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Abstract

In adaptive learning environments, accurate prediction of learner performance is essential
for delivering personalized educational support. Logistic regression-based models such as
PFA, AFM, and DAS3H have demonstrated strong predictive capabilities; however, they
face two complementary limitations: high computational cost due to Q-matrix density
and a predictive accuracy ceiling inherent to their linear formulation. This study proposes
a hybrid algorithm that addresses both limitations simultaneously. The Fast E-learning
Recommendation (FER) method is first applied to reduce Q-matrix complexity by aggre-
gating all knowledge components associated with each item into a single combined skill.
From an algorithmic perspective, this transformation reduces training time complexity
from O(I x K) to O(I), where I is the number of items and K is the number of knowledge
components, yielding substantial computational savings while preserving the conjunctive
cognitive structure of the original Q-matrix. XGBoost is then integrated into the simpli-
fied models to enhance predictive performance by capturing non-linear relationships that
logistic regression cannot capture. The proposed hybrid framework is evaluated on four
real-world educational datasets. Experimental results demonstrate that the FER-XGBoost
approach achieves a favorable balance between computational efficiency and predictive
accuracy: in several configurations, it not only maintains but also slightly improves pre-
dictive performance while significantly reducing execution time compared to standard
baseline models.

Keywords: performance prediction; adaptive learning; algorithm design; computational
complexity; FER; XGBoost; DAS3H; PFA; AFM,; intelligent tutorial systems
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grams” of B. F. Skinner [1], represented one of the earliest attempts to integrate technology
into education. These early systems provided structured learning sequences but remained
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of adaptive eLearning platforms, as documented in recent evaluations of open-source adap-
tive learning platforms [7], underscores the increasing need for computationally efficient
and pedagogically coherent learner performance models capable of operating in real-time
educational environments.

The continuous interaction between learners and ITS generates large volumes of
educational data that can be leveraged to predict learner performance and optimize learning
trajectories. In this context, knowledge tracing and learner performance prediction have
become major research topics in educational data mining. Several statistical and machine
learning models have been widely adopted for this purpose, including Performance Factor
Analysis (PFA) [8], the Additive Factor Model (AFM) [9,10], the DAS3H model [11], Item
Response Theory (IRT) [12], and Bayesian Knowledge Tracing (BKT) [13]. Recent surveys
have provided comprehensive overviews of the evolution of these models [14,15]. Most
of these approaches rely on a binary representation known as the Q-matrix [16], which
maps each item to its associated knowledge components and serves as a fundamental
element for assessment and prediction tasks. However, as the number of skills and item—
skill associations increase, the Q-matrix becomes increasingly sparse, leading to higher
computational complexity and reduced processing efficiency.

Despite the strong predictive capabilities of existing models, two important limitations
remain insufficiently addressed. First, the increasing density and structural complexity of
the Q-matrix significantly affect training time and computational efficiency, particularly in
large-scale and real-time ITS environments. Second, traditional logistic regression-based
models such as PFA, AFM, and DAS3H are inherently limited in their ability to capture com-
plex non-linear relationships within learner interaction data. Consequently, most existing
studies have focused either on improving predictive accuracy or reducing computational
cost, while few approaches effectively address both challenges simultaneously.

To overcome these limitations, this study proposes a hybrid framework that combines
structural simplification with ensemble machine learning techniques in order to jointly
improve computational efficiency and predictive performance. The proposed approach
builds upon two complementary contributions. First, the Fast E-learning Recommendation
(FER) method [17] simplifies the Q-matrix by grouping the knowledge components of
each item into a single combined skill, reducing matrix density and computational cost.
Second, XGBoost [18], a powerful gradient boosting algorithm, is integrated with classical
learner modeling approaches such as PFA, AFM, and DAS3H in order to capture non-linear
interaction patterns that cannot be effectively modeled using standard logistic regression.
In the proposed framework, FER is applied upstream to simplify the Q-matrix structure,
while XGBoost is employed downstream to enhance predictive capability.

The proposed hybrid approach is evaluated using several real-world educational
datasets collected from different intelligent tutoring systems. Experimental results demon-
strate that the proposed framework achieves a favorable trade-off between predictive accu-
racy and computational efficiency. More specifically, the approach significantly reduces
execution time while maintaining, and in some cases improving, predictive performance
compared with baseline models. These findings highlight the potential of combining struc-
tural optimization techniques with modern machine learning algorithms for scalable and
efficient learner modeling in intelligent tutoring systems.

Unlike approaches that introduce new learner modeling paradigms, the objective of
this work is to enhance existing and widely adopted logistic regression-based models (PFA,
AFM, and DAS3H) through a hybrid framework. The proposed FER-XGBoost framework
combines FER-based Q-matrix simplification and XGBoost-based predictive enhancement
to jointly address two practical challenges in adaptive learning systems: computational
efficiency and predictive performance. Therefore, the contribution of this study lies in the
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design and evaluation of a hybrid enhancement framework rather than in the proposal of a
fundamentally new learner modeling algorithm.
The main contributions of this work are summarized as follows:

e The design of a hybrid enhancement framework combining FER-based Q-matrix
simplification and XGBoost-based predictive enhancement for existing learner perfor-
mance models (PFA, AFM, and DAS3H);

e A formal complexity analysis of the FER transformation and its impact on reducing
the computational cost of Q-matrix-based models;

e An empirical evaluation on four benchmark educational datasets demonstrating
the effectiveness of the proposed framework in balancing execution speed and
predictive accuracy.

The remainder of this paper is organized as follows. Section 2 reviews related work
on learner performance prediction and knowledge tracing models. Section 3 presents the
proposed hybrid framework and the FER-based simplification strategy. Section 4 presents
and discusses the obtained results, and Section 5 concludes the paper and outlines future
research directions.

2. Related Work
2.1. Interpretable Performance Prediction Models in E-Learning: PFA, AFM, and DAS3H

Learner performance modeling plays a crucial role in intelligent educational systems,
enabling platforms to monitor student progress, identify knowledge gaps, and adapt
instructional strategies [19]. In educational data mining, interpretable models such as
logistic regression and rule-based approaches are particularly valued for their transparency,
allowing educators to better understand and trust model predictions [20,21]. Recent studies
have also investigated neural and attention-based knowledge tracing architectures to
enhance long-term modeling of learner states [22,23].

Performance Factor Analysis (PFA) [8] is a logistic regression-based model that explicitly
accounts for a learner’s history of successes and failures per skill. For each knowledge
component k, three parameters are defined: Bj (the difficulty of skill k), and '7{: (the learning
gain associated with successful attempts on skill k). Given a target item j associated with the
set of knowledge components K(j), the probability that student i answers item j correctly
is formulated as:

pij = ‘T(Zkek(j) (ﬁk +7 T + ’)’{ le;i)) 1)

where Tf-k and Tij; denote, respectively, the cumulative number of successful and failed
attempts by student i on skill k prior to the current attempt, and o is the logistic function.
PFA has demonstrated competitive predictive performance compared to more complex
models, particularly when appropriate tuning strategies are applied [24,25].

The Additive Factor Model (AFM) [9,10] simplifies this framework by assuming a single
learning rate per skill, without distinguishing between successes and failures. For each
knowledge component k, two parameters are defined: B (the difficulty of skill k) and v,
(the learning rate associated with practice on skill k). The probability that student i answers
item j correctly is modeled as:

psij = o(as + ZkeK(]‘) Bx + vk Nix) 2)

where Nj; denotes the cumulative number of practice opportunities (i.e., prior attempts,
regardless of outcome) that student i has had on skill k, as represents the baseline proficiency
(or initial mastery level) of learner s, K(j) is the set of knowledge components associated
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with item j, and o (-) is the logistic function defined above. Despite its simplicity, AFM has
shown robustness and generalizability across diverse learner datasets [26].

