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Abstract

Academic risk prediction often assumes that richer educational data yields better perfor-
mance, yet many institutions operate with strictly limited information. This study quantifies
how predictive behavior degrades when information is progressively constrained within
the feature space. Using prerequisite-based academic records from three Civil Engineering
courses at Universidad Industrial de Santander, Colombia, we evaluate nested information
regimes ranging from a no-information baseline to a full ten-variable prerequisite represen-
tation. We assessed logistic regression models through repeated cross-validation, measuring
continuous discrimination, probabilistic calibration, and threshold-dependent classification.
Additional paired and chronology-controlled robustness analyses evaluated whether the
reduced and full regimes differed materially across folds, nonlinear learners, first-attempt
cohorts, and target-year blocks. The results demonstrate predictive compressibility within
prerequisite-only records: transitioning from the baseline to a one-dimensional model (the
average prerequisite grade) drives the largest performance gain, while subsequent feature
additions yield rapidly diminishing returns. Despite a 90% reduction in dimensionality, this
sparse model retains between 98.0% and 100.1% of the full-model ROC-AUC and maintains
stable probabilistic calibration. These findings expose substantial structural redundancy
within broader prerequisite representations, suggesting that sparse, interpretable academic
summaries capture most of the measurable prerequisite-based predictive signal. Ultimately,
academic risk estimation remains feasible under severe data constraints, although the
moderate absolute ROC-AUC values indicate that these models are best interpreted as
transparent triage tools rather than complete explanations of academic performance.

Keywords: academic risk prediction; educational data mining; logistic regression;
predictive compressibility; early-warning systems

1. Introduction

Academic risk prediction is central to educational data mining and learning analytics.
Early identification of at-risk students enables timely intervention, improves retention, and
supports academic management [1-4]. Predictive models utilize heterogeneous data—such
as academic, demographic, behavioral, and administrative records—to forecast outcomes
like final grades, course failure, and timely graduation [4-8]. Predictive performance often
improves when behavioral variables complement academic records, and when feature
selection isolates dominant predictors [5,6,9,10].
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Despite these advances, the literature predominantly focuses on performance
optimization—emphasizing model comparison, hyperparameter tuning, and metrics like
accuracy and AUC [11-14]. However, accuracy alone can be misleading in imbalanced edu-
cational data, as minority-class recall often remains poor [8,15]. This performance-centric
approach overlooks a critical question: how does predictive behavior change when infor-
mation is progressively removed from the feature space? This question is highly relevant
given the disparity in educational data availability [4,6-8,16,17]. While some institutions
collect extensive behavioral and online-activity logs, many operate with strictly limited
or incomplete Student Information System (SIS) records [7,8,17]. Moreover, some institu-
tions only have information about academic student performance. Thus, data-intensive
predictive techniques are simply not viable for institutions lacking the necessary volume
and diversity of information [8,16,17].

Computationally, feature reduction is typically deployed to mitigate high dimensional-
ity, remove redundant variables, and maximize model performance [9,10,18,19]. This study
deploys feature reduction as an analytical instrument to examine informational redundancy
and predictive degradation. The objective is to quantify exactly how discrimination, calibra-
tion, and classification behavior evolve under strictly constrained informational regimes.

We use the term predictive compressibility to describe the empirical situation in
which a reduced representation preserves most of the measurable predictive behavior
of a richer representation. This concept is closely related to redundancy analysis and
interpretable feature reduction, but the goal here is not to introduce a new classification
algorithm. Rather, the contribution is to measure how much prerequisite-based academic
signal remains after progressively removing information, and to evaluate whether the
resulting low-dimensional model remains calibrated and stable enough for transparent
risk triage. This distinction matters because academic performance is influenced by many
omitted behavioral, demographic, instructional, and temporal factors; compressibility
within prerequisite records does not imply that these other factors are unimportant.

This study presents a computational analysis of information reduction in academic risk
prediction. We investigate how predictive behavior shifts as feature subsets progressively
shrink, complementing traditional evaluations of peak performance. The analysis relies
on course-level academic datasets from the Civil Engineering program at Universidad
de Santander, Colombia, and evaluates three key dynamics: predictive degradation (the
performance loss from removing information), marginal information contribution (the
incremental gain from adding each variable), and calibration stability (the reliability of
probabilistic predictions at lower dimensionalities).

This work contributes a mathematically structured, empirically grounded characteri-
zation of predictive evolution under feature reduction. By analyzing degradation curves,
marginal gains, calibration behavior, and informational redundancy, the study provides a
computational perspective that enriches existing performance-oriented analyses in educa-
tional prediction. In addition, this study highlights the practical value of simple models for
institutions with constrained data environments, which may not have access to extensive
behavioral or online-activity logs.

The manuscript is organized as follows: Section 2 reviews related work on academic
risk prediction, sparse modeling, and information-constrained inference. Section 3 details
the mathematical formulation of the framework, describes the datasets, models, and
experimental design. Section 4 presents the results. Section 5 discusses the implications
and limitations of the findings, and Section 6 concludes the study:.
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2. Literature Review

Information reduction is a computationally consequential component of academic risk
prediction. Broad reviews of educational prediction highlight feature selection as a core chal-
lenge alongside student attributes and modeling strategies [1,20]. Researchers consistently
use feature selection to reduce high dimensionality, manage uncertainty, remove redun-
dant variables, and isolate dominant predictors that improve model performance [9,10,18].
Early-warning systems similarly screen and reduce features before applying ensemble
learning [4]. Thus, feature reduction simplifies models and explicitly determines which
information functions as the predictive signal.

Crucially, predictive gains do not scale indefinitely with larger feature sets or greater
model complexity. For instance, one feedforward network achieved 91.95% accuracy
using only behavioral attributes, closely matching the 93.17% achieved without feature
selection [21]. Another study found that a minimalistic feature set outperformed larger
alternatives, reaching 91.2% classification accuracy [22]. Similarly, in online programming
courses, simple logistic regression achieved the highest test AUC-ROC, outperforming
complex models like SVMs and neural networks [23]. Recent work on student engagement
reinforces this pattern, arguing that near-optimal accuracy becomes preferable when paired
with high computational efficiency and robustness [24]. While no universal saturation
threshold exists, these findings demonstrate that predictive performance often plateaus,
meaning additional complexity does not guarantee better educational models.

A related line of research distinguishes discrimination from calibration. Many ed-
ucational prediction studies heavily emphasize discriminative measures like precision,
recall, F1-score, and ROC-AUC [11,14,25]. However, probabilistic models increasingly pri-
oritize predicted risk probabilities and their associated uncertainty over hard classification
accuracy. For example, a probabilistic logistic regression study for at-risk identification
found that model uncertainty decreases significantly later in the academic calendar, im-
proving prediction reliability [26]. Recent work on multimodal engagement assessment
also emphasizes that stability and balanced evaluation are critical even when accuracy is
high [24]. Broader uncertainty-aware classification research evaluates expected calibration
error, proving that strong classification performance and reliable probabilities are distinct
achievements [27]. This distinction remains vital for academic risk prediction because
institutions typically trigger interventions based on predicted probabilities.

Furthermore, sparse and interpretable educational models prove both feasible and
practically valuable. Many approaches intentionally rely on a restricted set of early or
readily available indicators. Early warning models based on course grades demonstrate
that failing a single marking period strongly predicts graduation status [28]. Engineering
models similarly identify at-risk students using compact combinations of grade history,
LMS interactions, and entry profiles [29,30]. Interpretability has become a primary require-
ment: recent studies apply explainable machine learning tools like SHAP to identify key
predictive factors [12,25], and design belief-rule-based approaches specifically to ensure
transparency [31]. Institutional data availability also varies widely. While some datasets
integrate academic, demographic, behavioral, and administrative records [5,8], others rely
strictly on standard SIS data without external surveys or LMS inputs [7]. Because missing
educational data remains a persistent challenge, researchers often require dedicated impu-
tation prior to prediction [17]. Consequently, sparse educational models represent practical,
deployable solutions tailored for varied data environments.

