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Abstract—Accurate and early prediction of student success in
online mathematics education is critical for improving learning
processes and developing personalized instruction strategies.
However, students' problem-solving behaviors, interaction levels,
and learning speeds in online learning environments inherently
contain uncertainty, limiting the effectiveness of traditional
assessment and singular machine learning approaches. This study
proposes a hybrid neuro-fuzzy and machine learning-based
student success prediction framework that combines the ability of
fuzzy logic to represent uncertainty with the strong generalization
and adaptive learning capabilities of machine learning methods.
In the proposed approach, student success trends are primarily
modeled using ANFIS, Random Forest, and XGBoost models,
employing raw and derived features on the ASSISTments dataset.
The predictions from these models are treated as continuous
success representations reflecting uncertainty in students’
learning behaviors and are used as input to a hybrid classification
structure to make binary success/failure decisions. Thus, the
ANFIS model is positioned as an uncertainty-aware and
interpretable context generator, while the Random Forest and
XGBoost models provide discriminative classification power.
Experimental results demonstrate that both ANFIS and Random
Forest models exhibit high individual performance; however,
combining their complementary features within a hybrid
structure significantly increases prediction stability and
generalization. Unlike the limitations of 'black box' models in the
literature, the interpretability provided by ANFIS, through its
linguistic rules and membership functions, enables the proposed
approach to generate pedagogically transparent and actionable
implications. The findings reveal that this hybrid framework,
which integrates uncertainty management with high prediction
accuracy, offers a powerful decision-support mechanism for early
identification of at-risk students and for developing personalized
intervention strategies in online mathematics education.
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I.  INTRODUCTION

The development of online learning platforms has
revolutionized educational analytics, enabling the massive
collection and analysis of student behavior [1], [2], [3], [4].
These platforms have become digital ecosystems that enable
monitoring students' interactions with the learning process, not
only in terms of outcomes but also in terms of the process itself.
These digital ecosystems record each student's interactions with
the system in the form of time-stamped behavioral logs, such as
clickstreams, resource viewing times, and forum participation

[1, 5, 6]. This type of data reveals not only what students have
learned, but also how and under what conditions they have
learned. In particular, intelligent tutoring systems such as
ASSISTments [7] reflect students' cognitive states during
mathematical problem-solving through multidimensional
attributes, such as correct/incorrect answer rates, hint requests,
and the number of attempts required to solve the problem [1, 6,
8]. In this respect, the ASSISTments dataset provides a rich,
high-resolution dataset for predicting studentachievement at an
early stage.

Mathematics education, by its very nature, exhibits a high
degree of logical interdependence and a cumulative structure. A
failure to fully understand a fundamental conceptincreases the
student's risk of subsequent failure [9]. Therefore, predicting
student achievement early, before end-of-term assessments are
completed, is a critical requirement for educators to intervene
promptly.

The literature shows that early warning systems significantly
increase student retention and overall success through
personalized learning paths, targeted feedback, and supportive
content [1,5, 10 - 14]. However, the effectiveness of these
systems depends on the extent to which the forecasting models
used can represent uncertainty and individual differences.

Online student behavior exhibits ambiguity, variability, and
fuzzy patterns stemming fromthenature of humanreasoning [15
- 17]. Students' moderate level of engagement or cognitive
stability in the problem-solving process cannot be adequately
represented by traditional models built on sharp boundaries and
linear assumptions. This leads to limitations not only in classical
statistical methods but also in machine learning models that
prioritize accuracy.

Although artificial neural networks and tree-based learning
algorithms are successful at capturing complex patterns, many
of these models are criticized for being "black boxes" in terms
of the interpretability of decision-making processes [18 - 19]. In
the field ofeducation, producing pedagogically meaningful and
explainable outcomes is a fundamental requirement, alongside
the model's accuracy.

In this context, hybrid neurofuzzy approaches, which
combine the uncertainty modeling capabilities of fuzzy logic
with the data-learning capacity of machine leaming, are among
the most promising solutions for predicting student achievement
[11, 20]. In particular, the Adaptive-Network-based Fuzzy
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Inference System (ANFIS) offers educators a significant
advantage by providing high predictive performance through an
interpretable structure based on IF-THEN rules [4, 11, 21, 22].

This study proposes a hybrid neurofuzzy and machine
learning-based model for predicting student success in online
mathematics education using the ASSISTments dataset.
Extensive experiments were conducted using ANFIS, Random
Forest (RF), and XGBoost models with raw and derived student
features. The resulting continuous success representations were
integrated into a binary classification structure to determine the
risk of student failure. The main contribution of this study is to
effectively model uncertainty in online mathematics education,
to provide a balanced trade-off between interpretability and
predictive performance, and to demonstrate the applicability of
the proposed hybrid approach for early warning systems.

The remaining sections of the study are structured as
follows: The second section summarizes the relevant literature
and research gaps. The third section details the ASSISTments
dataset, data preprocessing, and feature engineering. The fourth
section presents the proposed hybrid ANFIS-RF-XGBoost
architecture and learning processes. The fifth section presents
the experimental findings with a comprehensive analysis, and
the sixthsectiondiscusses these findings in light of the literature,
outlining the study's limitations and suggesting future research.

II. RELATED WORKS

Predicting student academic performance has witnessed a
paradigm shift in the fields of educational data mining and
learning analytics over the last decade, moving from statistical
models to hybrid intelligent systems [23]. Studies in the
literature can be categorized primarily by model architecture,
dataset diversity, and interpretability of results.

A. Traditional Machine Learning and Ensemble Models

Early educational data mining studies generally focused on
singular algorithms such as decision trees, support vector
machines, and logistic regression [1, 3]. However, recent
research has shown that ensemble learning methods provide
higher accuracy than single classifiers [5, 24]. For example, the
success of the XGBoost algorithm in capturing complex,
nonlinear relationships in structured training data has been
highlighted in numerous studies [4,25]. Similarly, the RF model
has been reported to exhibit robust performance, particularly in
addressing feature selection andinter-class imbalance issues [26
- 28]. Ponnan et al. (2025) achieved a test accuracy of 98.06%
in student assessment using AdaBoost and RF models [11].

B. ANFIS Models

ANFIS models are gaining prominence for modeling
uncertainties in educational processes and for handling fuzzy
data based on humanreasoning [22]. ANFIS is described as a
universal estimator thatcombines thelearning ability of artificial
neural networks with the uncertainty management capacity of
fuzzy logic[6,29 - 33]. Taylan and Karagozoglu (2009) stated
that the ANFIS model yields results as robust as statistical
methods and offers a more natural language for interpreting
student outcomes [34]. Hybrid models developed in recent
years, such as FCM-PSO-ANFIS, have reduced error rates by
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fine-tuning parameters using metaheuristic optimization
algorithms [35].

