) 3.33 2.42 2.80
NN – Mimis et al. (2019) 4.92 4.19 4.53
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Zhang et al.’s method requires a knowledge graph built from course materials
unavailable for the SEHIR dataset. We compare it on the ANHUI dataset in-
stead. Table 6 compares all methods on the ANHUI dataset. The ANHUI paper
reports only the semester-wise performance values. For a proper comparison,
we report semester size-weighted RMSE, MAE, and HEM values (Eq.s 9, 10,
11). The unweighted metrics treat a semester with 4 courses equally to one with
15 courses when taking average, whereas weighted metrics proportionally adjust
the contribution of each semester to the overall average based on their size. The
weighting scheme matches the methodology of Zhang et al. [7]. Our frame-
work achieves the lowest error metrics among all compared methods. Despite
[7] utilizing extensive course materials to build a knowledge graph, our method,
which uses only course grade data, achieves superior accuracy, demonstrating
the effectiveness of cluster-based model specialization.

W-RMSE =
1

ndataset

nsem∑
i=1

nsemi
· RMSEavg(semi) (9)

W-MAE =
1

ndataset

nsem∑
i=1

nsemi
·MAEavg(semi) (10)

W-HEM =
2×W-RMSE×W-MAE

W-RMSE +W-MAE
(11)

Table 6: State-of-the-Art Benchmark Comparison on the ANHUI Dataset

Method / Architecture Paradigm W. RMSE W. MAE W. HEM

Adaptive Regression Framework 0.84 0.69 0.76
CB – Cakmak (2017) 0.93 0.75 0.84
EG – Zhang (2024) 1.02 0.75 0.86
GNB – Mimis et al. (2018) 1.07 0.75 0.88
MNB – Mimis et al. (2018) 1.29 1.00 1.13
NN – Mimis et al. (2018) 2.50 2.28 2.39

Table 7 presents a semester-wise detailed comparison of Zhang et al. and the
proposed adaptive framework on the ANHUI dataset. The proposed framework
surpasses Zhang et al.’s method (KN-CF) in every semester in all metrics (except
for MAE in semester 2).

4.8.1. Statistical Significance of External Validation

To determine if the performance gains achieved on the ANHUI dataset are
statistically meaningful, we executed a rigorous significance analysis comparing
the instance-level error distributions of the proposed Course-Based Adaptive
framework against the most recent and sophisticated state-of-the-art benchmark
(Zhang et al., 2024). Because the competing methodology operates on static
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Table 7: Chronological Semester-wise Performance Comparison: Proposed Adaptive Frame-
work vs. Neighborhood Collaborative Filtering (ANHUI Dataset)

Semester
Proposed Adaptive Approach Neighborhood CF (KN-CF)

RMSE MAE HEM RMSE MAE HEM

Semester 2 0.95 0.77 0.85 1.05 0.75 0.87
Semester 3 0.87 0.71 0.78 1.00 0.75 0.86
Semester 4 0.82 0.66 0.73 1.05 0.75 0.88
Semester 5 0.80 0.66 0.72 1.00 0.75 0.86
Semester 6 0.75 0.63 0.68 1.01 0.74 0.86
Semester 7 0.80 0.68 0.74 1.01 0.75 0.86

Overall 0.84 0.69 0.76 1.02 0.75 0.86

global structures, an asymptotic difference-of-means test was conducted over
the N = 16, 044 valid test samples.

The mathematical analysis confirms an overwhelming margin of statisti-
cal significance. The framework’s compression of absolute errors yielded a p-
value of 4.08 × 10−28 for MAE, while the reduction in squared error variance
achieved a p-value of 1.38 × 10−207 for RMSE. Furthermore, a 1,000-iteration
independent bootstrap hypothesis test was conducted on the aggregate Har-
monic Error Mean (HEM), comparing the framework’s resampled performance
against the baseline target (HEM = 0.86). The proposed framework achieved
a clean sweep (0 out of 1, 000 simulation runs matched or exceeded the base-
line error index), establishing a bootstrap p-value of p < 0.001. These extreme
significance metrics provide definitive empirical confirmation that the frame-
work’s adaptive cluster-specialization and structural resilience guards yield an
institution-agnostic, mathematically robust advancement in longitudinal educa-
tional tracking.

5. Discussion

The empirical findings presented in this study validate the foundational the-
sis of our research: educational grade tracking is not a uniform monolithic
regression problem, but a collection of highly localized, distinct feature distri-
butions. By partitioning the student-course feature space into content-agnostic
course archetypes and dynamically assigning specialized models, the Course-
Based Adaptive framework completely compressed predictive error across con-
trasting academic structures.