DAS3H [11] extends these frameworks by incorporating temporal dynamics through a
multiscale decay scheme that models both learning and forgetting effects:

Psjt = 0(“5 0 + ):('Yli log Tgy + 'Yl]: log TsJ;d)) 3)
k

where a; is student ability, J; is item difficulty of item j, and 7} and 7{ are the learning-

gain parameters associated with successful and failed attempts on skill k, respectively.

f
The terms Tg,, Ty
k, aggregated over a set of predefined time windows (multiscale decay) up to time t;

represent the counts of successes and failures of student j on skill

the logarithmic transformation log(1 + -) attenuates the influence of older interactions,
thereby implementing the forgetting component of the model. o (-) is the logistic function
defined above. DAS3H has shown superior AUC performance on large-scale benchmarks,
confirming its scalability and effectiveness in time-aware learning scenarios [11].

Despite their individual strengths, PFA, AFM, and DAS3H share two fundamental
limitations that prior work has not jointly addressed. First, their logistic regression formu-
lation imposes a linear predictive ceiling: all three models compute the probability of a
correct response as a sigmoid of a weighted sum, which prevents them from capturing
higher-order interactions between learner history, item difficulty, and skill mastery [18].
Second, these models rely directly on the raw Q-matrix structure, meaning that as the
number of knowledge components associated with items increases, the computational
cost of feature construction scales as O(I x K), rendering them increasingly impractical in
large-scale or real-time ITS environments.

Hybrid approaches that integrate ensemble methods such as XGBoost with classical
models [18,27] have addressed the first limitation, but none has simultaneously tackled the
structural complexity of the Q-matrix. The present work fills this gap by combining FER-
based Q-matrix simplification with XGBoost integration in a single two-stage framework.
Table 1 provides a comparative summary of their main characteristics.

Table 1. Comparison of PFA, AFM, and DAS3H Models.

Aspect PFA AFM DAS3H
Performance Factors Item Difficulty, Student
Name nalvsi Additive Factor Model Ability, Skill, and Student
alysis Skill Practice History
- . - . Logistic Regression-based
Type Logistic Regression-based = Logistic Regression-based

with temporal features

Main Components

Skill difficulty, prior
successes & failures

Skill difficulty, total
practice count

Student ability, item
difficulty, skill practice
history over time

Accounts for
Successes/Failures

Yes

No (aggregated practice
only)

Yes

Handles Time/Decay

No

No

Yes (multi-scale temporal
decay)
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Table 1. Cont.
Aspect PFA AFM DAS3H
Student Ability Modeling  No No Yes
Item Difficulty Modeling No Optional Yes
Interpretability High High High
- . . High (with added
Scalability High High complexity)
Scenarios requiring
Early modeling of Simple practice-based time-aware modeling and
Use Cases . . .~ .
skill-level learning prediction long-term learning
dynamics

2.2. Gradient Boosting Techniques for Model Enhancement in Learning Analytics

Over the past few years, boosting techniques have gained significant attention in
the field of educational data mining due to their strong predictive capabilities. Unlike
traditional approaches that rely on manually engineered features, these methods iteratively
improve performance by focusing on difficult-to-predict instances. Their ensemble-based
structure, robustness to overfitting, and ability to model complex data (noisy, sparse, or
high-dimensional) make them particularly suitable for analyzing learner interaction data.
Recent studies have demonstrated that integrating ensemble learning techniques such
as Random Forest, AdaBoost, and XGBoost with classical Knowledge Tracing models,
including PFA, can substantially improve learner performance prediction accuracy across
multiple educational datasets [27]. This effectiveness of hybrid machine learning archi-
tectures in ITS settings has been further confirmed by recent work demonstrating that
combining unsupervised techniques such as PCA-based dimensionality reduction and
K-Means clustering with supervised classifiers significantly improves student performance
prediction across multiple educational datasets [28].

Gradient boosting decision tree (GBDT) algorithms have become one of the most
effective ensemble learning approaches for classification and regression tasks. Among the
most widely adopted implementations are XGBoost [29] and LightGBM [30], both of which
construct an ensemble of decision trees sequentially to minimize a regularized objective
function. The general objective function of gradient boosting is defined as:

The Extreme Gradient Boosting (XGBoost) algorithm [29] stands out as an efficient im-
plementation of gradient boosting, sequentially constructing trees to minimize a regularized
loss function. The objective function is described in the following way:

K

I(yi, 7)) + Y Qfk) (4)

k=1

1=

L(d) =

1

I
—

where:

o I(y;, ¥;) is a differentiable loss function;
e  fi represents each regression tree in the ensemble;

e Q(fe) =1T+ M w || is a regularization term controlling model complexity, with
T being the number of leaves and w the leaf weights.
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Both XGBoost and LightGBM optimize this objective using second-order gradient
information. However, they differ in their tree construction strategies. XGBoost grows
trees level by level, producing balanced trees that often improve generalization, whereas
LightGBM adopts a leaf-wise growth strategy with depth constraints and histogram-based
split finding, resulting in faster training and lower memory consumption, particularly
on large-scale and sparse datasets. These complementary characteristics make both algo-
rithms well suited for learner performance prediction tasks involving high-dimensional
educational data.

In our previous work [18], we investigated the incorporation of XGBoost to enhance
classical logistic regression-based models such as PFA, AFM, and DAS3H. Rather than
replacing these interpretable models, XGBoost was employed as a complementary learning
layer to capture complex non-linear interactions that cannot be effectively modeled by
logistic regression alone. Experimental results demonstrated consistent improvements in
predictive performance across multiple educational datasets while preserving the inter-
pretability of the underlying learner models (Figure 1).
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Figure 1. XGBoost learner performance prediction framework.

In the present study, we extend this investigation by additionally evaluating LightGBM
as an alternative gradient boosting framework. This comparison aims to determine whether
the predictive improvements observed with XGBoost are specific to its boosting strategy or
can be generalized to another state-of-the-art gradient boosting algorithm. Furthermore,
comparing XGBoost and LightGBM enables us to analyze the trade-off between predictive
performance and computational efficiency across different boosting implementations.

Table 2 Summary of Gradient Boosting Integration to the improvement of clas-
sical models in our framework, highlighting feature design, calibration strategy, and
observed improvements.
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Table 2. Summary of Gradient Boosting Integration for Model Enhancement in Learning Analytics.

Aspect XGBoost LightGBM

Base Models Enhanced PFA, AFM, DAS3H PFA, AFM, DAS3H
Tree growth Level-wise Leaf-wise

Split strategy Exact/Approximate Histogram-based
Sparse data Good Excellent

Training speed Moderate Faster

Main advantage

High accuracy with lower

High predictive accuracy computational cost

Type of Features Used

learner interaction data: history of successes and failures, time, and skill

Main Contribution

Integration of XGBoost/LightGBM to enhance predictive performance while
preserving the structure of interpretable models

Justification for Use

addresses the inability of baseline models to fully capture non-linear
relationships and interactions without affecting interpretability.

2.3. Deep and Attention-Based Knowledge Tracing Models: From DKT to
Transformer Architectures

The limitations of logistic regression-based models motivated the development of
deep learning approaches to knowledge tracing, beginning with Deep Knowledge Trac-
ing (DKT) [31], which applies Long Short-Term Memory (LSTM) networks to model the
temporal evolution of learner knowledge states. DKT demonstrated significant AUC
improvements over BKT and PFA on standard benchmarks, but at the cost of inter-
pretability: the latent knowledge state is not directly mappable to individual skills or
pedagogical constructs.