C. Deep Learning and Time Series Analysis

The timestamped nature of student interaction data has
encouraged the use of RNN and LSTM models [1, 36]. Deep
learning models are outperforming traditional methods in
discoveringhiddenpatterns and temporal dependencies in large-
scale datasets[1,36]. The combination of a CNN and a BiGRU
has achieved up to 97% accuracy in predicting student
achievement by providing both local feature extraction and
bidirectional temporal modeling [36]. Furthermore, transformer
architectures have increased predictive granularity by
converting student behaviors into sequential feature vectors
through attention mechanisms [1, 8].

D. Explainable Artificial Intelligence (XAl) and Educational
Trust

The "black box" nature of models makes it difficult for
educators to trust these predictions. In this context, methods
such as SHAP and LIME have become widespread to make
model decisions more transparent [4, 18, 27]. XAl techniques
enable the generation of personalized feedback by revealing
which factors influence the prediction and in which direction. In
particular, the linguistic rules provided by neuro-fuzzy systems
enhance the model's direct interpretability, thereby
strengthening educational decision-support processes [18, 22].

E. Indicators Specific to Mathematics Education

Specific research on mathematics education shows that
behavioral indicators, such as revisiting resources and resource
intensity, are strongly correlated with success [6]. Bakar et al.
(2022) suggested incorporating neuroscientific mechanisms
such as attention, emotion, and productivity into the AGES
model to predict mathematical achievement [15]. Such studies
argue that mathematical learning ability can be more accurately
predicted not only by academic scores but also by integrating
cognitive and psychological processes [37].

F. Research Gaps

A review of the existing literature reveals that the vast
majority of studies on the ASSISTments dataset focus either on
classical classification-based machine learning algorithms or on
information-tracking-based models. These studies mainly
address student achievement through sharp class labels,
remaining limited in their ability to model uncertainty,
incremental progress, and intermediate achievement levels that
arise in the student's learning process. In contrast, fuzzy logic-
based and neuro-fuzzy approaches have been addressed in only
a few studies withinthe context of the ASSISTments datasetand
have not been systematically evaluated.

Although student behavior in online mathematics education
inherently involves both continuity and uncertainty, the
literature lacks two-stage hybrid approaches that first model this
uncertainty as a regression-based achievement score and then
proceed to a classification phase for decision support. This
highlights the need for a modeling framework that is both
pedagogically meaningful and methodologically consistent.
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The main gaps in the literature that this study aims to address
are summarized below:

e Limited Use of Neuro-Fuzzy Regression Models on the
ASSISTments Dataset: The vast majority of studies on
the ASSISTments dataset have focused directly on
classification using XGBoost, deep learning-based
RNN/LSTM models, or knowledge-tracking approaches.
However, neuro-fuzzy models like ANFIS can model
uncertain learning behaviors more flexibly, as they can
predict student success as a continuous score or
probability.

While the literature shows that ANFIS provides high
accuracy, especially in small and medium-sized datasets, its use
as a regression-based predictor in large-scale datasets with time-
ordered interactionlogs,suchas ASSISTments, hasbeen largely
neglected. This underscores the necessity of a systematic

evaluation of hybrid regression-based neuro-fuzzy models on
ASSISTments.

e Treating student achievement solely as a classification
problem: A significant portion of current research
addresses student performance only as a binary
classification problem, ignoring the gradual and
uncertain nature of the learning process. However, in
online learning environments, student achievement
shows gradual increases or decreases over time rather
than sudden, sharp transitions.

The literature shows that hybrid models, which first model
achievementas a continuous regression outcome and then move
it to the classification stage for pedagogical decision support,
have not been sufficiently examined on the ASSISTments
dataset. Thisgap necessitates an evaluation of hybrid regression-
classification approaches within the context of educational
analytics.

o Thelack ofa clear and in-model approach to addressing
uncertainty: In online learning environments, students'
interaction speed, problem-solving strategies, and
participation levels are inherently fuzzy and variable.
However, most existing models treat these behaviors as
discrete numerical values, failing to adequately represent
situationsthat require human reasoning, suchas a student
being "moderately successful" or exhibiting
"inconsistent learning behavior."

Although membership functions and linguistic variables in
fuzzy logic allow direct modeling of this uncertainty, the use of
this approach within hybrid regression and classification
frameworks is quite limited in the literature. In particular, the
integration of ANFIS as an uncertainty-aware predictor into
hybrid structures remains a significant gap in the literature.

e Failure to address pedagogical interpretability and high
predictive power together: While powerful ensemble
learning methods like RF and XGBoost provide high
accuracy, they offerlimited transparency for pedagogical
decision support systems due to the inability to interpret
the internal structure of decision mechanisms directly.
Although the literature indicates that XAl methods such
as SHAP and LIME address this problem post-

Vol. 17, No. 5, 2026

prediction, these approaches cannot directly reflect the
model's internal decision logic.

In contrast, ANFIS's IF-THEN rule-based structure offers
interpretableinsightsintothelearning process. However, studies
in the literature that combine this interpretable structure with
powerful models such as RF and XGBoost in a hybrid
framework are insufficient for the ASSISTments dataset.

e Lack of holistic evaluation of hybrid regression and
hybrid classifiers: Existing studies generally focus either
solely on regression or solely on classification problems.
However, in online mathematics education, student
performance needs to be considered both as a continuous
indicator of success and as a decision-based
classification output.

In the literature, studies that combine ANFIS-based
regression outputs with models such as RF and XGBoost to
evaluate them within a two-stage hybrid regression-
classification architecture are quite limited. This gap
necessitates a systematic and comparative examination ofhybrid
models on the ASSISTments dataset.

¢ Insufficient modeling of cognitive processes specific to
online mathematics education: Mathematics education
differs from other disciplines due to its cumulative
knowledge structure and high logical dependence.
However, most existingmodels donot address indicators
specific to the mathematical problem-solving process,
such as hint use, post-error behaviors, cognitive
persistence, and learning stability, within a hybrid
modeling framework.

This clearly highlights the need for holistic hybrid models
that address cognitive and behavioral uncertainties specific to
mathematics education at both the regression and classification
levels.

In summary, this study addresses complex student
interactions in the ASSISTments dataset by combining ANFIS's
uncertainty-aware, interpretable regression structure with the
highly generalizable capabilities of RF and XGBoost, aiming to
fill the gaps identified in the literature from both a hybrid
regression anda hybrid classifier perspective. In this respect, the
study offers a unique, systematic, and applicable contribution
from both methodological and pedagogical standpoints.