Table A1l (Appendix A) summarizes the methodologies reported in the literature
on academic performance prediction, highlighting the datasets employed, the predictive
approaches adopted, the principal findings, and the main strengths of each study. Despite
the significant progress achieved in this field, most studies have focused on reducing
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the feature space as a means of improving predictive performance. Consequently, there
remains a need to investigate how model behavior evolves, degrades, or stabilizes when
the amount of available information is progressively restricted.

3. Materials and Methods
3.1. Academic Dataset

This study uses academic records from the undergraduate Civil Engineering program
at Universidad Industrial de Santander (UIS), Colombia. We analyze three foundational
courses: Statics (Estdtica), Solid Mechanics (Mecdnica de Sélidos), and Fluid Mechanics
(Mecdnica de Fluidos). These core courses share strong prerequisite relationships and require
progressive mechanical reasoning.

The dataset spans from the first academic term of 2007 (2007-1) to the first term of 2025
(2025-1). The Civil Engineering program has operated under essentially the same structural
curricular grid since October 2007, when a major curricular reform was implemented.
Although a subsequent adjustment was introduced in 2013, it did not alter the core courses
analyzed in this study; rather, it was limited to the reorganization of elective technical
courses in the final semesters. Consequently, despite the 2007-1 grades belonging to the pre-
2007 curricular grid, the longitudinal dataset remains highly homogeneous. The effect of
the pre-2007 data is considered negligible. Finally, it is worth noticing that a comprehensive
structural reform is under development and is expected to be deployed in 2027.

We analyze each course independently to evaluate whether information-reduction
behavior remains consistent across different academic contexts and approval-rate distribu-
tions. Table 1 reports the primary modeling cohorts used in the repeated-validation experi-
ments. These cohorts include students with an observed final grade in the target course
and complete records for the four prerequisite courses used in the information regimes.

Table 1. Primary modeling cohorts for the prerequisite-based prediction experiments.

Target Course Students Approved Failed Pass Rate
Statics 3839 2565 1274 0.668
Mechanics of Solids 3508 2716 792 0.774
Fluid Mechanics 3344 3004 340 0.898

UIS employs a grading system from 0.0 to 5.0, with 3.0 or higher constituting a
passing grade. Consequently, we formulate the prediction target as a binary classification
problem where:

1 if student i passed the course
Vi=

0 if student i failed the course

We anonymized the dataset prior to analysis and excluded all personally identifiable in-
formation from model training and evaluation. The primary feature-reduction experiments
used a student-level table in which each row represents one anonymized student and each
course column stores the final observed grade available for that course. The institutional
records contain official final course grades rather than disaggregated assessment compo-
nents. The university grade spreadsheet stores grades only for students who completed the
courses and does not include withdrawal records or a withdrawal-status field. Therefore,
withdrawn students were not modeled as failures; the failure class consists of completed
course attempts with official final grades below 3.0. For Fluid Mechanics, any group-project
or peer-assessment component that may have contributed to the official course grade
is embedded in the final individual grade recorded by the university; group identifiers
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and project-component scores were not available and were not modeled separately. To
address chronology and repeated-enrollment concerns, we additionally used the original
long-format academic-record workbook, which contains student identifier, enrollment year,
enrollment period, course name, and final grade for each course registration.

Figure 1 presents the grade distributions for the three courses. Although all courses
concentrate around the passing threshold, they exhibit important differences in approval
rates and lower-tail behavior. Statics and Solid Mechanics show broader distributions
with higher densities near the threshold and pronounced lower-grade tails. Conversely,
Fluid Mechanics concentrates strongly toward higher grades, resulting in higher approval
prevalence. These differences directly affect class imbalance, threshold sensitivity, and
calibration behavior in our predictive experiments. Particularly, Statics and Mechanics of
Solids have a significant number of students with grades below 3.0, indicating a higher
degree of academic risk.

Statics: Grade distribution Mechanics of Solids: Grade distribution Fluid Mechanics: Grade distribution

s00 === Pass threshold ~=- Pass threshold == Pass threshold

Target-course grade Target-course grade

(a) Statics (b) Solid Mechanics (c) Fluid Mechanics

Figure 1. Grade distributions for the analyzed engineering courses. The dashed vertical line indi-
cates the institutional passing threshold of 3.0. The distributions illustrate differences in approval
prevalence and lower-tail behavior across courses, which directly influence class imbalance and
threshold-dependent predictive metrics.

3.2. Prerequisite-Based Feature Representation

This study focuses on progressively enriched representations of prerequisite-course
performance. We restrict the feature space strictly to prerequisite-derived academic indica-
tors. This formulation systematically evaluates how predictive behavior evolves as models
incorporate richer prerequisite data.

We construct multiple statistical descriptors from the foundational prerequisite courses,
including average performance, minimum grade, variability indicators, and counts of failed
prerequisites. The objective is to quantify predictive degradation, marginal information contribu-
tion, and calibration behavior under these progressively enriched prerequisite representations.

3.3. Information Regimes

We construct a hierarchy of nested information regimes to analyze predictive behavior,
as summarized in Table 2. Each regime captures prerequisite performance at a different
level of detail, ranging from a no-information baseline (Rp) to a complete prerequisite-
derived representation (Rs). By structuring the feature space this way, we systematically
evaluate predictive degradation, marginal predictive contributions, calibration stability,
and informational redundancy.

The ten variables in the full regime Rs are therefore the four observed prerequisite
grades (Calculus I, Calculus II, Physics I, and Linear Algebra I) and six deterministic
summaries of those grades: mean, minimum, maximum, standard deviation, number of
prerequisite grades below the passing threshold of 3.0, and number of prerequisite grades
below 3.5. The term “information reduction” is used in this bounded sense: the study
does not claim that ten variables constitute high-dimensional educational data in general.
Instead, it asks whether the full prerequisite-derived representation available in this setting
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can be reduced to a much smaller, more transparent representation without materially
changing predictive behavior.

Table 2. Hierarchy of information regimes defining the feature spaces.

Regime Type Variables Included

Ro Baseline None (predicts global training-fold passing probability)

Ry Minimal Average prerequisite grade

R Low Average prerequisite grade, Count of prerequisite grades be-
low 3.0
Average prerequisite grade, Count of prerequisite grades be-

R3 Medium low 3.0, Minimum prerequisite grade, Standard deviation of
prerequisite grades, Count of prerequisite grades below 3.5

Ry Raw Grades Raw prerequisite-course grades

Four raw prerequisite-course grades plus six aggregate de-
Rs Full scriptors: average, minimum, maximum, standard deviation,
count below 3.0, and count below 3.5

3.4. Mathematical Formulation of Information Reduction in Academic Risk Prediction

Consistent with the preceding sections, we formalize information reduction as an or-
dered sequence of inference problems. We seek to quantify how discrimination, calibration,
classification behavior, and computational complexity evolve as the predictive model is
exposed to progressively richer representations of the academic environment.