Dynamic Key-Value Memory Networks (DKVMN) [32] extended this line of work by
introducing an explicit memory structure that stores and updates skill-level knowledge
representations. While more interpretable than DKT, DKVMN still requires a predefined
number of latent concepts and does not naturally accommodate the Q-matrix encoding
used in PFA, AFM, or DAS3H.

Self-Attentive Knowledge Tracing (SAKT) [33] introduced the first self-attention mech-
anism for knowledge tracing, computing relevance weights between past interactions
and the current question. Subsequent models Attentive Knowledge Tracing (AKT) [34]
and SAINT [35], further refined this approach by incorporating monotonic attention and
encoder-decoder architectures respectively, achieving state-of-the-art performance on sev-
eral benchmarks. Graph-based models such as GKT [36] explicitly model the dependency
structure between knowledge concepts, offering a complementary perspective.

Despite these advances, deep and transformer-based KT models present several limi-
tations in the context of our problem setting. First, they require large volumes of interaction
data to train reliably, a constraint that may not be satisfied in small or sparse educational
datasets. Second, their black-box nature conflicts with the interpretability requirements of
adaptive learning systems, where educators need to understand and trust model decisions.
Third, and most critically for our work, these architectures are not designed to exploit
the Q-matrix structure directly: they either bypass it entirely (DKT, DKVMN) or treat it
as a simple input embedding (SAKT, AKT), and none of them addresses the O(I x K)
computational bottleneck that Q-matrix density introduces in classical models. The hybrid
FER-XGBoost approach proposed in this study is therefore positioned as a complement to
this family of models: it preserves the pedagogical transparency and Q-matrix grounding
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of PFA/AFM/DAS3H while closing the gap in predictive performance through gradient
boosting, without the data hunger and opacity of deep architectures.

2.4. Complexity Reduction in Knowledge Tracing Models Using Q-Matrix Simplification (FER)

A major challenge in learning analytics is the computational cost induced by the
Q-matrix [16], which encodes item-skill relationships and becomes denser as the number of
associated skills increases, leading to higher computational costs, particularly in large-scale
or real-time environments [37].

To address this, the Fast E-learning Recommendation (FER) approach simplifies the
Q-matrix by grouping all skills associated with a given item into a single combined skill,
thereby reducing item-skill associations and accelerating model training and inference [17].

Unlike traditional dimensionality reduction techniques such as feature hashing or
matrix factorization [37], FER operates directly on the knowledge representation level
and preserves the conjunctive cognitive structure of items: a learner who masters the
combined skill is assumed to have practiced the full original set of knowledge components.
However, this transformation does not preserve individual skill-level diagnostic resolution
the fine-grained per-skill mastery history is replaced by a single aggregated signal. This is
a known and bounded limitation of the approach [17]: in datasets where individual skill
trajectories carry high discriminative value (e.g., datasets without temporal information,
or with high skill diversity), a modest AUC degradation may occur. This trade-off is
partially recoverable through the XGBoost stage of the pipeline, as demonstrated in the
results. By reducing the structural burden of the Q-matrix, FER enables classical models to
scale more efficiently while maintaining comparable predictive performance. Experimental
results have demonstrated that this approach significantly improves execution time without
substantial loss in accuracy, making it particularly suitable for adaptive learning systems
requiring both responsiveness and reliability [17].

The FER transformation operates in two stages. In the first stage, the original Q-matrix
Q <o, 1}I*K encodes the relationship between items and knowledge components: an
entry q;; = 1 indicates that item i requires skill k, and its complexity is measured by the
total number of such associations, Complexity(Q) = Y"; Y (gik - As the number of multi-
skill items grows, this density directly translates into higher computational costs during
model training. In the second stage, FER reduces this complexity by grouping all skills
associated with a given item into a single combined skill ¢; = ky Aka A - -+ Aky,, yielding a
transformed matrix Q' where each item maps to exactly one component. As a result, the
average number of knowledge components per item drops to 1, regardless of the original
skill density.

Algorithmic complexity analysis. Let I denote the number of items and K the number

of knowledge components. The original Q-matrix Q € {0,1}"*¥

incurs a training complex-
ity of O(I x K) for feature construction, since each item is associated with up to K skills.
After FER transformation, the resulting matrix Q' €{0, 1}1*1 reduces this complexity to
O(I), as each item maps to exactly one combined skill. Consequently, the FER algorithm
achieves a complexity reduction factor of K which, for datasets such as Algebra05 (K = 112)
and Bridge-Algebra(06 (K = 493), represents a significant theoretical gain, consistent with
the empirical time reductions observed experimentally.

This transformation does not discard pedagogical information: the combined skill ¢;

encapsulates the conjunction of the original skills, so a learner who masters ¢; is assumed
to have acquired the full set {kl, ko, ..., kn]. } Crucially, because many items in real-world
datasets share the same skill combinations, the redundancy present in the data mitigates
the loss of individual skill granularity. The complete pipeline of this approach from raw
Q-matrix to the simplified sparse learning matrix fed into the FER-DAS3H, FER-PFA, and
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Items

FER-AFM models is illustrated in Figure 2, which shows how knowledge component
combination and data encoding work together to reduce computational overhead while
preserving the adaptive learning capability of the system.
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Figure 2. FER-MODEL Learner performance prediction framework.

2.5. Hybrid Approach Combining XGBoost and Q-Matrix Optimization Technigues for
Adaptive Learning

Building on the strengths and limitations of interpretable models such as PFA, AFM,
and DAS3H, as well as the performance gains achieved by integrating XGBoost, we propose
a hybrid approach that simultaneously addresses predictive accuracy and computational
efficiency in adaptive learning environments. This approach combines two complementary
strategies: XGBoost enhances logistic regression-based models by capturing non-linear
interactions among features, improving predictive performance beyond what interpretable
models can achieve alone, while the Q-matrix simplification introduced in Section 2.4
reduces computational cost without significantly sacrificing interpretability. Together, these
strategies offer a balanced solution: XGBoost contributes predictive power, while Q-matrix
simplification ensures computational efficiency.

The hybrid framework was empirically evaluated on multiple real-world educational
datasets. The results show that this combination not only improves predictive performance
metrics (AUC, accuracy) compared to classical models, but also significantly reduces
execution time. Importantly, the gains in speed are achieved without compromising
interpretability, making the approach suitable for practical adaptive learning systems
where both reliability and responsiveness are crucial.

Integration with XGBoost (Global Equation)

The integration logic follows a sequential two-stage architecture. In the first stage,
the FER transformation is applied to the Q-matrix to produce the simplified feature rep-
resentation ¢rer(x). This compressed feature space preserves the essential item—skill
associations while substantially reducing matrix density, thereby lowering the compu-
tational burden of the downstream models PFA, AFM, and DAS3H. The logistic base
P(y =1|x) = c(WL¢pppr(x)) then provides an interpretable, linear estimate of the proba-
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bility that a learner answers an item correctly, grounded in the pedagogical structure of
the Q-matrix.

In the second stage, XGBoost is applied to the same FER-transformed features as a
complementary predictive layer. XGBoost constructs an ensemble of Tboosted decision
trees, where each tree f; € F is fitted sequentially on the residuals of the previous model,
progressively correcting prediction errors. The aggregate score 2; = YL ; fi(x;) captures
non-linear interactions between student history, item difficulty, and skill mastery that
lie beyond the reach of logistic regression. The final hybrid prediction P(y = 1 | x) =
c(WLrer(x) + XL fi(x;)) thus combines interpretability with predictive power: the
linear term provides a pedagogically grounded baseline, while the XGBoost term corrects
systematic biases in a data-driven fashion. The full data flow of this pipeline includes
ITS log data through data preparation, sparse matrix construction, feature encoding, and
model evaluation.