III.  MATERIALS AND METHODS

A. Dataset Description

The dataset used in this study was obtained from
ASSISTments, an online mathematics learning platform.
ASSISTments is an intelligent tutoring system designed to
support the problem-solving processes of middle and high
school students while collecting detailed, timestamped data on
student interactions [38]. The platform integrates teaching and
assessment processes by offering students instant feedback, tips,
and validation [7, 39, 40].

The ASSISTments dataset records student interactions with
math problems in an event-based manner and provides
multidimensional behavioral insights for each student-problem
interaction [20,41]. This dataset is widely used, particularly for
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student performance prediction, knowledge monitoring, and
educational data mining [42]. Furthermore, the fact that
ASSISTments data has been used in large-scale data mining
competitions such as the KDD Cup 2010 demonstrates that the
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dataset is an accepted and reliable source within the research
community. A samplecross-sectionofthe ASSISTments dataset
is given in Table 1.

TABLE . ILLUSTRATIVE SAMPLE FROM THE ASSISTMENTS DATASET
assignment_id user_id problem_id correct attempt_count skill id hint_count overlap_time
263599 14 93383 0 1 2 2 41131
263599 14 93407 1 1 2 0 29123
263599 14 93400 0 1 2 2 19905

Personality-based features were not used as model inputs;
they were evaluated only during student-based data splitting to
prevent data leakage. Behavioral features were obtained directly
from raw data, while skill-based features were derived to reflect
the student's learning progress over time.

The “attempt count” and “hint count” attributes reflect
students’ problem-solving strategies, while “ms_first response”
provides temporal information about engagement and cognitive
effort. The “correct” attribute indicates whether the student
successfully solved the problem in a given attempt. These
attributes allow for the analysis not only of students’ outcome-
oriented success but also their problem-solving strategies,
learning behaviors, and cognitive effort. In particular,
“hint_count”, “attempt_count”, and “ms_first_response” offer
significant indicators of students’ learning levels and
uncertainties in their problem-solving processes [43].
Traditional binary assessment methods are insufficient for
modeling these unclear boundaries between learning situations.
Managing this uncertainty and predicting student achievement
with more humanereasoning constitutes the main motivation for
using ANFIS in this study.

B. Data Preprocessing

Educational data obtained from online learning
environments inherently contain incomplete records, noisy
behavior, and uneven classroom distributions. Therefore, data
preprocessing and feature extraction stagesare critical for model
performance in student performance prediction studies [44]. In
this study, a comprehensive data preprocessing and feature
engineering process was applied to improve the effectiveness of
the proposed hybrid neuro-fuzzy and machine learning model
on the ASSISTments dataset.

In the first stage, missing or inconsistent records in the
dataset were analyzed. Records lacking “user id”,
“assignment_id”, and “correct” information were removed from
the dataset.

Because the ASSISTments dataset has an event-based
structure, the number of interactions among students varies
considerably. Some students solve only a few problems, while
others havethousands ofinteractions. This is consistent with the
long-tailed distribution frequently reported in the literature [43].
To prevent the model from being dominated by overactive
students, student-based (user_id) data splitting and limiting
interaction counts were implemented. Furthermore, due to
significant variability in student interaction counts within the
dataset, students with fewer than 5 interactions were removed,

and a maximum interaction limit of 1000 was set for overactive
students.

When the “attempt count” values were analyzed, it was
observed that the vast majority were concentrated between 1 and
10. Therefore, in fuzzy category definitions, the maximum
number of attempts was set to 10 [7, 43]. Since higher values
rarely occur, a threshold has been set at the upper limit, ensuring
stable representation and model stability.

The “ms_first response” property can have excessively
large values due to factors such as browser open times and
prolonged inactivity. To prevent such values from adding noise
to the learning process, the “ms_first response” property is
limited to 600 seconds. Without this limitation, the sensitivity of
the fuzzy membership functions decreases, extreme values
dominate the model, and the model learns biased rules such as
“slow learner = fail.” This approach is consistent with clipping
strategies proposed in the literature for time-based learning
variables [43, 44].

“opportunity count”is a pedagogically significant attribute
representing how many times a student has encountered a
particular skill. Therefore, it has not been directly filtered but
has been included in the model to reflectthe learning process.

Pre-cleaning analyses show that the distribution of student
interactions is severely imbalanced, with a small number of
students dominating the dataset. After applying cleaning and
preprocessing criteria, the number of interactions per student
showed a more balanced distribution, with extreme values
eliminated. Furthermore, normalization was performed to
improve the stability of the fuzzy logic-based model's
membership functions and to ensure a fair comparison across
machine learning algorithms [45]. Min-max normalization was
applied to “attempt count” and “hint count”, robust
normalizationto “ms_response time”and “overlap time”, and
log+min-max normalization to “opportunity count”. This
helped train the proposed hybrid model more stably and
generalizable.

C. Feature Engineering

In this study, to more accurately model students' online
mathematics learning behaviors, the features obtained from the
raw dataset were normalized, and behavioral and performance-
based derived features commonly used in the literature were
created.

The raw features in the dataset capture students' core
interactions during the problem-solving process. While these
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raw features directly reflect students' problem-solving
behaviors, their direct use as model input is limited by scale
differences and individual variation. Instead of using raw
features directly, derived features were created to better
represent students' performance and behavioral tendencies
during the learning process. These features were designed to
reflect the student's cognitive effort and learning status in the
problem-solving process [43]. In this context, the following
features have been derived: Prior Correct Ratio (PCR), Prior
Attempt Mean (PAM), Prior Hint Mean (PHM), Recent
Performance Trend (RPT), Skill Difficulty Index (SDI), and
Student Experience Level (SEL).

PCR is a ratio-based trait that reflects a student's level of
success in previous interactions with a specific problem or skill
[6, 46]. The PCR value is in the range of [0,1] and does not
require normalization.

PCRu_S _ . Correctl(:)s (1)

Here, u is a student, s is a problem or a skill, and n is the
number of previous attempts.

n

PAM is a behavioral indicator that represents the average
number of attempts a student makes for problems they have
encountered in the past. This characteristic reflects the student's
mathematical cognitive persistence and learning speed [6], [46],
[47]. Since the PAM value is not in the [0,1] range, pre-model
min-max normalization should be applied. A high PAM value
indicates that the student generally needs more trials.

N
PAM, = lz attempt_count® 2)
NZLaj—1 u
Here, u is a student, and n is the number of problems
previously solved.