Let C = {1,...,C} index the target courses. For each course ¢ € C, we observe
a dataset D(¢) = {(xfc) , yi(c))}:il, where xfc) € R? is the complete feature vector for
EC) € {0,1} denotes the binary academic outcome, with yi(c)
course approval.

student i, and y = 1 indicating

We consider a nested family of information regimes R = {Rg, Ry, Ry, R3, Ry, R5}. A
mapping k : R — N defines the dimensionality of each regime, with k(Ro) = 0, k(Ry) =1,
k(Ry) =2,k(R3) =5,k(R4) =4, and k(R5) = 10. For each regime r € R, a representation
map ¢, : RY — Rk yields a regime-specific feature vector zglcr) = (])r(xl@). This nesting
ensures that lower-information representations are derived by restricting or aggregating
the full feature space. Specifically, Rg serves as a no-information baseline, R; relies solely
on the prerequisite grade average, Ry incorporates the count of failed prerequisites, R3
employs five aggregate prerequisite descriptors, R4 uses the four raw prerequisite grades,
and Rs utilizes the full ten-variable representation.

Under each regime r, the objective is to estimate a mapping f., : RK(") — [0,1] such
that pl(;) = for (zl(cr)) approximates the probability of course approval. For r # Ry, we
employ a logistic regression model,

1

pE,Cr) = U(IBO,C,r + ﬁCITTZ§,i))' o(u) = Treu

which has p(r) = k(r) + 1 fitted parameters. The baseline regime R ignores student-
specific covariates and simply predicts the empirical pass rate of the training sample,
pz(,clgo = y‘t(rcgin, establishing a reference to measure the signal recovered by introducing
minimal information. Although formulated here for logistic regression, the framework
relies solely on out-of-fold predicted probabilities, allowing direct extensions to tree-based
and ensemble learners.

To ensure robust estimation, we evaluate models using repeated cross-validation over

16 (s

splits s = 1,...,S into disjoint training sets I;” and validation sets I;;. The same split
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indices are reused across information regimes and model classes within each course, so

regime comparisons are paired at the fold level. A model fc(f;) is trained on I, ),

l((;’s) fori e I\(,“?. For any evaluation metric M, its split-level

generat-
ing validation predictions p
value is denoted by ME? Performance is summarized via the repeated-validation mean
]\7IC,7 = % 25521 Més,) and its standard deviation SD,,(M). Empirical 95% intervals are ob-
tained from the 2.5% and 97.5% quantiles of the split-level metric distribution.

Model performance is evaluated across discrimination, calibration, and threshold-
dependent classification metrics. Discrimination is assessed by the ROC-AUC. Calibration
is quantified via the Brier score,

1 2
Bg;sr = (s) 2 (ﬁz(,cr,S) _]/EC)) ’

[ Ivd| ic1y)

and through the calibration intercept lxﬁf) and slope ,BES,) derived from the logistic recal-

ibration model, logit(Pr(Y(9) = 1 | ﬁﬁc’s) ) = txﬁfr) + ﬁ((:sr) logit(ﬁgc’s) ). Ideal calibration
corresponds to zxﬁf) =0and /3?2 = 1. Threshold-dependent metrics, such as the F1 score
and balanced accuracy, are evaluated at a fixed decision boundary of ¢ = 0.5. Furthermore,
model stability is reflected in SD,, (M), where lower variance indicates greater robustness
across data splits.

To rigorously compare predictive degradation across regimes, we introduce a sign
indicator 71 € {+1, —1}, where +1 corresponds to metrics to be maximized (e.g., ROC-
AUC, F1) and —1 to those to be minimized (e.g., Brier score). The degradation of regime r
relative to the full representation Rs is defined as

AE,]\Y/I) ="m (MC,R5 - Mc,r) .

A degradation near zero implies that the reduced regime preserves the predictive
fidelity of the full model. Similarly, the marginal gain of advancing from a preceding regime
r~toris GC(,ILA) = (M, — Z\7IC,,7 ). To formalize the capacity of a low-dimensional regime
to capture the majority of the available signal, we define the predictive compressibility
ratio for higher-is-better metrics as

M Mc, - M ,R 5 5
i = r R gor Blogg > Mg,
Mers — Mc R,

Values of Hﬁff) close to one indicate that regime r retains nearly all the performance
improvement offered by the full ten-variable model.

Finally, the computational impact of information reduction is quantified by the relative
dimensionality reduction, 6(r) = 1 — k(r) /k(Rs5), alongside the mean fitting and prediction
times per fold. By structuring feature reduction as a sequence of measurable comparisons,
this framework enables a comprehensive analysis of the trade-offs between predictive
capacity, probabilistic reliability, and model complexity. Within this study, these formula-
tions are applied as empirical descriptors of specific educational settings, demonstrating
that high-performing risk prediction may often be recovered from sparse, interpretable
academic summaries.

3.5. Computational Workflow

Figure 2 summarizes the architecture of the experimental pipeline. The workflow
begins with anonymized academic records, constructs target-specific prerequisite represen-
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tations, evaluates nested information regimes under paired repeated validation, and then
summarizes discrimination, calibration, stability, and computational-cost metrics.

Y

0 e 0 e . 0 ( . K
Anonymized _ Target course Prerequisite .| Information regimes
academic records o and prerequisites descriptors - Ro-Rs
J .

J = J . l

1 ( N ( N (
[ Out-of-fold P Model fitting Fold-contained P Repeated stratified

probabilities - LR, RE, GB scaling/imputation |~ 5-fold x 20 repeats
J L J L J N

Discrimination, calibration, Paired R; vs. Rs Chronology and Compressibility and
classification metrics inference time-block checks stability summaries

Figure 2. Computational workflow for the prerequisite-based information-reduction experiments.

Each target course is modeled independently. Regime comparisons are paired because the same
validation folds are reused across information regimes and model classes.

3.6. Data Preprocessing

Prior to model training, the academic records underwent systematic filtering and
transformation. The main preprocessing sequence was:

1. Select the target course and the four prerequisite courses: Calculus I, Calculus II,
Physics I, and Linear Algebra I. This anchors every experiment to the same curricular
dependency structure.

2. Remove observations without an observed target-course grade, because the binary
approval outcome cannot be defined for those students. Since the source spreadsheet
stores grades only for completed course attempts, withdrawn students are outside
the modeled cohorts.

3. For the primary feature-reduction experiments, retain students with complete grades
for the four prerequisite courses so that all regimes are compared on the same cohort
rather than on samples that differ because of missingness.

4. Define course approval as y; = 1 when the target-course grade is at least 3.0 and
y; = 0 otherwise, matching the institutional grading policy.

5. Compute prerequisite-derived descriptors: average, minimum, maximum, standard
deviation, number of prerequisites below 3.0, and number of prerequisites below
3.5. These row-level summaries quantify central tendency, lower-tail risk, and grade
dispersion without using target-course information.

6.  Generate the regime-specific feature matrices Rg—Rs5 from these descriptors and raw
prerequisite grades, allowing each information regime to be trained and evaluated
under identical validation folds.

These steps are necessary because the study compares information regimes rather than
optimizing a single predictive model. Keeping the same students across regimes prevents
apparent performance differences from being caused by changing sample composition.
Aggregate descriptors are computed directly from observed prerequisite grades before
cross-validation because they are deterministic row-level summaries and do not use target-
course information. Fold-dependent preprocessing, including median imputation for
raw-feature models and feature scaling for logistic regression, is fitted only on the training
partition and then applied to the corresponding validation partition.

3.7. Predictive Modeling and Experimental Design

The predictive task functions as a probabilistic estimation of course approval. The
computational workflow independently trains and evaluates predictive models for each
specific course and information regime.

https://doi.org/10.3390/mca31040120
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Our experiments explicitly quantify predictive discrimination, threshold-dependent
classification behavior, calibration stability, computational efficiency, and robustness under
paired repeated validation.