It should be noted that the experimental evaluation presented in Section 4 is inten-
tionally scoped to the logistic regression-based model family (PFA, AFM, DAS3H), as
FER-XGBoost is specifically designed to enhance this class of models. A comparison with
deep knowledge tracing models such as DKT, DKVMN, SAKT, AKT, and SAINT constitutes
a natural and planned extension of this work, as discussed in Section 5.

3. Methodology
3.1. Datasets

To assess the effectiveness and generalizability of the proposed hybrid approach, we
performed experiments on four widely used real-world educational datasets, each provid-
ing diverse learning contexts and interaction patterns: Algebra(05, Bridge to Algebra06,
Assistments 2009, and Assistments 2017 (Table 3).

Table 3. Datasets characteristics.

Dataset Learners Items Skills(KCs) Interactions Timestamps  KCs per Item
Algebra05 574 173,113 112 606,983 Yes 1.363

Bridge-

Algebra06 1146 129,263 493 1,817,393 Yes 1.014
Assist09 3241 17,709 124 278,336 No 1.197
Assist17 1708 3162 102 934,638 Yes 1.225

Algebra05: The Algebra 2005 dataset is part of the KDD Cup 2010 collection [38]. It
involves interactions between students and an intelligent tutoring system for high school
algebra. It contains logs of problem-solving steps, timestamps, problem identifiers, and
correction labels. It is extensively used to evaluate models that predict student performance
across time.

Bridge to Algebra06: The Bridge to Algebra 2006 dataset is another KDD Cup
2010 dataset, targeting secondary school students working with a program designed
to prepare them for algebra [38]. It includes student responses, skill labels, and tempo-
ral information, providing a valuable input for sequential modeling and performance
prediction assignments.

Assistments 2009: The ASSISTments 2009 dataset is a log of student interactions with
the ASSISTments online tutoring platform [39]. It includes anonymous student IDs, item
IDs, skill labels, timestamps, and response accuracy. It allows researchers to build models
of skill mastery and learning progression.
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Assistments 2017: The ASSISTments 2017 dataset is a newer, structured version of the
ASSISTments logs [40]. It is cleaned and curated for research use, including fields such as
user ID, skill ID, problem ID, timestamp and binary correction. It is often used to assess
deep learning and ensemble models in educational contexts, due to its size and coherence.

3.2. Experiment
3.2.1. Preprocessing

Data preprocessing is a crucial step to ensure the quality and relevance of the obtained
results. The preprocessing pipeline was applied consistently across all four datasets and
comprised four sequential stages, as summarized in Table 4.

Stage 1 Removal of records with missing skill tags. Interactions without an associated
knowledge component label were systematically discarded, as skill information is required
by all three base models (PFA, AFM, DAS3H).

Stage 2 Exclusion of learners with insufficient interaction history. Learners with fewer
than 10 interactions in total were excluded from the analysis, as such short sequences do not
provide sufficient evidence for reliable skill mastery estimation. This threshold is consistent
with standard practice in the knowledge tracing literature [11,40].

Stage 3 Filtering of inconsistent or duplicate records. Records were flagged as inconsistent
when they contained response values outside the binary set {0, 1}, or when the same learner—
item—timestamp triplet appeared more than once. All such records were removed prior to
model training.

Stage 4 Chronological sorting. Remaining interactions were sorted by learner identifier
and timestamp to preserve the sequential structure of learning histories, which is required
by the temporal features of DAS3H (sliding time-window counters).

Table 4. Summary of preprocessing attrition across the four datasets.

Learners < 10 Duplicat NaN Total

Dataset Initial Size Interactions uplicates Skill_Id ota Final Size % Removed
Removed Removed

Excluded Removed
Algebra05 809,694 0 0 202,711 202,711 606,983 25.04%
Bridge- 3,679,199 0 0 1,861,806 1,861,806 1,817,393 50.60%
Algebra06
Assist09 528,428 4976 17,879 66,326 250,092 278,336 47.33%
Assist17 942,816 1 8176 1 8178 934,638 0.87%

Once this stage is completed, the construction of the Q-matrix is carried out. This
matrix formalizes the relationship between items (questions) and the associated skills in
the form of a binary structure. To reduce computational complexity, a simplification step
is applied, grouping certain skills associated with the same item into a combined skill.
This transformation decreases the density of the matrix while preserving the pedagogical
coherence and interpretability of the item—skill relationships.

Finally, feature encoding was performed using one-hot encoding to represent learner,
item, and skill identifiers. Derived variables such as the cumulative number of successes
or failures per skill and sliding time-window counters were computed after sorting and
integrated depending on the model: PFA and DAS3H use per-skill success/failure counts,
AFM uses the total practice count per skill, and DAS3H additionally requires time-stamped
window-based counters.
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3.2.2. Proposed Hybrid Approach

The proposed approach is based on a hybrid architecture combining two complemen-
tary contributions: on the one hand, a simplification of the Q-matrix to reduce computa-
tional complexity, and on the other hand, the integration of the gradient boosting model
XGBoost to enhance predictive capacity. This design simultaneously increases efficiency
by reducing the structural burden of the item-skill representation and improves predic-
tion accuracy through XGBoost’s ability to capture complex, non-linear relationships in
learner data.

The first component of the approach consists of transforming the Q-matrix by as-
sociating each item with a single aggregated skill. This operation significantly reduces
the density of the matrix and, consequently, the computational cost of classical models
such as PFA, AFM, and DAS3H, while preserving the cognitive structure essential for
pedagogical interpretation.

The second component involves integrating XGBoost as a complementary predictive
engine. Unlike traditional linear logistic models, XGBoost relies on boosted decision trees
capable of capturing non-linear interactions between variables. The use of this model
therefore enhances prediction accuracy by exploiting the complexity of the learning data. In
practice, XGBoost is applied alongside PFA, AFM, and DAS3H models in order to benefit
both from the efficiency gained through Q-matrix simplification and from the predictive
robustness of an ensemble algorithm.

This hybridization thus meets a dual requirement: reducing model execution time
while maximizing predictive performance. In other words, Q-matrix simplification makes
the models applicable in near real-time contexts, while XGBoost acts as a performance
amplifier on already preprocessed and optimized data. The complete hybrid algorithm is
formalized in Algorithm 1.

Algorithm 1: FER-XGBoost Hybrid Training Procedure

Input: Raw interaction logs L, Q-matrix Q, number of boosting iterations T
Output: Trained hybrid model H

1. Preprocess L: remove missing values, sort by learner and timestamp

2. FER Transformation: For each item i € I, group all associated skills {ky,kz, ... k;}
into combined skill ¢; = ky Ako A - - Ak, — produce Q/

3. Encode features ¢ppr(x) using Q' (one-hot encoding of learner, item, combined
skill)

4.  Base model training: Fit logistic model P(y =1 | x) = 0(WL¢rgr(x)) on training
set

5. XGBoost training: For t =1 to T do: fit tree f; on residuals of previous ensemble

6. Combine: y = O'(WL(PFER(X) + Z?:l ft(xl-))
Return H =3{WL,J1,---, /T

Figure 3 below provides a comprehensive visual representation of the complete FER-
XGBoost pipeline, illustrating the sequential data flow from raw interaction logs to the final
hybrid prediction model. The framework unfolds across six interdependent stages.

In the first stage, raw interaction data collected from ITS logs comprising learner
identifiers, item identifiers, skill labels, binary responses, and timestamps constitute the
input to the system.
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Figure 3. FER-XGBoost MODEL Learner performance prediction framework.
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The second stage encompasses data preprocessing and feature encoding: missing
values and inconsistent records are removed, interactions are sorted chronologically by
learner, and the resulting cleaned data are encoded via one-hot representations of learner,
item, and skill identifiers, supplemented by derived variables such as cumulative success
and failure counts per skill.