PHM represents the average number of hints a student uses
across all problem-solving steps before the current interaction.
This characteristic is a historical indicator of a student's help-
seeking behavior. Hint usage carries a vague signal about how
well a student understands the subject, and overuse is associated
with an increased risk of failure [38].

PHM, = -3z} hint_count; 3)

Here, i is the student's time-ordered current interaction
index, N; = i — 1 is the total number of interactions before the

current interaction, hint_count; is the number of hints the
student used in the j* interaction.

RPT captures short-term learning dynamics, information
fluctuations, and learning trends, which are particularly
important in adaptive learning environments. Given the
cumulative nature of mathematics education, short-term dips are
considered a signal for early intervention [8], [48].

For the last & interactions (3-5):
RPT; = %Zﬁ-;li_kcorrec t; 4)

Here, i is the student's i problem-solving step.
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SDI is the overall difficulty level of a given mathematical
skill across all students. This metric allows the model to make
fair and balanced assessments by normalizing individual
performance with aggregate data [49], [50], [51].

SDI; =1 —%Zﬁ‘-”leorrec ) ®)

Here, s isthe skill, and M is the total number of trials forthat
skill.

SDI is calculated at the skill level, independent of the
problem, and provides a common difficulty indicator for all
students (SDI — 0: Easy skill, SDI — 1: Difficult skill).

SEL is a composite pedagogical indicator representing a
student's overall experience and proficiency level in an online
mathematicslearningenvironment. Thischaracteristictranslates
the student's familiarity with the system and resource-intensive
usage habits into the model [15]. SEL is not a variable with an
implicit formula. It is defined as follows:

SEL; = F(PCR;,PAM,, PHM,, OC;)  (6)

Here, i is the student's time-ordered current interaction
index, and F(-) is the Fuzzy Inference Mechanism (ANFIS).

The derived features capture both pastperformance andreal-
time behavioral patterns, providing a richer representation of
student learning dynamics. All features used in the study are
listed in Table II.

TABLE II. CHARACTERISTICS USED IN THE STUDY

Feature

Reason

attempt_count (AC)

The solution reflects the intensity of the
behavior; in ANFIS, it is meaningful in terms
of “Low—Medium—High” memberships.

hint_count (HC)

Help-seeking behavior can be interpreted
pedagogically using vague rules.

ms_response_time (RT)

ML models can tolerate high-dimensional
correlation; this increases rule complexity in
ANFIS.

Prior Correct  Ratio

The student's past achievementsare critical to

(PCR) their learning.
Prior Attempt Mean | Long-term effort level: a stable statistical
(PAM) characteristic.

Prior Hint Mean (PHM)

The constant need for help reflects the learning
strategy.

Recent Performance

Trend (RPT)

The short-term learning tendency is suitable
for trend-based rules in ANFIS.

opportunity _count (OC)

The number of times a student encounters a
skill is a key context for both statistical and
rule-based models.

overlap_time (OT)

Student waiting time for the question

Skill Difficulty Index

Content difficulty: pedagogically meaningful

(SDI) within ANFIS guidelines.
Student Experience | Cumulative learning level: intuitive linguistic
Level (SEL) variable in ANFIS.

D. Inter-Feature Relationship Analysis

As part of the feature identification process, a correlation
analysis was performed to assess relationships among the
extracted features. The resulting Pearson correlation matrix,
shown in Table III, provides insight into potential feature
dependencies before neuro-fuzzy logic and machine learning
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modeling. The analysisincluded bothraw and derived numerical
features, excluding descriptive variables.

The vast majority of correlation coefficients are at the
[r|<0.40 level. This indicates that there is no high-level linear
dependence between the features and that the risk of
multicollinearity is generally low. A moderate positive
correlation (r=0.46) was observed between RT and OT. This
relationship shows that time overlap increases as the student's
first response time increases. There is a relatively high positive
correlation (r = 0.58) between HC and PHM. This indicates that
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the student's past habit of using hints isreflected in their current
problem behavior. PCR shows a strong negative relationship
with both PAM (r = -0.53) and PHM (r = -0.62). This finding
reveals that students with high past success tend to try less and
use fewer hints. The correlation between the RPT feature and all
other features is negligible, suggestingthat the variable provides
an independent and complementary source of information for
the model. The very low correlation of OC with other
characteristics suggests that this variable is largely independent
of other behavioral traits as a time-based measure.

TABLE III. PEARSON CORRELATION MATRIX FOR THE FEATURE SET
Feature AC HC RT OT SDI SEL RPT PCR PAM PHM oC
AC 1.00 0.38 0.04 0.17 0.11 -0.04 -0.02 -0.19 0.27 0.16 0.00
HC 0.38 1.00 0.00 0.10 0.22 -0.09 -0.03 -0.37 0.19 0.58 -0.01
RT 0.04 0.00 1.00 0.46 0.09 0.03 0.02 0.02 0.02 0.00 0.03
oT 0.17 0.10 0.46 1.00 0.07 0.01 0.01 -0.03 0.05 0.04 0.01
SDI 0.11 0.22 0.09 0.07 1.00 0.03 0.01 -0.35 0.21 031 -0.06
SEL -0.04 -0.09 0.03 0.01 0.03 1.00 0.01 0.13 -0.08 -0.11 0.16
RPT -0.02 -0.03 0.02 0.01 0.01 0.01 1.00 -0.01 0.01 0.01 0.01
PCR 0.19 037 0.02 0.03 0.35 0.13 -0.01 1.00 053 -0.62 0.08
PAM 0.27 0.19 0.02 0.05 0.21 -0.08 0.01 0.53 1.00 0.41 0.04
PHM 0.16 0.58 0.00 0.04 031 -0.11 0.01 0.62 0.41 1.00 0.04
oC 0.00 -0.01 0.03 0.01 -0.06 0.16 0.01 0.08 -0.04 -0.04 1.00
Overall, the correlation analysis results indicate that VIF was calculated to quantify the degree of

including the selected features in both neurofuzzy and machine
learning models is statistically feasible and that there is no
significant multicollinearity.

In addition to correlation analysis, feature redundancy was
further examined usingthe Variance Inflation Factor (VIF). VIF
quantifies the degree of multicollinearity by measuring how
much the variance of a regression coefficient is inflated due to
linear dependence among predictors. The VIF analysis was
conducted on all numerical raw and derived features extracted
from the ASSISTments dataset. Following established
guidelines, a VIF threshold of 10 was adopted, where values
below this limit indicate acceptable levels of multicollinearity
(Table IV).