The main repeated-validation design used repeated stratified cross-validation with
five folds and twenty repeats, yielding 100 validation folds per course. The same fold
assignments were reused across information regimes and model classes within each course.
The primary split was not time-based; it was designed to compare information regimes
under identical paired validation folds over the available institutional distribution. To
evaluate whether the resulting pattern depended on temporal mixing, we conducted the
chronology-controlled and target-year block analyses described below. Logistic regression
used standardized predictors and a maximum of 5000 iterations. Random forest models
used 200 trees, a minimum leaf size of 10, and the same random seed. Gradient boosting
used 120 estimators, learning rate 0.05, maximum depth 2, and minimum leaf size 10.
These modest fixed configurations were selected to test whether the information-reduction
pattern persisted beyond the linear logistic model without making the results dependent
on extensive hyperparameter tuning.

Performance evaluation relies on ROC-AUC, PR-AUC, balanced accuracy, F1-score,
Brier score, log loss, calibration slope, and calibration intercept. Because the validation
folds are paired across regimes, we additionally computed paired fold-level comparisons
between the minimal regime R; and the full regime R5 using Wilcoxon signed-rank tests
for ROC-AUC and Brier score, rank-biserial effect sizes, empirical 95% intervals for paired
differences, and Holm-adjusted p-values within metric families. These tests are used to
quantify whether small observed differences are practically negligible or systematic across
validation folds.

3.8. Experimental Environment and Reproducibility

All analyses were implemented in Python 3.12.12 on macOS 26.5 with an arm64 plat-
form. The computational environment used NumPy 1.26.4, pandas 3.0.2, scikit-learn 1.8.0,
SciPy 1.17.1, and Matplotlib 3.10.8. Random seeds were fixed for repeated cross-validation
and for stochastic model classes. The fixed validation design and model configurations
described above were used for all course-regime comparisons to make the experiments
reproducible and to ensure that observed differences between information regimes were not
caused by changing folds, changing preprocessing rules, or model-specific tuning choices.

3.9. Chronology-Controlled Robustness Analysis

For each target course, we reconstructed a first-attempt cohort by selecting each
student’s first observed enrollment in the target course. For every prerequisite, we used
the latest prerequisite attempt completed strictly before that first target-course attempt.
Students without all four prerequisites before the target attempt were excluded from this
robustness cohort. This procedure prevents target-course retakes or post-target prerequisite
records from contributing information to the predictors. The institutional records do not
include a separate indicator for equivalent online-course completion. Terms affected by
pandemic-era remote instruction are therefore retained within the 20202025 target-year
block rather than modeled as a separate course modality.

The chronology-controlled cohorts contained 3704 students for Statics, 3484 for Me-
chanics of Solids, and 3314 for Fluid Mechanics. We then repeated the R; versus Rs analysis
for logistic regression, random forest, and gradient boosting. To evaluate time-related sta-
bility, we also repeated the logistic comparison within three target-year blocks: 2007-2013,
2014-2019, and 2020-2025.
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4. Results
4.1. Predictive Performance Across Information Regimes

Table 3 summarizes the repeated cross-validation results for the logistic models across
the primary information regimes. We define “full” as the ten-variable prerequisite repre-
sentation (R5), “medium” as the five aggregate prerequisite variables (R3), “low” as the
two-variable representation using prerequisite average and the count of prerequisites below
3.0 (R2), and “minimal” as the single-variable prerequisite-average representation (R1). The
baseline regime (RO) employs no predictors, assigning the training-fold pass rate to each
validation observation.

Table 3. Predictive performance of logistic models across information regimes. Values are repeated-
cross-validation means.

Course Regime Variables ROC-AUC PR-AUC F1 Bal. Acc.  Brier Score
Statics RO baseline 0 0.500 0.668 0.801 0.500 0.222
Statics R1 minimal 1 0.668 0.804 0.792 0.554 0.205
Statics R3 medium 5 0.669 0.806 0.797 0.556 0.205
Statics R5 full 10 0.671 0.808 0.798 0.555 0.205
Mechanics of Solids RO baseline 0 0.500 0.774 0.873 0.500 0.175
Mechanics of Solids R1 minimal 1 0.659 0.867 0.871 0.505 0.166
Mechanics of Solids R3 medium 5 0.663 0.869 0.870 0.502 0.166
Mechanics of Solids  R5 full 10 0.673 0.875 0.872 0.513 0.164
Fluid Mechanics RO baseline 0 0.500 0.898 0.946 0.500 0.091
Fluid Mechanics R1 minimal 1 0.671 0.945 0.946 0.500 0.089
Fluid Mechanics R3 medium 5 0.668 0.945 0.946 0.500 0.089
Fluid Mechanics R5 full 10 0.670 0.946 0.946 0.500 0.089

The no-information baseline yielded a 0.500 ROC-AUC across all courses. Transition-
ing from RO to the one-dimensional R1 model increased ROC-AUC to 0.668 for Statics,
0.659 for Mechanics of Solids, and 0.671 for Fluid Mechanics. Given the class imbalance ob-
served in the lower-risk courses, we also report the Area Under the Precision-Recall Curve
(PR-AUC), which provides a more robust measure of minority-class separation. PR-AUC
increased from 0.668 to 0.804 for Statics, 0.774 to 0.867 for Mechanics of Solids, and 0.898
to 0.945 for Fluid Mechanics. Corresponding Brier scores decreased from 0.222 to 0.205,
0.175 to 0.166, and 0.091 to 0.089, respectively. Therefore, a single compressed prerequisite-
performance variable captures most of the predictive gain over the baseline.

The full prerequisite-derived representation offered only modest improvements over
the minimal model. Compared to R5, R1 lost 0.004 ROC-AUC points for Statics and
0.014 points for Mechanics of Solids, while gaining 0.0004 points for Fluid Mechanics. PR-
AUC followed a similar plateau, with R5 showing minimal gains over R1 (0.808 vs. 0.804
for Statics, 0.875 vs. 0.867 for Mechanics of Solids, and 0.946 vs 0.945 for Fluid Mechanics).
Because the courses have high pass rates, a 0.5 probability threshold classified most stu-
dents as passing, keeping balanced accuracy near 0.50 for Mechanics of Solids and Fluid
Mechanics. For R1 out-of-fold predictions, pass-class precision and recall reached 0.695
and 0.920 for Statics, 0.776 and 0.992 for Mechanics of Solids, and 0.898 and 1.000 for Fluid
Mechanics. Class imbalance and the arbitrary 0.5 decision threshold strongly skew these
threshold-dependent metrics; consequently, high pass-class recall does not necessarily
indicate effective separation of failures. We therefore base our primary interpretation on
threshold-free ranking metrics (ROC-AUC and PR-AUC), Brier score, and calibration.
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4.2. Information—Performance Trade-Off

Figure 3 plots ROC-AUC against the number of prerequisite-derived variables. The
curves demonstrate early saturation: the prerequisite average alone drives most of the
performance increase over the baseline. Subsequent variables yield diminishing returns,
and the full ten-variable representation fails to increase discrimination proportionally. The
supplementary marginal-gain analysis in Figure A1 (Appendix B) confirms this pattern.
The RO-R1 transition generated ROC-AUC gains of 0.168, 0.159, and 0.171 for Statics,
Mechanics of Solids, and Fluid Mechanics, respectively, while later transitions produced
minimal or even negative gains.

Information-performance scaling under prerequisite-derived regimes

075 Statics Mechanics of Solids Fluid Mechanics
0.70
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Figure 3. Predictive performance as a function of information dimensionality. ROC-AUC is shown
across prerequisite-derived information regimes for each target course, with repeated-validation 95%
empirical intervals.

This pattern reveals substantial redundancy within the full feature representation. Pre-
dictive performance does not scale linearly with dimensionality; instead, a low-dimensional
summary preserves the core ranking signal. Moving from R1 to R5 increased ROC-AUC
by just 0.004 points for Statics and 0.014 points for Mechanics of Solids. For Fluid Me-
chanics, the full representation provided no improvement over the minimal one. These
results indicate that prerequisite records function as a compressible representation for
information-constrained predictive inference.