In the third stage, the FER transformation is applied to the original Q-matrix, ag-
gregating all knowledge components associated with each item into a single combined
skill, thereby producing a structurally simplified matrix Q' that substantially reduces
computational overhead while preserving pedagogical coherence.

This simplified representation is then fed into the fourth stage, where classical logistic
regression-based models PFA, AFM, and DAS3H are trained to produce an interpretable
linear estimate of the probability of a correct learner response, denoted p“logit.

In the fifth stage, XGBoost is applied as a complementary predictive layer, receiving
both the logistic model predictions and the FER-encoded feature space as input, and con-
structing a sequential ensemble of boosted decision trees to capture non-linear interaction
patterns that lie beyond the reach of logistic formulations.

Finally, the sixth stage yields the FER-XGBoost model, whose output ﬁfer+ xgb Tepre-
sents the optimized probability of a correct response, combining the interpretability of the
logistic baseline with the predictive power of gradient boosting. This end-to-end architec-
ture ensures that computational efficiency and predictive accuracy are jointly addressed at
each stage of the pipeline.

3.2.3. Evaluation Methodology

The proposed models were evaluated using a 5-fold cross-validation at the student
level, following the protocol established in prior work on learner performance predic-
tion [11,17,18]. The learner population in each dataset was partitioned into 5 disjoint
subsets based on learner identifiers. In each fold, 4 subsets were used for training and
the remaining subset for testing. Crucially, this student-level partitioning ensures that all
interactions belonging to a given learner are assigned exclusively to either the training
set or the test set, with no overlap between the two. This design explicitly prevents data
leakage: unlike random interaction-level splitting which can allow future interactions of a
learner to appear in the training set while earlier ones are used for evaluation student-level
cross-validation respects the sequential and personalized nature of learner interaction data.
The reported AUC, ACC, and execution time (TE) values represent averages computed
across the 5 folds, and this protocol was applied consistently to all model configurations
and datasets.

The XGBoost model was implemented using the XGBoost library in Python with the
following hyperparameter configuration, consistent with the validated setup reported in
our prior work [18]. The ensemble comprises 1000 boosted decision trees, which provides
sufficient capacity to reduce training bias without inducing overfitting. A learning rate of
0.1 (shrinkage) was applied to improve generalization by scaling the contribution of each
tree, at the cost of moderately increased training time. An L2 regularization parameter of
reg-lambda = 1.0 was used to penalize large leaf weights, controlling model complexity and
reducing variance on unseen learner data. No early stopping criterion was applied, as this
combination of iteration count and regularization was found to yield stable convergence
across all datasets. All remaining hyperparameters were set to their XGBoost library
default values: maximum tree depth (max_depth = 6), subsample ratio of training instances
(subsample = 1.0), subsample ratio of columns per tree (colsample_bytree = 1.0), minimum
sum of instance weight required in a child node (min_child_weight = 1), and minimum
loss reduction required for a further partition (gamma = 0). A fixed random seed of 42
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was used throughout the training process to ensure the reproducibility of the experimental
results. This initialization guarantees consistent model training across repeated executions
while maintaining the stability of the reported metrics throughout the 5-fold student-level
cross-validation described above. The optimal configuration was identified through the
5-fold student-level cross-validation protocol described above, and all reported metrics
correspond to this best-selected configuration.

All experiments were conducted on a Windows 11 machine equipped with 16 GB of
RAM and an Intel Core i7 11th-generation processor, without GPU acceleration. Models
were implemented in Python 3.11.4 using scikit-learn for logistic regression and the XGBoost
Python library for the gradient boosting stage. Reported execution times were obtained
under single-threaded execution conditions.

To evaluate both the predictive capability and the efficiency of the proposed models,
three evaluation measures were considered: the area under the ROC curve (AUC), accuracy
(ACC), and execution time in seconds (TE).

e AUC measures the model’s ability to discriminate between correct and incorrect
responses and provides a threshold-independent assessment of classification perfor-
mance. A higher AUC value indicates better discrimination ability.

e  Accuracy (ACC), expressed as the proportion of correct predictions relative to the total
number of predictions, provides an intuitive measure of the overall correctness of
the model.

e  Root Mean Squared Error (RMSE) quantifies the average magnitude of the difference
between predicted probabilities and actual binary outcomes. Unlike AUC and ACC,
which assess discrimination or classification correctness, RMSE provides a measure of
the calibration and precision of the predicted probabilities themselves. A lower RMSE
value indicates predictions that are closer to the true outcomes.

e  Negative Log-Likelihood (NLL) evaluates the quality of the predicted probability dis-
tribution by penalizing confident but incorrect predictions more heavily than uncertain
ones. As a proper scoring rule, NLL provides a complementary, probability-sensitive
measure of model performance. A lower NLL value indicates better-calibrated and
more reliable probabilistic predictions.

e  Execution time (TE), expressed in seconds, refers specifically to the duration of the
model training stage (i.e., the fit operation), measured from the start to the end
of the model’s parameter estimation on the training set for a given fold. It does
not include data loading, preprocessing, feature generation (including FER-based
Q-matrix simplification), or inference on the test set, which are common across all
configurations and datasets and are therefore not included in the comparative timing
analysis. This metric is particularly important in real-time applications, where system
responsiveness is as critical as predictive accuracy.

These measures were computed on a test set selected for each dataset to ensure a
fair comparison between the baseline models and the proposed approach. The evaluation
was carried out on several real-world datasets from various intelligent tutoring systems.
This diversity ensures the generalization of the results and makes it possible to verify the
consistency of the approach in terms of both predictive performance and computational
efficiency across different pedagogical and disciplinary contexts.

It should be noted that the experimental comparison presented in this study is inten-
tionally scoped to the logistic regression-based model family (PFA, AFM, DAS3H) and
their FER and XGBoost variants. This design choice reflects the core contribution of the
work: demonstrating that Q-matrix structural simplification (FER) combined with gradient
boosting (XGBoost) yields a favorable trade-off between computational efficiency and pre-
dictive accuracy within this specific model family. Comparison with tree-based ensemble
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alternatives such as Random Forest, LightGBM, or CatBoost would constitute a separate
experimental contribution beyond the scope of the present study. Comparison with deep
and attention-based knowledge tracing models such as DKT or AKT is architecturally
incompatible with the FER transformation, which operates specifically on the discrete
item-skill structure of the Q-matrix a structure that neural KT models either bypass entirely
or flatten into dense embeddings. Furthermore, prior empirical work has demonstrated
that logistic regression with well-engineered features achieves performance comparable to
DKT on standard benchmarks [40], confirming the competitiveness of the baseline models
used in this study.

4. Results & Discussion

The following Tables 5-8 provide a comparative assessment of the basic models and
their improved versions using the proposed hybrid approach, evaluated on all datasets
according to the AUC and Accuracy measures.

All evaluation tables (Tables 5-8) report mean + standard deviation across the
5 student-level cross-validation folds, providing a direct indication of the stability of each
model configuration. The standard deviations remain consistently small across all datasets
and model families (typically below 0.01 AUC, e.g., DAS3H-LR on Bridge-Algebra06:
0.790 £ 0.0015; PFA-XGBoost-FER on Assist17: 0.662 £ 0.0037), indicating that the reported
performance estimates are stable and not driven by fold-specific variability.

Table 5. Algebra05 evaluation results (mean =+ standard deviation across 5 cross-validation folds).