TABLEIV. VIF TABLE
Feature | VIF Comment
AC 3.79 | Moderate correlation - acceptable.
HC 2.03 | Low multi-connectivity
RT 1.96 | Low multi-connectivity
oT 1.49 | Very low multi-connectivity
SDI 8.04 | High— caution advised
SEL 1.98 | Low multi-connectivity
RPT 1.01 | Independent variable
PCR 4.26 | Medium-high
PAM 5.84 | High on the border
PHM 2.78 | Middle
ocC 221 | Low

multicollinearity among the independent variables. Generally,
VIF values <5 are acceptable; values between 5 and 10 require
attention; and values >10 indicate significant multicollinearity.
According to the analysis results, the vast majority of features
have VIF<5. This indicates that the features contribute largely
independently to the model. The RPT feature, with a VIF=1, is
an almost completely independent source of information and a
strong complement to the model. AC, HC, RT, OT, and SEL
have low-to-medium VIF values and do not pose a risk in terms
of linear dependence. PAM (VIF=5.84) and especially SDI
(VIF=8.04) exhibit relatively high VIF values. This suggests
that these variables share common variance with some other
inputs in the model. However, since these values are below the
critical threshold of 10, they do not warrant direct exclusion.
These results indicate that the feature set is generally well-
balanced and does not exhibit significant multicollinearity.
When the VIF results are evaluated together with the Pearson
correlation matrix, it becomes clear that the relatively high VIF
values observed are due to natural overlap.

The SDI feature shows moderate negative correlations with
PCR and moderate positive correlations with PHM and PAM.
These relationships stem from the fact that problem difficulty is
naturally linked to the student's previous success, trial, and hint-
use behaviors. Therefore, the high VIF value is not a statistical
problem, buta reflection ofa pedagogically significant overlap.

There is a moderate-to-high negative correlation between
PAM and PCR features. Itis expected thata student's experience
of more trials is generally associated with a lower success rate.
The increase in VIF values is a mathematical consequence of
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this behavioral correlation and does not mean the model is
meaningless.

There is a significant positive relationship between HC and
PHM. The relatively higher VIF values result from the inclusion
ofboth short- and long-termrepresentations of the same concept
inthe model. This requires attention, especially in linear models,
but does not pose a problem for nonlinear models.

Features such as RPT, OT, and RT exhibit low correlation
and low VIF values. These variables provide independent and
complementary information to the model.

No feature exceeds the critical multicollinearity threshold
(VIF>10). Therefore, all features are preserved, especially in
ANFIS and machine learning-based nonlinear models.

E. Problem Formulation

In online learning environments, students' problem-solving
performance exhibits a nonlinear, complex structure due to
individual learning differences, prior knowledge levels, problem
difficulty, and behavioral uncertainties arising during
interaction. This uncertainty makes it difficult to predict student
success with both high accuracy and pedagogical interpretation.
Therefore, hybrid prediction mechanisms that can explicitly
model uncertainty in student performance and offer high
predictive power are needed in online mathematics education.

The ASSISTments dataset consists of multidimensional
observations derived from students' time-ordered interactions,
eachreflectingthe student's cognitive and behavioral state. Each
student interaction is defined as follows:

Xi = [.xil,xiz,...,xin] € Rn (7)

Here, x; represents raw and statistical features derived from
the student's past performance, problem characteristics, and
learning process.

In the ASSISTments dataset, the output variable is defined
as a binary label containing correct or incorrect response
information for each student-problem interaction:

yi €{0,1} ®)

However, the Subtractive Clustering-based ANFIS model
used in this study inherently produces a continuous-valued
output due to its Sugeno-type fuzzy inference mechanism.
Therefore, in the first stage of the study, the problem was treated
as a hybrid regression problem, and the model output was
defined as follows:

9™ = fm (x,),m € {ANFIS, RF,XGBoost}  (9)

Here, ﬁi(m) is interpreted as a continuous value
corresponding to the student's success score on the given
problem or the probability of giving the correct answer.

In this context, ANFIS is an interpretable regression
estimator that models ambiguous student behavior using fuzzy
rules, whereas RF and XGBoost are robust regression models
with high capacity to capture nonlinear patterns. All models
were trained and evaluated to predict the same continuous target
variable, ensuring methodological consistency.
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While regression-based predictions offer rich information
about the probability of student success, decision-based
outcomes are frequently needed in educational applications.
Therefore, in the second phase of the study, the problem was
reformulated as a hybrid classification problem. In this phase,
using the continuous outputs obtained from the regression
models, the final class label was defined as follows:

~ {1, y\i >T

i = o, y, <t (10)

Here, 7 represents the decision threshold set on the
validation data.

In this approach, ANFIS acts as a pre-predictor, providing
fuzzy-logic-based intermediate outputs to the decision-making
process, while RF and XGBoost serve as higher-level classifiers
that make the final decision based on these outputs. This
structure offers a unique hybrid classification framework that
combines both uncertainty modeling and high classification
accuracy under one roof.

F. ANFIS Model and Learning Process

In the field of educational data mining, student knowledge
levels, learning speeds, and performance changes often involve
ambiguous transitions rather than precise boundaries; therefore,
ANFIS offers a suitable and powerful framework for modeling
such patterns [42].

In the generated ANFIS model, the number of membership
functions and rules is automatically determined based on data
density using the subtractive clustering method. Sugeno-type
output is used. The model's training parameters are defined as
Epoch=100, StepSize=0.01,and ErrorGoal=0. In the subtractive
clustering method, the cluster radius parameter is a critical
hyperparameter that directly determines the complexity of the
ANFIS model. Small radius values result in more clusters in the
data space and, consequently, a high number of fuzzy rules,
while large radius valueslead to oversimplification of the model.
With a cluster radius of 0.5, an average of 5—8 membership
functions was obtained for each input variable.

ANFIS is a model based on the supervised leaming
paradigm, which requires the initial definition of the target
variable during training. In the subtractive clustering method,
the fuzzy rule parameters are initially estimated using the least-
squares method. At this stage, the prior parameters are assumed
to be constant, and the rule firing strengths are calculated for
each training instance [34,45]. The normalized firing strength
for each rule is defined as follows:

- Wik
W Z:ilwl

Here, w,, represents the firing strength of the k™ fuzzy rule.

(1)

The model output is calculated as follows, using normalized
firing strengths:

V= Yka1 Wi (Pko"‘ Z;-l:lpkj xj) (12)

When this expression is rearranged in terms of linear
parameters, a classical linear regression problem is obtained.
This linear system is solved using the least-squares method,
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considering all training examples, and the initial output
parameters {Pyq, Px1, - Prn ) are computed for each rule.