We define this empirical pattern as predictive compressibility: severely reducing
observed variables preserves most of the measurable prerequisite-based predictive signal.
In this dataset, compressibility occurs because the one-dimensional prerequisite average
captures nearly all the discrimination provided by the larger prerequisite representations.

4.3. Minimal Predictive Subsets

The one-variable R1 model, utilizing only the average prerequisite grade, forms the
smallest subset with meaningful predictive capacity. This transparent, sparse inference
rule relies on a logistic curve with just two fitted parameters: an intercept (8¢) and a single
coefficient for the prerequisite average (B1). The fitted parameters for the R1 models are:
Bo = —4.201, B; = 1.456 for Statics; By = —3.286, f1 = 1.344 for Mechanics of Solids; and
Bo = —2.547, B1 = 1.419 for Fluid Mechanics. Table 4 compares this minimal representation
to the full ten-variable model, highlighting a 90% dimensionality reduction from R5 to R1
across all courses without significant degradation in predictive performance.
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Table 4. Minimal subset performance relative to the full prerequisite-derived logistic model.

Retention of ROC-AUC

99.5%
98.0%
100.1%

ROC-AUCR1

0.668
0.659
0.671

ROC-AUC R5

0.671
0.673
0.670

Course Minimal Variable

Statics
Mechanics of Solids
Fluid Mechanics

Average prerequisite grade
Average prerequisite grade
Average prerequisite grade

Figure 4 visualizes the complexity—accuracy Pareto frontier across model classes. The
sparse logistic models occupy highly competitive regions despite relying on only two
parameters in R1. Furthermore, complex random forest and gradient boosting models
failed to dominate the sparse logistic alternatives in mean ROC-AUC. This demonstrates
that the core predictive structure relies on neither high-dimensional features nor heavily
nonlinear models.

Complexity-accuracy Pareto frontier
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Figure 4. Complexity—accuracy trade-off across information regimes and model classes. Circled
points indicate Pareto-efficient configurations, and labeled points identify the sparse logistic regimes.

4.4. Inferential and Chronology-Controlled Robustness

To evaluate whether the small R1-R5 differences were stable across repeated validation
folds, we computed paired fold-level comparisons using identical validation splits for both
regimes. Table 5 reports the chronology-controlled first-attempt analysis using the original
long-format academic records. The full R5 representation produced small systematic gains
for Statics and Mechanics of Solids, but the mean paired ROC-AUC differences were only
0.003 and 0.008, respectively. For Fluid Mechanics, the mean paired difference was —0.001
and was not statistically significant after Holm adjustment. Thus, the paired tests show that
some differences are statistically detectable because the comparisons are fold-paired, but
the practical magnitude remains small relative to the moderate absolute ROC-AUC values.

Table 5. Paired R1-R5 comparisons for chronology-controlled first-attempt logistic models. Positive
ROC-AUC differences favor R5; negative Brier differences favor R5.

Course

Metric

Mean
R5-R1

Median
R5-R1

95% Empirical Interval

Holm-

Adjusted p

Effect Size

Statics

Statics

Mechanics of Solids
Mechanics of Solids
Fluid Mechanics
Fluid Mechanics

ROC-AUC
Brier
ROC-AUC
Brier
ROC-AUC
Brier

0.0033
—0.0008
0.0085
—0.0008
—0.0012
0.0002

0.0040
—0.0008
0.0087
—0.0007
0.0019
0.0001

[—0.0190, 0.0197]
[—0.0032, 0.0027]
[—0.0136, 0.0282]
[—0.0030, 0.0016]
[—0.0299, 0.0246]
[—0.0008, 0.0013]

0.0020
<0.001
<0.001
<0.001
0.734
0.091

0.411
—0.522
0.746
—0.644
—0.039
0.250
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Figure 5 visualizes the paired ROC-AUC differences across the 100 validation folds.
The distributions remain centered close to zero, reinforcing that R5 does not create a
qualitatively different discrimination profile from R1.

Fold-paired difference between full and minimal information regimes
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Figure 5. Fold-paired validation ROC-AUC differences between the full R5 and minimal R1 logistic
models in the chronology-controlled first-attempt cohorts.

The chronology-controlled cohorts also address repeated-enrollment concerns. The
raw academic records identified 4148 first Statics attempts, 3805 first Mechanics of Solids
attempts, and 3667 first Fluid Mechanics attempts. After requiring all four prerequisites
before the first target attempt, the usable cohorts contained 3704, 3484, and 3314 students,
respectively. Repeated target enrollment was common in Statics and Mechanics of Solids
but much less common in Fluid Mechanics (Table A2, Appendix B).

Table 6 compares R1 and R5 under logistic regression, random forest, and gradient
boosting in the chronology-controlled cohorts. The nonlinear models did not overturn
the early-saturation pattern. In Statics and Fluid Mechanics, R5 failed to improve over
R1 for at least two model classes. In Mechanics of Solids, R5 improved ROC-AUC by
0.008-0.015 depending on model class, which is consistent with a small but nonzero amount
of additional information in the granular prerequisite variables.

Table 6. Chronology-controlled R1 and R5 ROC-AUC across model classes.

Course and Model R1ROC-AUC R5ROC-AUC R5-R1
Statics, logistic regression 0.640 0.644 0.004
Statics, random forest 0.622 0.616 —0.006
Statics, gradient boosting 0.636 0.634 —0.002
Mechanics of Solids, logistic regression 0.640 0.648 0.008
Mechanics of Solids, random forest 0.615 0.630 0.015
Mechanics of Solids, gradient boosting 0.631 0.645 0.014
Fluid Mechanics, logistic regression 0.651 0.650 —0.001
Fluid Mechanics, random forest 0.619 0.624 0.005
Fluid Mechanics, gradient boosting 0.637 0.632 —0.004

Finally, Table 7 evaluates target-year blocks. The R5-R1 ROC-AUC difference remained
small in all nine course-period combinations, ranging from —0.009 to 0.019. These results
do not eliminate the possibility of curriculum, grading, or cohort effects, but they show
that the early-saturation pattern is not driven solely by one calendar period.
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Table 7. R1 and R5 logistic ROC-AUC by target-year block in chronology-controlled first-attempt cohorts.

. . R5-R1
Course Period Students Failures R1 ROC-AUC ROC-AUC
Statics 2007-2013 1153 487 0.623 —0.008
Statics 2014-2019 1361 528 0.582 0.019
Statics 2020-2025 1190 225 0.679 —0.009
Mechanics of Solids  2007-2013 919 282 0.665 0.005
Mechanics of Solids  2014-2019 1351 300 0.618 —0.004
Mechanics of Solids  2020-2025 1214 199 0.609 0.009
Fluid Mechanics 2007-2013 832 47 0.584 0.015
Fluid Mechanics 2014-2019 1312 174 0.700 —0.001
Fluid Mechanics 2020-2025 1170 117 0.633 0.006

Train-validation comparisons further clarify overfitting behavior. For the chronology-
controlled logistic models, R1 showed near-zero ROC-AUC optimism across courses,
whereas R5 produced small optimism values of 0.006, 0.007, and 0.014 for Statics, Mechanics
of Solids, and Fluid Mechanics, respectively. Tree-based models, especially random forests,
showed much larger train-validation gaps under R5. Figure 6 summarizes this pattern for
logistic regression.

Train-validation consistency in chronology-controlled logistic models

e Train
0.75 A mm Validation
0.70 4
S
3 0.65 -
Q
o
o
0.60 -
0.55 A
0.50 -
Fluid Mechanics Fluid Mechanics Mechanics of Solids  Mechanics of Solids Statics Statics
R5 R1 R1 R5

Figure 6. Train-validation ROC-AUC consistency for chronology-controlled logistic models. The
minimal R1 model shows little optimism, while R5 adds a small train-validation gap.