Algebra05 ACC AUC RMSE NLL TE
DAS3H-LR 0.817 + 0.0056 0.826 £ 0.0029 0.3626 £ 0.0047  0.4128 £ 0.0087 36.00
DAS3H-LR-FER 0.816 =+ 0.0059 0.829 =+ 0.0028 0.3606 =+ 0.0044 0.4093 =+ 0.0081 12.07
DAS3H-XGBoost 0.812 £ 0.0072 0.822 £ 0.0041 0.3668 £+ 0.0056  0.4219 + 0.0103 127.2
DAS3H-XGBoost-FER 0.811 = 0.0082 0.821 £ 0.0035 0.3693 =+ 0.0059 0.4266 £ 0.0109 90.2
DAS3H-LightGBM 0.813 £ 0.0065 0.819 £ 0.0040 0.3652 £ 0.0049  0.4189 + 0.0088 25.0
E&SSH-nghtGBM- 0.810 =+ 0.0070 0.815 =+ 0.0037 0.3680 = 0.0053 0.4239 = 0.0095 16.0
PFA-LR 0.788 £ 0.0079 0.744 £ 0.0076 0.3910 £ 0.0045  0.4711 + 0.0082 15.95
PFA-LR-FER 0.789 £ 0.0076 0.748 £ 0.0069 0.3905 + 0.0045 0.4697 £ 0.0083 4.19
PFA-XGBoost 0.791 £ 0.0067 0.770 £ 0.0066 0.3856 £+ 0.0046  0.4599 + 0.0090 22.03
PFA-XGBoost-FER 0.785 £ 0.0068 0.770 = 0.0060 0.3879 £ 0.0045  0.4641 = 0.0089 12.35
PFA-LightGBM 0.796 + 0.0057 0.775 £ 0.0072 0.3822 £0.0039  0.4523 + 0.0073 6.9
PFA-LightGBM-FER 0.791 = 0.0060 0.771 £ 0.0064 0.3861 = 0.0040 0.4601 = 0.0075 7.1
AFM-LR 0.781 £ 0.0086 0.723 £ 0.0041 0.3979 £0.0064  0.4852 + 0.0123 5.94
AFM-LR-FER 0.785 = 0.0089 0.727 + 0.0037 0.3975 =+ 0.0064 0.4848 £ 0.0121 3.89
AFM-XGBoost 0.782 £ 0.0086 0.730 £ 0.0047 0.3948 £ 0.0068  0.4805 + 0.0139 13.97
AFM-XGBoost-FER 0.782 4 0.0093 0.727 & 0.0057 0.3961 = 0.0069 0.4822 £ 0.0135 7.37
AFM-LightGBM 0.787 £ 0.0092 0.736 £ 0.0049 0.3931 £0.0067  0.4763 + 0.0131 6.1
AFM-LightGBM-FER 0.784 £ 0.0091 0.727 £ 0.0052 0.3958 £ 0.0067  0.4814 + 0.0130 6.9
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Table 6. Bridge-Algebra06 evaluation results (mean + standard deviation across 5 cross-validation

folds).

Bridge-Algebra06 ACC AUC RMSE NLL TE
DAS3H-LR 0.849 £ 0.0028 0.790 £ 0.0015 0.3333 £ 0.0028  0.3624 £ 0.0052 85.4
DAS3H-LR-FER 0.848 £ 0.0028 0.799 =+ 0.0016 0.3333 £ 0.0028  0.3624 =+ 0.0052 54.8
DAS3H-XGBoost 0.846 + 0.0035 0.783 £ 0.0009 0.3394 + 0.0031  0.3760 & 0.0052 238.8
DAS3H-XGBoost-FER 0.856 + 0.0032 0.777 £ 0.0015 0.3394 4 0.0030  0.3760 =+ 0.0051 205.8
DAS3H-LightGBM 0.845 + 0.0036 0.783 £ 0.0013 0.3387 +0.0030  0.3744 £ 0.0050 97.6
FD]%A;{SSH-nghtGBM- 0.845 + 0.0037 0.782 £ 0.0014 0.3388 1 0.0030  0.3747 == 0.0050 87.8
PFA-LR 0.841 £ 0.0032 0.739 £ 0.0018 0.3479 £ 0.0029  0.3936 & 0.0056 235
PFA-LR-FER 0.839 + 0.0033 0.751 % 0.0018 0.3478 1 0.0029  0.3934 = 0.0056 14.3
PFA-XGBoost 0.843 £ 0.0035 0.764 £ 0.0022 0.3431 £ 0.0032  0.3828 4= 0.0058 419
PFA-XGBoost-FER 0.843 + 0.0035 0.768 £ 0.0021 0.3431 4 0.0032  0.3828 == 0.0058 30.9
PFA-LightGBM 0.843 £ 0.0035 0.769 £ 0.0019 0.3426 +0.0031  0.3818 £ 0.0056 26.4
PFA-LightGBM-FER 0.843 £ 0.0036 0.769 = 0.0019 0.3426 + 0.0032  0.3818 = 0.0056 21.3
AFM-LR 0.837 £ 0.0038 0.709 £ 0.0025 0.3555 +0.0028  0.4104 £ 0.0053 18.8
AFM-LR-FER 0.837 + 0.0038 0.710 £ 0.0025 0.3555 1 0.0029  0.4102 = 0.0053 14.3
AFM-XGBoost 0.839 + 0.0035 0.722 £ 0.0021 0.3522 +0.0029  0.4034 £ 0.0053 36.0
AFM-XGBoost-FER 0.839 + 0.0036 0.726 £ 0.0021 0.3521 £ 0.0029  0.4033 = 0.0053 35.5
AFM-LightGBM 0.839 £ 0.0037 0.724 £ 0.0023 0.3520 + 0.0030  0.4029 £ 0.0053 18.2
AFM-LightGBM-FER 0.839 + 0.0037 0.724 £ 0.0024 0.3520 4 0.0029  0.4029 = 0.0053 18.2

Table 7. Assist09 evaluation results (mean =+ standard deviation across 5 cross-validation folds).

Assist09 ACC AUC RMSE NLL TE
DAS3H-LR 0.700 £ 0.0056 0.725 £ 0.0023 0.4395 + 0.0026 0.5686 + 0.0054 10.95
DAS3H-LR-FER 0.700 =+ 0.0051 0.725 + 0.0018 0.4397 £ 0.0026  0.5687 = 0.0053 3.01
DAS3H-XGBoost 0.706 + 0.0087 0.710 &= 0.0034 0.4404 + 0.0038 0.5720 £ 0.0075 31.06
DAS3H-XGBoost-FER 0.707 - 0.0078 0.708 + 0.0045 0.4414 + 0.0037  0.5741 = 0.0075 27.17
DAS3H-LightGBM 0.712 £+ 0.0058 0.725 £ 0.0048 0.4381 + 0.0031 0.5672 £ 0.0062 20.3
FDéA;{S3H-LIghtGBM- 0.711 =+ 0.0061 0.721 + 0.0045 0.4392 £ 0.0030  0.5696 =+ 0.0060 10.9
PFA-LR 0.706 £ 0.0076 0.724 £ 0.0082 0.4477 £+ 0.0038 0.5879 + 0.0077 1.14
PFA-LR-FER 0.690 + 0.0074 0.685 + 0.0076 0.4479 £ 0.0036  0.5881 = 0.0073 0.82
PFA-XGBoost 0.708 £+ 0.0083 0.720 £+ 0.0093 0.4412 + 0.0049 0.5747 £ 0.0109 5.76
PFA-XGBoost-FER 0.701 = 0.0090 0.699 + 0.0093 0.4421 £ 0.0049  0.5765 =+ 0.0103 3.49
PFA-LightGBM 0.711 £ 0.0082 0.719 £ 0.0085 0.4382 £+ 0.0043 0.5669 + 0.0090 4,6
PFA-LightGBM-FER 0.710 = 0.0082 0.715 + 0.0078 0.4397 £ 0.0042  0.5702 = 0.0085 7.2
AFM-LR 0.671 £+ 0.0099 0.631 + 0.0048 0.4604 + 0.0039 0.6129 + 0.0081 1.07
AFM-LR-FER 0.671 = 0.0096 0.637 - 0.0042 0.4601 + 0.0039  0.6121 = 0.0081 0.80
AFM-XGBoost 0.673 = 0.0092 0.639 £ 0.0050 0.4602 + 0.0041 0.6135 =+ 0.0088 4.90
AFM-XGBoost-FER 0.671 = 0.0099 0.647 + 0.0045 0.4607 £ 0.0042  0.6141 =+ 0.0091 3.55
AFM-LightGBM 0.674 £ 0.0087 0.647 £ 0.0051 0.4591 £ 0.0040 0.6102 £ 0.0083 4.1
AFM-LightGBM-FER 0.673 = 0.0096 0.642 + 0.0049 0.4601 = 0.0041 0.6122 + 0.0086 3.5
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Table 8. Assistl7 evaluation results (mean + standard deviation across 5 cross-validation folds).