After determining the initial output parameters, the ANFIS
model was trained using a hybrid learning algorithm. In this
algorithm, during the forward traversal phase, the prior
parameters are held constant, and the output parameters are
updated using the least-squares method. In the backpropagation
phase, the output parameters are treated as constants, and the
prior parameters are optimized using gradient descent. This two-
stage learning process increases both the accuracy and
generalization ability of the model [45].

G. Random Forest and Learning Process

In this study, the RF model was used in regression mode to
predict a continuous-valued student achievement score from
pairwise-labeled student interactions. RF generates the final
prediction by averaging the outputs of multiple decision trees
created using bootstrap sampling [52]. This structure offers
significantadvantages, including the ability to model nonlinear
relationships and resilience against overlearning. Each decision
tree learns the relationship between the input features and the
target variable to produce a continuously valuable output. The
RF output is calculated as follows:

IRE =231 fi (%) (13)

Here, T represents the number of trees, and f; (+) represents
the tth decision tree [52].

This structure allows RF to generate predictions in the same
target space as the continuous output produced by the ANFIS
model, enabling a fair comparison.

H. XGBoost and Learning Process

XGBoost is a regularized decision tree ensemble method
based on the gradient boosting principle. The model improves
its performanceby learninga new treein each iteration, focusing
on minimizing the errors of previous predictions [52]. In this
study, the XGBoost method is used as a regression method to
estimate continuous student achievement scores. The general
form of the XGBoost model can be expressed as follows:

6XGB _

Vi =1 Vm P (%) (14)

Here, h,,(-) represents the m” regression tree, and y,,
represents the learning rate [53].

This structure allows XGBoost to generate predictions in the
same target space as the continuous outputs of other models,
enabling a fair comparison.

1. Proposed Hybrid Model: ANFIS—RF-XGBoost-Based
Student Achievement Prediction Framework

In this study, the proposed architecture comprises two
complementary learning stages: regression-based pre-prediction
with uncertainty awareness and classification-based final output
generation, both focused on decision support. Fig. 1 presents the
general flowchart of the hybrid architecture proposed in this
study.
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Fig. 1. Proposed hybrid model.

The raw interaction logs in the ASSISTments dataset reflect
students' problem-solving behaviors in chronological order. The
feature engineering process performed on the dataset is
described in detail in Section III-C.

In the Base Learners phase, ANFIS, RF, and XGBoost
regression processes are performed. With ANFIS, student
behaviors are represented by linguistic, interpretable rules, and
a continuously valued achievementscoreis obtained. In addition
to ANFIS, XGBoost models were trained in regression mode to
capture nonlinear patterns with high accuracy, and RF models
were trained for robustness to noise and stable prediction. These
models complement ANFIS by enabling learning of complex
feature interactions, robustness to noise, and high generalization
performance.

Three independent models are trained using the same input
properties x;

YN = funris (%)
y\iRszRF(XL’) (15)
y\iXGB = fXGBoost(Xi)

All of these models are structured in regression mode to
predict a continuous student achievement score from binary-
labeled data.

In the next stage, the regression-based predictions are fed
into the fusion layer, which is at the heart of the hybrid
architecture. Two different hybridization strategies, weighted
ensemble and stacking, were evaluated in this study.

In the weighted ensemble approach, the output of each
modelis weightedaccordingto its performance onthe validation
data:

iV = agNIS 4 BOFT +y9FeE (16)
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Here, a+ f+y=1,a,8,y =0, and this can be
determined based on validation set performance, model
reliability, or grid search optimization. Thus, it balances the
weaknesses of individual models and increases the stability of
the regression output.

In stacking-based hybrid learning, the ANFIS, RF, and
XGBoost outputs are treated as meta-features and fed to a
second-level learner. This meta-learner is structured as a linear
regression classifier for regression and a logistic regression
classifier for classification. This stacking structure produces a
more powerful prediction by learning complementary
information between models.

z; = [§N, 97, 9P ] (17

Here, z; is the meta-input vector.

For the final estimate:
9 = g(2)) (18)

Here, g() is chosen to be either a linear or a low-complexity
regression model.

The consistent success scores were transformed into a binary
classification problem for decision support in educational
applications. This transformation was performed using the
following thresholding function:

~hybrid
] >
yi - 1’ thYbrid =t (19)
0, V. <T

4

Here, the threshold value T is optimized on the validation
set.

The proposed hybrid architecture offers the following
advantages:

e Uncertainty Awareness: ANFIS explicitly models fuzzy
patterns in student behavior.

e High Predictive Power: RF and XGBoost successfully
capture complex and nonlinear relationships.

o Interpretability: ANFIS rules allow for pedagogical
interpretation of prediction results.

e Flexible Use: The architecture is naturally adaptable to
both regression and classification scenarios.

J. Performance Evaluation Metrics

The proposed hybrid architecture treats student achievement
as both a continuous performance score (regression) and a
binary decision outcome (classification). Therefore, model
performance was analyzed using a two-stage evaluation strategy
appropriate to the nature of the problem. In the first stage, the
accuracy of regression-based predictions was measured, and in
the second stage, the classification performance of the resulting
hybrid outcomes was evaluated.

This multi-level performance evaluation strategy
comprehensively demonstrates not only the prediction accuracy
of the proposed hybrid model but also its practical usability for
early warning and pedagogical decision-support systems.
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1) Regression-based evaluation metrics: The ANFIS, RF,
and XGBoost models were structured in regression mode to
predict the student's consistent success score on the relevant
problem. The metrics used at this stage measure the level of
error between the predicted values and the actual labels. For
regression-based models, the Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Coefficient of
Determination (R?) metrics were used [11, 22, 24].

Furthermore, the continuous predictions generated by
regression models are subsequently converted to a binary
classification problem for evaluating decision performance.
Fixed threshold values are commonly used for this process.
However, the literature indicates that such fixed thresholds do
not guarantee optimal decision performance, especially when
the class distribution is unbalanced and false-positive and false-
negative errors have asymmetric costs [54, 55]. To overcome
this limitation, an adaptive thresholding method based on the
ROC curve was used in this study, rather than a fixed
thresholding approach. The adaptive threshold was set to the
point on the ROC curve that best balances sensitivity and
specificity. For this purpose, the Youden Index (J), widely used
in the literature, was adopted [56]. The Youden index is defined
as follows:

J =TPR— FPR (20)

This criterion determines the decision boundary that best
distinguishes between classes by selecting a threshold value that
maximizes the true positive rate while minimizing the false
positive rate.