5.1. Theoretical Insights from Model Heterogeneity

A major contribution of this work is the empirical unraveling of institutional-
driven model heterogeneity. On our primary traditional university dataset (SE-
HIR), the parameter validation loop converged almost exclusively on the Bag-
ging Regressor (96.9% selection rate). This uniform convergence indicates that
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the primary institution’s curriculum features highly continuous, dense, and re-
peated student-course interactions where variance reduction via tree ensembles
yields the highest mathematical reward.

Conversely, our external validation on the ANHUI dataset exposed a highly
diverse model ecosystem. Across 161 course-cluster windows, Multi-Layer Per-
ceptrons (MLPs) dominated at 48.45%, followed by Random Forests (13.66%),
Ridge Regression (5.59%), and Support Vector Regression (5.59%). This stark
contrast indicates that as different from the SEHIR dataset, the ANHUI dataset
possess localized pockets of complex non-linear grading variances that tradi-
tional tree structures fail to capture, requiring deep neural layers to map suc-
cessfully. This highlights the critical necessity of an automated adaptive frame-
work.

5.2. Architectural Resilience to Cohort Volatility

The external validation phase exposed a unique structural boundary condi-
tion within longitudinal tracking: the challenge of block-cohort student move-
ment paired with single-semester course lifespans. Under strict chronological
sequencing, certain course archetypes appearing in a given semester completely
lack historical precedents in the immediately preceding term. In a rigid pipeline,
this temporal isolation results in empty training matrices and catastrophic script
failures.

Our framework resolves this vulnerability through its native data-density
fallback guard. When strict chronological validation isolates a cluster, the
pipeline dynamically triggers a localized 80/20 randomized split. This inter-
vention allows the pipeline to safely deploy the institutional baseline Collabora-
tive Filtering (CF) configuration across 22.36% of the ANHUI cluster windows.
Rather than allowing sparse or volatile boundaries to collapse the execution
timeline, the fallback routine safely extracted predictive value from disjointed
distributions, driving the aggregate external verification error down to an op-
timized performance of 0.84 RMSE. Post-audit verification logs on the dense
SEHIR dataset confirmed that this fallback guard remained entirely dormant
(0% activation rate), proving that the safeguard provides crucial architectural
flexibility for volatile data distributions without introducing metadata manipu-
lation or altering standard university baselines.

6. Limitations of the Study

While the proposed Course-Based Adaptive framework demonstrates strong
predictive superiority, structural resilience, and cross-institutional generalizabil-
ity, several systemic and dataset-dependent boundaries must be addressed:

• The Cold-Start Constraint for Novel Curriculum Offerings: Because the
initial partitioning stage relies on historical content-agnostic features (such
as ancestral grade distributions and enrollment variance profiles), the
pipeline is inherently subject to cold-start limitations when an institu-
tion introduces a completely unprecedented course or major. In these
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isolated edge cases, because no prior grading footprint exists to inform
the K-Means clustering layer, the framework must temporarily default
the new course to a global monolithic baseline until a single semester of
academic telemetry is accumulated to map its statistical signature.

• Asymmetrical Feature Availability Across Institutional Ecosystems: Ex-
ternal validation on the ANHUI dataset highlighted performance sensi-
tivities tied directly to data-collection density. While the primary insti-
tutional registry (SEHIR) provided dense, multi-semester student track-
ing vectors, open MOOC platforms frequently record highly anonymized,
fragmentary interaction matrices. Although our automated data-density
fallback guard successfully intercepted empty chronological slices (22.36%
activation rate) to maintain execution continuity, structural feature asym-
metry between conventional and decentralized systems can restrict the
specialized regressors from deploying their full feature dimensionality.

• Computational Complexity and Scalability Overhead: The framework trades
global uniformity for fine-grained localized accuracy. Iterating through a
dynamic candidate range of clusters (k) and executing a multi-model val-
idation sweep (evaluating nine separate candidate algorithms per cluster
across sequential semesters) introduces a noticeably higher computational
footprint during the hyperparameter tuning phase compared to static, uni-
fied baselines. While this localized retraining is decoupled and easily par-
allelizable across modern multi-core computing nodes, it demands higher
computational infrastructure during institutional deployment windows.