Assistl7 ACC AUC RMSE NLL TE
DAS3H-LR 0.677 = 0.0018 0.693 £ 0.0030 0.4610 =+ 0.0007 0.6131 £ 0.0014 37.00
DAS3H-LR-FER 0.661 =+ 0.0021 0.678 =+ 0.0029 0.4608 + 0.0007  0.6126 = 0.0014 15.53
DAS3H-XGBoost 0.685 £ 0.0039 0.709 £ 0.0029 0.4537 + 0.0013 0.5970 £ 0.0025 45.67
DAS3H-XGBoost-FER 0.678 = 0.0047 0.703 = 0.0024 0.4534 £ 0.0016  0.5964 =+ 0.0032 23.68
DAS3H-LightGBM 0.677 = 0.0036 0.708 + 0.0037 0.4532 £ 0.0013 0.5965 + 0.0025 57.1
E&SBH-LIghtGBM- 0.674 + 0.0045 0.707 = 0.0030 0.4537 £ 0.0016  0.5974 + 0.0031 27.2
PFA-LR 0.647 = 0.0037 0.620 £ 0.0053 0.4735 £+ 0.0010 0.6402 £ 0.0023 6.63
PFA-LR-FER 0.648 + 0.0044 0.627 + 0.0042 0.4708 £ 0.0012  0.6342 + 0.0024 5.08
PFA-XGBoost 0.659 £+ 0.0023 0.650 £+ 0.0043 0.4654 + 0.0010 0.6230 +£ 0.0020 17.63
PFA-XGBoost-FER 0.667 4 0.0030 0.662 =+ 0.0037 0.4632 £ 0.0012  0.6178 + 0.0024 9.43
PFA-LightGBM 0.661 £ 0.0025 0.661 + 0.0041 0.4641 + 0.0011 0.6201 £ 0.0022 20.5
PFA-LightGBM-FER 0.660 =+ 0.0035 0.666 + 0.0037 0.4632 £ 0.0013  0.6179 = 0.0026 13.5
AFM-LR 0.635 £ 0.0050 0.589 £ 0.0040 0.4781 £+ 0.0015 0.6491 £ 0.0030 7.41
AFM-LR-FER 0.641 + 0.0055 0.613 + 0.0033 0.4738 £ 0.0014  0.6401 = 0.0029 4.78
AFM-XGBoost 0.643 + 0.0041 0.620 £+ 0.0032 0.4732 £ 0.0014 0.6390 +£ 0.0028 16.38
AFM-XGBoost-FER 0.645 + 0.0045 0.630 + 0.0031 0.4707 £ 0.0015  0.6334 =+ 0.0032 8.41
AFM-LightGBM 0.641 £ 0.0047 0.627 £ 0.0035 0.4719 £+ 0.0015 0.6360 + 0.0031 114
AFM-LightGBM-FER 0.642 + 0.0047 0.634 + 0.0031 0.4705 £ 0.0016  0.6328 = 0.0033 9.3

We additionally computed paired Wilcoxon signed-rank tests on the per-fold AUC val-
ues to assess the statistical significance of the main effects (XGBoost vs. logistic regression
baseline; FER vs. non-FER variants) for each base model on each dataset. While several
comparisons reach statistical significance at « = 0.05 (e.g., PFA-LR vs. PFA-XGBoost on
both Algebra05 and Bridge-Algebra06), a number of comparisons that show consistent
directional differences in mean AUC do not reach this threshold (e.g., AFM-LR vs. AFM-
XGBoost on Bridge-Algebra06, p = 0.0625; DAS3H-XGBoost vs. DAS3H-XGBoost-FER on
Bridge-Algebra(6, p = 0.0625). This pattern is consistent with a well-documented structural
property of the Wilcoxon signed-rank test at small sample sizes: with exactly n = 5 paired
observations, the test’s exact null distribution admits a minimum achievable two-sided
p-value of 0.0625 obtained precisely when all five folds agree in the direction of the dif-
ference which already exceeds the conventional « = 0.05 threshold. Reaching statistical
significance under these conditions is therefore constrained by the sample size itself rather
than by the absence of a true underlying effect. The Wilcoxon signed-rank test is known to
exhibit limited statistical power when the number of paired observations is small. Since our
evaluation relies on only five cross-validation folds, the absence of statistical significance
should therefore be interpreted cautiously, as it may reflect insufficient statistical power
rather than the absence of a practical difference between methods [41,42]. Given this struc-
tural constraint and the additional length it would introduce, we report it transparently
rather than overstating the strength of the evidence; the standard deviations presented
in Tables 5-8 are accordingly offered as the primary, sample-independent indicator of
result stability.

The experimental results across the four datasets reveal consistent and complementary
behavioral patterns for the three components of the proposed hybrid framework. Re-
garding the effect of FER-based Q-matrix simplification on execution time, the reductions
are substantial and systematic across all configurations. On Algebra05, DAS3H-LR-FER
achieves a 66% time reduction (36.00 s — 12.07 s) while simultaneously improving AUC
from 0.826 to 0.829, and PFA-LR-FER reduces execution time by 74% (15.95 s — 4.19 s) with
a marginal AUC gain of +0.004.
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On Bridge-Algebra06 the largest dataset with 1,817,393 interactions DAS3H-LR-
FER reduces training time by 36% (85.4 s — 54.8 s) while improving AUC by +0.009
(0.790 — 0.799), and PFA-LR-FER achieves a 39% time reduction with an AUC gain
of +0.012. On Assist09, DAS3H-LR-FER achieves the most pronounced relative reduc-
tion of 72.5% (10.95 s — 3.01 s) with a perfectly stable AUC of 0.725, confirming that
the O(I x K) — O(I) complexity reduction is particularly effective on datasets with
high skill-to-item ratios. On Assist17, DAS3H-LR-FER reduces execution time by 58%
(37.00 s — 15.53 s), though this comes with a slight AUC decrease of —0.015, representing
the only notable accuracy trade-off observed across all FER configurations. One isolated
degradation is also noted for PFA-LR-FER on Assist09, where AUC drops from 0.724 to
0.685, suggesting that PFA’s sensitivity to skill granularity is more pronounced on datasets
without timestamp information.