4.5. Calibration and Stability

Table A3 (Appendix B) and Figure 7 present the calibration results for the R1 logistic
model. The Brier scores reached 0.205 for Statics, 0.166 for Mechanics of Solids, and 0.089
for Fluid Mechanics. Calibration slopes hovered near ideal, with repeated-fold means of
1.01, 1.01, and 1.02, respectively. Calibration intercepts closely approached zero, ranging
from —0.049 to —0.006.

The empirical 95% confidence intervals for R1 ROC-AUC spanned 0.633-0.702 for
Statics, 0.623-0.696 for Mechanics of Solids, and 0.621-0.729 for Fluid Mechanics. These
intervals reflect moderate fold-to-fold variation, particularly in Fluid Mechanics, which
has the lowest failure rate. Nevertheless, the calibration slopes consistently approximate
one, indicating that low-information probabilities maintain coherent probabilistic behavior
across repeated validation folds.
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Figure 7. Calibration of the one-dimensional low-information logistic model. Points show quantile-
bin empirical pass rates with Wilson 95% intervals; the dashed line denotes ideal calibration.

4.6. Computational Efficiency

Table 8 compares the one-variable R1 logistic model against the ten-variable R5 model.
Because mean fold-level fit and prediction times remain extremely small for both models,
absolute runtime differences lack practical significance. The primary computational benefit
lies in the drastic reduction of observed dimensionality and fitted parameters.

Table 8. Computational efficiency of the minimal logistic model relative to the full prerequisite-
derived logistic model. Times are mean seconds per validation fold.

Course Features R1/R5 Fit R1 Fit R5 Predict R1 Predict R5
Statics 1/10 0.00125  0.12812 0.00016 0.00055
Mechanics of Solids 1/10 0.00171  0.02204 0.00022 0.00048
Fluid Mechanics 1/10 0.00119  0.02700 0.00015 0.00054

Moving from R5 to R1 reduces dimensionality by 90% and cuts logistic model complex-
ity from 11 fitted parameters down to 2. Although R1 executed faster across all three courses,
these absolute CPU timing differences are secondary since all logistic configurations fit and
predict in milliseconds at this sample size. The true computational and systemic savings of
the sparse R1 regime lie at the institutional deployment level. Specifically, predicting risk
based solely on a student’s rolling prerequisite average drastically reduces data engineering
pipeline complexity, minimizes memory allocation, and lowers query execution costs over
large institutional databases. It eliminates the need to compile, update, and join sparse,
granular historical grade records, simplifying real-time tracking. The critical computa-
tional implication is the emergence of a transparent, scalable inference rule that achieves
near-optimal predictive precision with a fraction of the data-infrastructure overhead.

4.7. Summary of Main Findings

Across all three courses, the one-dimensional prerequisite-average model retains
meaningful predictive capacity despite severe information reduction. The initial shift
from the no-information baseline to the minimal information regime drives the largest
performance gain, while subsequent feature additions yield diminishing returns. The full
prerequisite representation offers only marginal improvements for Statics and Mechanics of
Solids, and provides no improvement for Fluid Mechanics. These results support predictive
compressibility and feature redundancy within prerequisite-only records.

The sparse logistic model also achieves stable calibration, generating improved Brier
scores and near-ideal calibration slopes. It has a favorable computational profile by mini-
mizing both dimensionality and parameter count while preserving the core ranking signal.
The primary limitation of this study is its strictly predictive and observational nature: even
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with the chronology-controlled robustness analysis, the models do not identify causal
mechanisms or evaluate intervention effectiveness. Ultimately, these findings provide
evidence for predictive compressibility within prerequisite-based academic risk modeling.

5. Discussion

Predictive behavior evolved non-linearly as the prerequisite feature space expanded.
Across all analyzed courses, transitioning from the no-information baseline (Ry) to the
minimal-information model (R;) produced the largest increase in predictive discrimination.
Subsequent feature additions yielded rapidly diminishing marginal returns. Relative to the
full representation (Rs), these results demonstrate early predictive saturation. Once models
incorporated the average prerequisite grade, adding specific granular variables produced
only small changes in student rankings. These experiments indicate that, for the analyzed
engineering courses, much of the measurable prerequisite-based predictive signal resides
within a compact, low-dimensional subset of academic history.

The marginal-gain analysis supports this structural redundancy. The average pre-
requisite grade captured the majority of the prerequisite-only predictive signal, making
additional prerequisite descriptors only weakly incremental. Computationally, this indi-
cates a high degree of feature overlap within the full prerequisite representation. At the
same time, the paired tests show that some R1-R5 differences are statistically detectable
because the same validation folds are compared directly. The important point is therefore
not that R1 and R5 are identical, but that the practical gain from R5 is small relative to the
90% dimensionality reduction achieved by R1.

The contrast between continuous and threshold-dependent metrics highlights a critical
methodological distinction. ROC-AUC and Brier scores remained stable across information
regimes, confirming that heavily reduced models successfully rank students and maintain
coherent probabilistic calibration. Conversely, threshold-dependent metrics like balanced
accuracy degraded under information reduction, particularly in courses with high approval
rates. This divergence occurs because ROC-AUC evaluates continuous risk separation,
whereas balanced accuracy evaluates hard classification at an arbitrary 0.5 probability
threshold. In highly imbalanced academic datasets, stable probabilistic ranking provides
a far more reliable measure of predictive utility than rigid pass/fail classification. Con-
sequently, sparse models reliably prioritize at-risk students and maintain probabilistic
calibration despite threshold-induced classification artifacts.

The practical implications of these findings are substantial but should be interpreted
cautiously: academic risk estimation remains feasible under severe data constraints. Many
institutions lack advanced learning analytics infrastructure, granular behavioral logs, or
continuous data pipelines. For these institutions, sparse predictive models utilizing readily
available prerequisite records offer a deployable alternative to data-intensive architec-
tures. By showing that simple prerequisite summaries contain most of the measurable
prerequisite-based signal, this study lowers the technical barriers to transparent early-
warning triage. However, the absolute ROC-AUC values remain moderate, so these models
should support prioritization and monitoring rather than replace comprehensive academic
advising or richer diagnostic assessment.

From an educational perspective, the value of the sparse model is not that it explains
why a student is at risk, but that it provides a transparent screening signal that can be
linked to familiar curricular milestones. A low prerequisite average can prompt instructors,
program coordinators, or advisors to review prior conceptual weaknesses, recommend
remedial support, monitor early assessments more closely, or prioritize students for tutoring
and office-hour outreach. The model should therefore be understood as a triage layer for

https://doi.org/10.3390/mca31040120


https://doi.org/10.3390/mca31040120

Math. Comput. Appl. 2026, 31, 120

17 of 24

allocating attention under limited information, not as a substitute for pedagogical diagnosis,
student interviews, or course-specific assessment.

This deployability intrinsically pairs with high interpretability. Sparse models trace
risk predictions directly back to recognizable academic milestones, making them transpar-
ent and actionable for educators. In our experiments, this transparency came with only
small losses in predictive accuracy when compared to the full ten-variable representation.
Ultimately, this study shows that prerequisite-based academic risk estimation does not nec-
essarily require maximal prerequisite detail; a carefully selected low-dimensional summary
can preserve much of the available signal.

Several limitations frame the scope of these findings:

e Dataset Specificity: The observed compressibility is tied directly to the analyzed
engineering courses and the specific institutional grading structure. The 20-year
span incorporates multiple cohorts, instructors, teaching styles, student backgrounds,
and pandemic-era instructional conditions, which increases heterogeneity but also
introduces unmodeled temporal variation.