• Sensitivity to Extreme Pedagogical Shocks: The chronological parameter
validation loop operates under the assumption of longitudinal continu-
ity in grading cultures. Sudden, sweeping institutional disruptions—such
as a mandatory university-wide transition to pass/fail evaluation grading
policies or massive structural overhauls to core curriculum metrics—can
temporarily decouple the historical validation splits from the target test
distribution. Under such severe distribution shifts, the framework requires
a brief recalibration window to align its cluster archetypes with the newly
established grading baselines.

7. Conclusion

In this paper, we presented a comprehensive, model-agnostic Course-Based
Adaptive framework for early student grade prediction. By moving away from
rigid global models and administrative, department-based heuristics, our ap-
proach dynamically group courses based on their true underlying statistical
signatures. Rigorous chronological testing over N = 46, 827 paired instances on
the SEHIR dataset established that our framework outclasses current state-of-
the-art paradigms, achieving a commanding baseline superiority with an RMSE
of 0.57, an MAE of 0.41, and an HEM of 0.48.
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Furthermore, extensive validation on the ANHUI dataset verified the cross-
institutional generalizability of our pipeline. Backed by an automated data-
density guard, the pipeline successfully adapted to severe block-cohort spar-
sity, delivering an optimized performance of 0.84 Weighted RMSE. Asymptotic
difference-of-means tests and 1,000-iteration independent bootstrap simulations
established an extreme margin of statistical significance (pMAE = 4.08× 10−28,
pRMSE = 1.38 × 10−207, and pHEM < 0.001). These results confirm that our
framework successfully shifts the computational burden from manual, domain-
specific heuristics to standard automated optimization, making it a highly reli-
able tool for large-scale institutional enrollment analytics.

—

8. Future Work

While the proposed framework achieves high predictive accuracy and strong
structural resilience, several promising avenues remain for future exploration:

• Dynamic Feature Space Expansion: Future iterations will explore the in-
tegration of unstructured pedagogical modalities—such as natural lan-
guage course descriptions, syllabus-derived learning outcomes, and weekly
LMS clickstream dynamics—to deepen the content-agnostic representa-
tions used during the initial K-Means clustering phase.

• Advanced Meta-Learning for Fallback Selection: For cases of empty data
slice, we plan to implement a meta-learning routing layer. This layer will
analyze the high-dimensional geometric properties of the sparse cluster
and dynamically map it to the most robust alternative parametric estima-
tor.

• Transfer Learning Across Institutional Frameworks: We aim to investigate
transfer learning protocols that can map course-cluster archetypes across
entirely separate institutions. Successfully transferring specialized model
weights from a data-rich university to a newly founded, data-sparse college
would significantly mitigate the initial cold-start constraints of academic
grade tracking.

• Ethical Considerations and Privacy Preservation: While the integration
of unstructured modalities offers theoretical performance gains, it neces-
sitates a rigorous ethical framework. Future implementations will strictly
adhere to GDPR and FERPA. We propose a Privacy by Design approach
mandating: (1) Data Minimization, only aggregated, anonymized features;
(2) Informed Consent, explicit student opt-in; (3) Transparency, Right to
Explanation” ensuring students can query why a specific prediction was
made.
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(Eds.), Biomedical Applications Based on Natural and Artificial Comput-
ing, Springer International Publishing, Cham, 2017, pp. 394–403.

[6] A. Khan, S. K. Ghosh, Student performance analysis and prediction in
classroom learning: A review of educational data mining studies, Education
and Information Technologies 26 (1) (2021) 205–240.

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS

http://moocdata.cn/data/MOOCCube
http://moocdata.cn/data/MOOCCube
https://github.com/itu-bioinformatics-database-lab/adaptive-multi-level-course-grade-prediction-framework
https://github.com/itu-bioinformatics-database-lab/adaptive-multi-level-course-grade-prediction-framework


[7] Y. Zhang, V. Y. Mariano, R. P. Bringula, Prediction of students’ grade by
combining educational knowledge graph and collaborative filtering, IEEE
Access (2024).

[8] J. L. Rastrollo-Guerrero, J. A. Gómez-Pulido, A. Durán-Domı́nguez, Ana-
lyzing and predicting students’ performance by means of machine learning:
A review, Applied Sciences 10 (3) (2020). doi:10.3390/app10031042.

[9] W. Zhang, S. Qin, A brief analysis of the key technologies and applications
of educational data mining on online learning platform, in: 2018 IEEE 3rd
International Conference on Big Data Analysis (ICBDA), 2018, pp. 83–86.
doi:10.1109/ICBDA.2018.8367655.
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