These two degradation cases are consistent with the bounded information loss inher-
ent to the FER transformation [17]. For PFA-LR-FER on Assist09, the absence of timestamp
information means that PFA relies exclusively on per-skill success and failure counts
as its predictive signal; aggregating individual skills into combined skills therefore re-
moves the primary source of discriminative information for this model on this dataset.
For DAS3H-LR-FER on Assist17, the relatively high interaction density per learner com-
bined with moderate skill diversity amplifies the cost of skill aggregation, as individual
skill trajectories carry more diagnostic value in this configuration. Importantly, the FER-
XGBoost combination partially recovers this loss: PEA-XGBoost-FER on Assist17 achieves
AUC = 0.662 compared to 0.650 for PFA-XGBoost without FER, confirming that the non-
linear correction provided by XGBoost compensates for the granularity reduction intro-
duced by the FER transformation.

Regarding the contribution of XGBoost, its integration improves AUC over the logistic
regression baselines for the PFA and AFM models across most datasets, while its effect
on DAS3H is more nuanced and dataset-dependent. This distinction reflects a principled
difference in the residual non-linear signal available to XGBoost across model families:
PFA and AFM, with their simpler linear formulations, leave substantial non-linear pat-
terns uncaptured that XGBoost can exploit; DAS3H, with its richer feature engineering
incorporating temporal decay windows and item difficulty, already approximates the pre-
dictive ceiling of the shared feature space, leaving limited room for boosting to operate.
Specifically, DAS3H-XGBoost underperforms DAS3H-LR on Algebra05 (—0.004 AUC),
Bridge-Algebra06 (—0.007 AUC), and Assist09 (—0.015 AUC), while achieving a meaning-
ful gain on Assist17 (+0.016 AUC), where the temporal features carry less discriminative
weight. This behavior is consistent with findings reported in our prior work [18], where
DAS3H-XGBoost improvements were similarly confined to specific dataset configurations:
on Algebra05, PFA-XGBoost gains +0.026 AUC over PFA-LR (0.770 vs. 0.744), and AFM-
XGBoost gains +0.007 (0.730 vs. 0.723); on Bridge-Algebra06, PFA-XGBoost improves AUC
by +0.025 (0.764 vs. 0.739) and AFM-XGBoost by +0.013 (0.722 vs. 0.709); on Assist17,
DAS3H-XGBoost achieves a +0.016 gain (0.709 vs. 0.693). However, XGBoost introduces a
significant computational overhead on this sparse, high-dimensional feature space, with
execution times multiplied by a factor of 2 to 4 relative to the logistic regression baseline.
For instance, DAS3H-XGBoost on Bridge-Algebra06 requires 238.8 s compared to 85.4 s
for DAS3H-LR. As shown below, this overhead is specific to XGBoost’s handling of sparse
one-hot features rather than an inherent property of gradient boosting in general.

To verify that this overhead reflects XGBoost’s specific behavior on sparse, high-
dimensional one-hot feature matrices rather than gradient boosting in general, we addi-
tionally evaluated LightGBM, a histogram-based boosting framework natively optimized
for sparse inputs, under the same 5-fold protocol. LightGBM consistently matches or
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exceeds XGBoost’s predictive performance while requiring substantially less training time:
on Bridge-Algebra06, DAS3H-LightGBM achieves an AUC of 0.783 + 0.0013 (identical
to DAS3H-XGBoost) in 97.6 s, less than half of DAS3H-XGBoost’s 238.8 s; on Algebra05,
PFA-LightGBM improves AUC over PFA-XGBoost (0.775 vs. 0.770) in 6.9 s versus 22.0 s;
and on Assist09, AFM-LightGBM achieves the best AUC among all AFM variants (0.647)
at less than the training cost of AFM-XGBoost (4.1 s vs. 4.9 s). These results confirm that
the computational overhead observed for XGBoost is attributable to its native handling of
sparse Q-matrix-derived features rather than to an inherent limitation of gradient boosting,
and they position LightGBM as a strong additional baseline that does not alter the central
conclusions of this study: FER consistently reduces computational cost across all three
boosting /regression backbones, and the relative benefit of boosting over linear models re-
mains concentrated on the PFA and AFM model families, where DAS3H’s richer feature set
leaves comparatively little residual signal for any boosting method XGBoost or LightGBM
to exploit.

The FER-XGBoost combination effectively mitigates this overhead: on Algebra05,
DAS3H-XGBoost-FER reduces execution time from 127.2 s to 90.2 s (—29%) while preserv-
ing an AUC of 0.821; on Assist17, PEA-XGBoost-FER simultaneously improves AUC from
0.650 to 0.662 (+0.012 AUC) and reduces execution time from 17.63 s to 9.43 s (—47%), repre-
senting the most compelling demonstration of the synergy between structural simplification
and boosting. Similarly, AFM-XGBoost-FER on Assist17 reduces execution time by 49%
(16.38 s — 8.41 s) while improving AUC from 0.620 to 0.630 (+0.010 AUC). Taken together,
these results confirm that the FER transformation acts as an algorithmic efficiency multiplier
that does not compromise and in many configurations actually enhances the predictive
gains introduced by XGBoost, validating the design rationale of the proposed two-stage
hybrid algorithm.

Overall, these results indicate that FER is particularly beneficial on datasets where
Q-matrix complexity contributes substantially to feature construction cost, yielding signifi-
cant reductions in execution time while maintaining competitive predictive performance.
XGBoost, in turn, provides the largest predictive gains for PFA and AFM, whose simpler
linear formulations leave additional non-linear patterns unexploited. For DAS3H, the bene-
fit of XGBoost is generally smaller, as the model already incorporates a rich set of predictive
features. The two components are therefore complementary: FER primarily addresses struc-
tural Q-matrix complexity, whereas XGBoost captures residual non-linear relationships,
resulting in a favorable trade-off between computational efficiency and predictive accuracy.

5. Conclusions & Future Work

This work has proposed and formally analyzed a hybrid algorithm that combines
Q-matrix simplification (FER) with gradient boosting (XGBoost) to jointly optimize com-
putational efficiency and predictive accuracy in learner performance prediction. The FER
algorithm reduces the feature construction complexity from O(I x K) to O(I), while XG-
Boost corrects the residual non-linear patterns of the resulting linear base models. The
experimental results across multiple real-world datasets demonstrate that simplifying the
Q-matrix substantially reduces execution time without significantly affecting AUC, making
classical models more suitable for real-time applications. On the other hand, XGBoost
improves predictive performance by capturing complex and non-linear patterns in the
data, although at the cost of higher computational demand. When combined, the two
approaches offer a balanced trade-off, delivering competitive predictive accuracy while
maintaining more efficient execution times. This synergy highlights the potential of hybrid
modeling strategies in intelligent tutoring systems, particularly in large-scale environments
requiring both responsiveness and robustness.
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Beyond the experimental results, the proposed FER-XGBoost framework has practical
implications for large-scale Intelligent Tutoring Systems (ITSs). In such environments,
learner models must often be updated continuously for thousands of concurrent users.
By reducing the structural complexity of the Q-matrix, FER decreases feature generation
and model execution costs, enabling faster learner state estimation and recommendation
generation. Combined with XGBoost, which maintains competitive predictive performance,
the framework can support real-time adaptive learning scenarios where instructional
content and learning activities are dynamically recommended according to the learner’s
predicted needs.

Several directions could extend this work. Exploring more fine-grained strategies
for Q-matrix simplification, such as dynamic skill clustering techniques, may further
improve the trade-off between speed and accuracy. A systematic comparison with deep
and transformer-based knowledge tracing models including DKT, DKVMN, SAKT, AKT,
SAINT, and GKT would allow a more comprehensive assessment of the FER-XGBoost
framework relative to the current state of the art. Such a study could also explore whether
the FER Q-matrix simplification strategy is compatible with attention-based architectures,
potentially yielding a unified framework combining structural efficiency, interpretability,
and deep predictive modeling. Finally, conducting evaluations in online and real-time
environments would help confirm the practical effectiveness of the proposed approach in
adaptive learning contexts.
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