The ROC-based adaptive thresholding approach allows
evaluation not only of the continuous predictive accuracy of
models but also of their decision-making success, in a manner
sensitive to data distribution. Particularly in online mathematics
learning environments, considering the pedagogical
consequences of incorrectly classifying a failing student as
successful, this approach offers a more realistic and reliable
assessment framework [44, 57].

2) Classification-based evaluation metrics: Regression-
based hybrid outputs were converted into a binary classification
problem using a threshold or a meta-classifier for decision
support. Classification performance was evaluated using
accuracy, recall, precision, and F1-score [4, 47, 58].

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

This section describes the experimental setup used to
objectively and reproducibly evaluate the performance of the
proposed hybrid neuro-fuzzy and machine-leaming-based
architecture. The experiments were designed within a multi-
stage framework aimingto predict student achievement levelsin
online mathematics learning environments in both continuous
(regression) and binary (classification) forms. In this context, the
comparative performance of single learners and hybrid
regression and hybrid classifier models was analyzed on raw and
derived feature sets using the ASSISTments dataset. The entire
experimental process was structured with the principles of fair
comparison and data leakage prevention in mind.
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B. Dataset and Splitting Strategy

In the experimental analyses, a student-based splitting
strategy was adopted to prevent data leakage and to realistically
evaluate the models' generalization ability. In this approach, the
interactions of the same student were included in only one subset
(training, validation, or testing). Thus, by measuring the model's
performance on students it has not previously encountered, an
evaluation closer to practical use cases was provided. The
dataset was divided into three subsets: 60% for training, 20% for
validation, and 20% for testing. The training set was used to
learn the model parameters, the validation set for
hyperparameter adjustments and determining hybrid model
weights, and the testing set for the final performance evaluation.
In the classification phase, the distribution of success and failure
labels was analyzed, focusing onrecall and F1-score to mitigate
class imbalance and prevent skewed performance metrics.
Thanks to this splitting strategy, the reliability of the proposed
hybrid regression and hybrid classifier models in terms of both
prediction accuracy and early warning systems was evaluated
consistently and fairly.

C. Experimental Scenarios

To comprehensively evaluate the effectiveness of the
proposed architecture, numerous experimental scenarios were
designed that incorporated different model types, feature sets,
and learning paradigms. These experimental scenarios aim to
analyze the performance of individual models and clearly
demonstrate the contribution of hybrid structures. In this
context, the experiments were grouped into three main
categories: individual regression models, hybrid regression
models, and hybrid classification models.

In individual regression models, student achievement was
treated as a continuous performance score, and ANFIS, RF, and
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XGBoostmodels weretrainedin regression mode. The goal was
to compare the fundamental predictive capabilities of different
learning paradigms on the ASSISTments dataset. In this context,
analysis was performed with three regression models and three
feature sets (raw, derived, and hybrid). These scenarios enable
analysisoftheimpact of feature engineeringand model structure
on regression performance.

Hybrid regression scenarios aim to achieve more stable,
accurate predictions by combining outputs from individual
models. In this stage, ANFIS, RF, and XGBoost regression
outputs were used as inputs to hybrid coupling mechanisms.
These experiments were designed to evaluate the performance
change and generalization status of the hybrid approach
compared to single models.

In the hybrid classification scenario, the continuous success
scores from the hybrid regression models were converted into
binary classification labels for decision support. In this scenario,
students were divided into two classes. This scenario aims to
evaluate the applicability of the proposed architecture for early
warning systems and its potential for pedagogical decision
support.

D. Comparison of Individual Models

In this section, the performance of the individual regression
models that constitute the core components of the proposed
hybrid architecture is comprehensively analyzed. Student
achievement is treated as a continuous output variable, and the
ANFIS, RF, and XGBoost models are evaluated within the
regression framework. Each model was trained and tested
separately using raw features, derived features, and hybrid
feature sets to examine the effect of feature representations on
prediction performance. The test results obtained after nine
analyses are given in Table V.

TABLE V. PERFORMANCE OF SINGLE REGRESSION MODELS
Regression Decision
Model Features RMSE MAE R* Threshold Accuracy Precision Recall F1
Raw 0.2633 0.1409 | 0.6699 0.4825 0.922063 0.902544 0.9962 0.9471
ANFIS Derived 0.4159 0.3461 | 0.1765 0.7169 0.681849 0.828835 0.6874 0.7515
Hybrid 0.2545 0.1411 | 0.6917 0.6971 0.916655 0.918273 0.9670 0.9420
Raw 0.2561 0.1352 | 0.6878 0.8174 0.916943 0.910889 0.9769 0.9427
RF Derived 0.4082 0.3301 | 0.2065 0.6790 0.714277 0.821494 0.7561 0.7874
Hybrid 0.2369 0.1146 | 0.7327 0.7135 0912187 0.936491 0.9382 0.9373
Raw 0.2597 0.1386 | 0.6790 0.8058 0.918995 0.906226 0.9863 0.9446
XGBoost | Derived 0.4109 0.3399 | 0.1961 0.6966 0.704823 0.824742 0.7343 0.7769
Hybrid 0.2434 0.1261 | 0.7179 0.6899 0.914872 0.927508 0.9528 0.9400

The table's results point to three clear and consistent
findings. There is a significant performance decrease in all
models when derived features are usedalone. The hybrid feature
set (Raw + Derived) is the most balanced and robust structure
for all models. RF and XGBoost perform better in regression
than ANFIS; however, ANFIS remains competitive in decision-
making accuracy.

The lowest RMSE was obtained with the RF-Hybrid
(0.2369),and the lowest MAE was obtained with the RF-Hybrid
(0.1146). Thisresult showsthat RF is the most successful model
in the hybrid feature space, with both lower mean error and
lower extreme sensitivity. ANFIS-Hybrid(RMSE=0.2545)and
XGB-Hybrid(RMSE=0.2434) are robust; however, RF-Hybrid
is significantly ahead.
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The highest R? values were obtained in the RF-Hybrid
(0.7327)model, followed by the XGBoost-Hybrid (0.7179) and
ANFIS-Hybrid (0.6917) models. This clearly shows that hybrid
features enable the model to better explain the variance in the
outputvariable. In particular, the fact that derived features alone
dramatically reduce R? (=0.17-0.20) indicates that they do not
replace raw information butrather play a complementary role.

The highest accuracy was obtained with the ANFIS-Raw
(0.9221) model, followed by the XGBoost-Raw (0.9190) and
RF-Raw (0.9169) models. It is worth noting that raw features
yield clearer classification signals when using decision
thresholds.