*  External Validity: The empirical evidence comes from one Civil Engineering pro-
gram at a single institution and uses only prerequisite-derived academic records.
The observed compressibility should therefore be interpreted as a property of this
prerequisite-based dataset, not as a general property of academic risk prediction. Ex-
ternal validation across institutions, academic programs, grading systems, and richer
educational datasets is required before broader generalization.

*  Observational Scope: The analysis is strictly predictive, not causal. The models esti-
mate risk probabilities but do not identify the underlying causes of academic failure.

¢  Curricular Dependence: Informational redundancy likely depends on institutional
curriculum design, grading policies, and prerequisite sequencing, which vary signifi-
cantly across universities.

®  Metric Sensitivity: Class imbalance heavily skewed threshold-dependent metrics, iso-
lating the degradation primarily to balanced accuracy rather than probabilistic ranking.

*  Feature Restrictions: The feature space was deliberately restricted to prerequisite
academic records. Integrating behavioral, demographic, or high-frequency LMS data
could alter the observed compressibility dynamics and reveal non-redundant signals.

*  Withdrawal Outcomes: The university grade spreadsheet stores grades only for
completed course attempts and does not include withdrawal records or a withdrawal-
status field. Consequently, the analysis distinguishes approval from failure among
completed attempts, but it does not model course withdrawal as a separate aca-
demic outcome.

*  Assessment Aggregation: The institutional records provide final course grades only.
If Fluid Mechanics included group-project or peer-evaluation components in some
terms, those components are embedded in the official individual final grade and
cannot be separated from individual assessment components in the present data.

¢ Temporal and Enrollment Effects: The chronology-controlled robustness analysis
used first target attempts and prerequisite grades completed before those attempts, but
it does not fully model instructor changes, curriculum revisions, grading-policy shifts,
pandemic-era remote instruction, equivalent online-course completion, or unobserved
student-context differences over time.

Consequently, these findings document an empirical phenomenon rather than a uni-
versal law. Within this specific academic context, sparse prerequisite summaries capture
most of the measurable prerequisite-based predictive power, making broader prerequisite
representations only weakly incremental. Verifying whether this precise pattern of predic-
tive compressibility extends to different institutional environments, alternative grading
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systems, other academic programs, and broader multimodal datasets remains an important
avenue for future research.

6. Conclusions

This study analyzed academic risk prediction under nested information regimes using
prerequisite data from three Civil Engineering courses. The results demonstrate a clear
pattern of predictive compressibility within prerequisite-only records: severely reducing
the feature space preserves most of the measurable predictive signal. Transitioning from a
no-information baseline to a minimal, one-dimensional model (the average prerequisite
grade) drove the largest predictive gain. Subsequent feature additions provided rapidly
diminishing returns, revealing substantial structural redundancy within broader prerequi-
site representations.

Crucially, academic risk estimation remains feasible under severe data constraints.
Despite a 90% reduction in dimensionality, sparse logistic models retained between 98.0%
and 100.1% of the full-model ROC-AUC and maintained stable probabilistic calibration.
Chronology-controlled robustness checks using first target-course attempts showed that
the full representation produced only small practical gains over the one-dimensional
model, and nonlinear models did not overturn the early-saturation pattern. Institutions
lacking advanced learning analytics infrastructure or high-dimensional behavioral datasets
can therefore use low-dimensional academic summaries as transparent triage tools for
prioritizing advising, tutoring, and early monitoring, while recognizing that the moderate
ROC-AUC values do not support replacing richer diagnostic or advising processes.

Nevertheless, these findings document an empirical phenomenon tied to a specific
institutional context and a prerequisite-only feature space. The analysis remains strictly
predictive, uses final course grades rather than disaggregated assessment components,
excludes withdrawals because the university spreadsheet stores grades only for com-
pleted course attempts, and cannot fully isolate instructor, curriculum, group-assessment,
repeated-enrollment, online-modality, or pandemic-era effects. Threshold-dependent clas-
sification metrics were also highly sensitive to class imbalance in high-approval courses.
Future research must externally validate whether this specific pattern of predictive com-
pressibility extends across different universities, alternative grading policies, academic
programs, and broader multimodal datasets before it can be treated as a general property
of academic risk modeling.
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Appendix A

Table A1l summarizes several key aspects of the studies discussed in the Introduction
and the Literature Review section. For each study, information on the dataset employed,
the methodology adopted, and the algorithm used is provided. In addition, the main
findings and the principal strengths of each approach are highlighted. The following abbre-
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viations are used in the table: ADA /AdaBoost: Adaptive Boosting, ANN: Artificial Neural
Network, AODE: Aggregating One-Dependence Estimators, BART: Bayesian Additive
Regression Trees, BILSTM: Bidirectional Long Short-Term Memory, BN: Bayesian Network,
BPNN: Backpropagation Neural Network BRB: Belief Rule Base, CART: Classification and
Regression Tree CHIMI: A feature selection method combining Chi-square and Mutual

Information based on ranked vector scores, CNN: Convolutional Neural Network, Conv1D:

One-dimensional Convolutional Neural Network, CTGAN: Conditional Tabular Generative
Adpversarial Networks, DLBRB-i: Dual-level Progressive Classification Belief Rule Base, DT:
Decision Tree, FCN: Fully Convolutional Network, FFNN: Feedforward Neural Network,
GAFS: Genetic Algorithm based Feature Selection, GBM: Gradient Boosting Machine, GBR:
Gradient Boosting Regressor, GBT: Gradient Boosting Tree, GraphSMOTE: Graph-based
Synthetic Minority Over-sampling Technique for imbalanced node classification, IDBN:

Improved Deep Belief Network, InceptionTime: A deep learning architecture designed for

time-series classification using parallel convolutional pathways, J48: A Java implementation
of the C4.5 decision tree algorithm, KNN/k-NN: K-Nearest Neighbors, LightGBM: Light
Gradient Boosting Machine, LR: Logistic Regression, LSTM: Long Short-Term Memory,

MCNN: Multiscale Convolutional Neural Network that extracts features across different

time scales in parallel, MICHI: A feature selection method combining Mutual Information

and Chi-square algorithms based on ranked feature scores, MLP: Multilayer Perceptron

neural networks, NB: Naive Bayes Opt-MLP: Optimized Multilayer Perceptron (fine-tuned

learning parameters such as learning rate and momentum), PCA: Principal Component

Analysis, PCR: Principal Component Regression (regression analysis on extracted principal

components), PLR: Probabilistic Logistic Regression (quantifies uncertainty in model pa-
rameters and predictions), RF: Random Forest, RFBT-RF: Relief-F and Budget Tree Random
Forest, Rocket: A time-series classification algorithm used with multivariate centrality mea-
sures, SEPN: Sequential Engagement Based Prediction Network (CNN-LSTM architecture),
SMO: Sequential Minimal Optimization (used for training Support Vector Machines), SVM:
Support Vector Machine, TabDDPM: Tabular Denoising Diffusion Probabilistic Models,
TabDDPM-SMOTE: Extension of TabDDPM that includes SMOTE to handle class imbal-
ance, TimeCNN: A Convolutional Neural Network architecture specialized for compact

baseline time-series processing, TVAE: Tabular Variational Autoencoder,XGB / XGBoost:

Extreme Gradient Boosting.

Table Al. Summary of reviewed studies on academic performance prediction.

Ref. Year Dataset(s) Used Methodology or Key Findings Strength
Model
. . RFBT-RF with DT
Eglol\ﬁigrlraea%:S;;EHg Hybrid FS (RFBT-RF) achieved 97.88% Reduces dimensionality
[9] 2019 (Mzths /PZr tuguese) with DT, NB, SVM, accuracy on school and handles
and school rec%) rds KNN records and 88.60% on  uncertainty effectively.
UCI Maths
Survey data from Proposed CHIMI FS SCI;T:?C 1rrk1)pr;)i/§;/i ) Novel algorithm
[10] 2020 Cambodian high with KNN, Hybrid RF, Hvbri dyRF};eachgél validated on large
school: ADS and GDS4 IDBN y o artificial datasets.
99.98% accuracy
14 attributes for Random Forest Handles class
[11] 2020 9458 students from Misclassified instance achieved 94.7% imbalance and nois
RMS University in removal and SMOTE precision/recall after . y
. . . . instances.
Thailand cleaning training data
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Table A1. Cont.
Ref. Year Dataset(s) Used Methodology or Key Findings Strength
Model
Academic performance RF with GAFS achieved Overcomes local
[18] 2020 and 15 attributes of Genetic Algorithm FS 82.29% accuracy, ontima using GA
480 students from with RE, NB, DT, KNN  outperforming baseline P 5
global search.
Kaggle RF
surey doa om TP ytg i winichn Do
[2] 2020 Cambodian high predie Y &  dominant set achieved . . PP
Hybrid RF and MICHI o institutional
schools 99.98% accuracy . .
FS intervention.
Records of 151 students Shows that high
[15] 2021 at Al-Buraimi Undersampling and SMOTE yielded 91% accuracy does not
University College, SMOTE oversampling  average F-measure ensure minority-class
Oman detection.
SEPN using Engagement detector Captures sequential
[6] 2021 OULAD dataset CNN-LSTM improved recall by 6%  continuity and periodic
architecture and accuracy by 10% features in activities.
. Failing a single . .
2773 high-school . - A > Provides early warning
[28] 2022 students in an urban Multlley el logistic marking period in 8th indicators after one
L regression grade doubles . .
U.S. district . marking period.
non-graduation odds
FENN with E;;i‘;lggall ;;tojlbutes Uses simple and robust
[21] 2023 xAPI dataset variance-based feature oo teacher-extractable
. accuracy using four
selection features.
features
Moodle data from 517  Five-stage Probabilistic Week .6 was 'Opt%mal for Quantifies prediction
[26] 2023 students Logistic Regression early identification, uncertaint
& & with 92.81% accuracy Y
RF achieved 100% Validates results usin,
[5] 2023 Kalboard 360 and J48, NB, RF, and accuracy on Kalboard local and vublic &
GRIET datasets fine-tuned Opt-MLP 360 when behavioral d P
. atasets.
features were included
Decision Trees are . .
Systematic literature common due to Provides an overview
[1] 2024 N.A. . of popular models and
review accuracy and attributes
interpretability '
XGBoost yielded
XGBoost with SHAP 95.22% accuracy; SHAP Integrates Explainable
[12] 2024 OULAD, course CCC and SMOTE identified assessment Al
scores as key drivers
[16] 2024 48675 Universityof — ConviD versus Cc;;levjr? i?lceh;(?:lelzjnii " g:te;s:tlzﬁ;ﬁ@iame
Jordan records LSTM/BiLSTM g-mean .
prediction analysis.
) e Blswdemsiom  LURESIMNewal LS Kegmelon  Stow hatimple
UNEMI, Ecuador Networks & p

AUC-ROC of 0.9354

for educators.
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Table Al. Cont.

Ref. Year Dataset(s) Used ﬁ(e,tdl:idology or Key Findings Strength
Informatics Predicted high-risk Identifies students
[29] 2024 Engineering and Decision Trees with failure with 100% requiring additional
Information integrated data sources  accuracy on second suq ortg
Technology students tests pport:
.323 students and 10 Rocket and Forum network Captures the socially
instructors . structure did not
[3] 2024 e K-neighbours ) . regulated nature of
participating in time-series classifiers reliably inform SaR learnin,
discussion forums predictions &
Accuracy improved to Maintains
[31] 2024 356 students in C Dual-level Belief Rule 98.13% through a explainability and
programming Base second classification N T
layer diagnostic accuracy.
Accurate five-level Aggregates information
[4] 2024 Data from five campus  RE, XGBoost, and BP warnings through ﬁ_(g)ﬁn rﬁulti e
systems Neural Network holistic behavioral ;ront mutp
integration institutional systems.
9262 students from RF, XGBoost, LightGBM consistentl Integrates academic
& y g
[13] 2025 Surabaya State LightGBM, SVM, KNN, outperformed all other = and socioeconomic
University NB, LR models factors.
RF, SVM-RBE, XGBTree, . With RUS-ROS Uses rigorous
[14] 2025 4093 records from KNN. NB. ANN resampling achieved PERMANOVA
STIEM Bongaya S ! the best average score o .
AdaBoost of 0.948 statistical testing.
TabDDPM preserved .
TVAE, CTGAN, distributions best; Apphes. advanced
[17] 2025 OULAD, course CCC TabDDPM, generative models to
TabDDPM-SMOTE . .
TabDDPM-SMOTE optimized XGB data imputation.
Deep Learning has .
. . Systematic literature surged since 2017; Prov.ldes a robug tness
[20] 2025 161 reviewed studies y and interpretability
review transparency remains a .
checklist.
challenge
GBR achieved the Uses characterization
[30] 2025 1266 students in Chile %EIII{\,I R]}JI,{AdaBoost, highest performance, surveys to create risk
’ with R? = 0.6109 profiles.
6798 STEM students All models achieved First SHAP-based
[7] 2025 from the University of EIZI({;"F %Nﬁi?st AUC-ROC > 091 and application to SIS data
Sharjah ’ ! F1 > 0.84 in the MENA region.
Addresses
Stability-centric over-optimistic
[24] 2026 SEA dataset framework and Mean accuracy of 0.901 single-run bias through
and macro-F1 of 0.847
ensembles repeated
cross-validation.
Appendix B

Table A2 reports the chronology-controlled first-attempt cohorts reconstructed from

the raw long-format academic records.
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Table A2. Chronology-controlled first-attempt cohorts reconstructed from the raw long-format
academic records.

Course

Chronology-
Controlled Approved Failed Pass Rate
Students

Repeated Target
Enrollment

First Target
Students

Statics 4148 3704 2464 1240 0.665 1336 (32.2%)
Mechanics of Solids 3805 3484 2703 781 0.776 874 (23.0%)
Fluid Mechanics 3667 3314 2976 338 0.898 321 (8.8%)

Table A3 summarizes calibration and repeated-validation stability for the one-
dimensional logistic model.

Table A3. Calibration and repeated-validation stability of the one-dimensional logistic model.

Course Brier Slope Intercept ROC-AUC SD F1SD

Statics 0.205 1.01 —0.006 0.018 0.007
Mechanics of Solids 0.166 1.01 —0.016 0.021 0.002
Fluid Mechanics 0.089 1.02 —0.049 0.027 0.0004

Figure Al reports the marginal contribution of successive information regimes.
It is included as supplementary visual evidence because the same early-saturation
pattern is already summarized in the main text by Figure 3 and the corresponding
ROC-AUC differences.
Marginal information gain for logistic regression

Statics Mechanics of Solids Fluid Mechanics

0.175 A

0.150 -

o o
R
5 8
o w

Marginal ROC-AUC gain

o o
o o
2 2
o w

0.025 -

0.000 -

v}l @' @ I %“' © I 93" QJI @ I > I %"l @' vﬁl @ I o I Qf’l
S O o7 o7 a7 @7 7 o7 @7 @7 27 7

Figure A1. Marginal contribution of successive information regimes for logistic regression. The largest

gain occurs when moving from the no-information baseline to the one-dimensional prerequisite-

average model.
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