The highest recall value was obtained in the ANFIS — Raw
(0.9962) model, and the most balanced precision-recall value
was obtained in the RF — Hybrid (0.9365/0.9382) model. The
ANFIS-Raw configuration exhibits a recall-oriented character,
while the RF-Hybrid model shows a balance-oriented character.

The highest F1 value was obtained in the ANFIS — Raw
(0.9471)model, followedby the closely related XGBoost— Raw
(0.9446) and RF — Hybrid (0.9373) models. This indicates that
raw features are highly effective for classification, especially
with ANFIS and XGB.

The findings show that using derived features alone reduces
both regression and decision success, whereas the hybrid
structure, which combines raw and derived features, provides
significant and consistent improvements, particularly in
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regression performance. In terms of classification, raw features
were observed to contain more distinct discriminative
information, especially in the ANFIS and XGBoost models.

E. Hybrid Regression Results

1) Weighted ensemble performance: Ensemble learning
approaches aimto reduce the generalizationerrors of individual
models by combining their outputs, leveraging models with
different assumptions and learning mechanisms [59], [60].
Weighted ensemble methods, in particular, offer a more
balanced and effective estimationmechanismby accounting for
each sub-model's validation performance, whereas simple
averaging approaches assume all models contribute equally
[60].In this study, the uncertainty modeling and interpretability
advantages of ANFIS are combined with the high
generalization capabilities of RF and XGBoost models, and the
contributions of the sub-models to the ensemble output are
adaptively determined based on their validation-set error.
Optimizing the weights inversely proportional to the RMSE
values calculated on the validation data ensures that models
with lower prediction errors have a greater impact on the final
decision. This approach is consistent with the performance-
based weighting strategies proposed in the literature [60], [61]
and aims to contribute to more reliable prediction of student
success in online mathematics education, in terms of both
accuracy and stability. The most successful validation results,
including RMSE-based weighted ensemble analysis and single
regression, are shown in Table VL

TABLE VI. WEIGHTED HYBRID VS. SINGLE MODELS
Model RMSE MAE R? Threshold Accuracy Precision Recall F1
RF+Hybrid 0.2369 0.1146 0.7327 0.7135 0912187 0.936491 0.9382 0.9373
Weighted Hybrid | 0.2414 0.1255 0.7226 0.7014 0.916732 0.928630 0.9544 0.9413

Table VI evaluates the regression-based prediction
performance and the classification performance derived from
these predictions. The RF+Hybrid model has lower RMSE
(0.2369) and MAE (0.1146) than the weighted hybrid model.
However,its R?(0.7327) value is higher. These findings indicate
thatthe RF-based hybridapproachhashigherexplanatory power
and a lower error rate in predicting continuous success scores.
Therefore, the RF+Hybrid model is more advantageous in terms
of pure regression accuracy.

In contrast, when classification performance is examined,
the weighted hybrid model offers more balanced and robust
results. Although the RMSE and MAE values of the weighted
hybrid model are slightly higher than those of the RF+Hybrid, it
is superiorin terms of accuracy (0.9167), recall (0.9544), and,
especially, the F1 score (0.9413). This increase in recall value is
critical, particularly in avoiding missing the "successful student”
class, and yields a more pedagogically meaningful result in the
context of educational analytics.

When the threshold values are examined, it is seen that the
RF+Hybrid model usesahigher threshold (0.7135), whereas the
weighted hybrid model uses alower one (0.7014). This indicates
that the weighted hybrid model creates a more comprehensive

decision threshold, thereby increasing true positives and
positively impacting Recall and F1 scores.

In conclusion, while the RF+Hybrid model provides lower
error and higher explanatory power for continuous success
prediction, theweighted hybrid model offers a more appropriate,
balanced performance in classification-based decision-support
scenarios—especially in online learning environments that
require early risk detectionandintervention. This finding clearly
demonstrates that, in hybrid learning analytics studies that
consider both regression and classification objectives, model
selection should be guided by the problem context.

2) Stacking-based hybrid performance: Stacking (stacked
generalization) is an advanced ensemble learning approach that
combines the outputs of multiple base learners via a higher-
level meta-learner and is particularly notable for its ability to
effectively integrate the complementary strengths of different
model types [62, 63]. In this approach, instead of using the
predictions generated by the baseline models directly as the
final decision, they are reweighted by a model learned in the
second stage, thus incorporating nonlinear relationships
between model outputs into the learning process [60]. In this
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study, the outputs of ANFIS, RF, and XGBoost models were
combined within a stacking framework. A linear regression
model, whichis simple and limits overfitting, was chosen as the
meta-learner,and the final student success prediction was made
using the continuous success scores from the baseline models.
This structure is consistent with studies in the literature
showing that heterogeneous ensemble models offer higher
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prediction accuracy compared to singular and weighted
ensemble approaches [61, 63] and aims to more effectively
model complex and uncertain student interactions in online
mathematics education. The results of the hybrid regression
analysis and the most successful singularregression results are
given in Table VIL

TABLE VII. HYBRID REGRESSION AND SINGLE-DOMAIN REGRESSION RESULTS

Model RMSE MAE R* Threshold Accuracy Precision Recall F1
RF+Hybrid 0.2369 0.1146 0.7327 0.7135 0912187 0.936491 0.9382 0.9373
Weighted Hybrid 02414 0.1255 0.7226 0.7014 0916732 0.928630 0.9544 0.9413
Stacking Hybrid 0.2503 0.1280 0.7017 0.5801 0916157 0.929559 0.9524 0.9408

The results show that different hybridization strategies
achieve a significant balance between minimizing error and
maintaining decision sensitivity. In terms of regression
performance, the RF+Hybrid model exhibits the lowest RMSE
(0.2369)and MAE (0.1146), while also offering the highest R?
(0.7327). This indicates that the RF-based hybrid structure
produces more accurate continuous predictions of student
achievement scores by effectively modeling nonlinear
relationships. Therefore, the RF+Hybrid approach stands outin
scenarios where pure regression accuracy and error
minimization are prioritized. In contrast, while weighted and
stacking hybrid models exhibit relatively higher regression
errors, they offer more balanced and competitive classification
performance. Specifically, the weighted hybrid model achieves
the highestrecall (0.9544) and F1 score (0.9413),demonstrating
a more sensitive structure for accurately identifying at-risk
students. Similarly, the stacking hybrid model, despite usinga
lower decision threshold (0.5801), demonstrated comparable
recall (0.9524) and F1 (0.9408) scores. This finding shows that
the meta-learning-based stacking approach can leverage the
complementary information content of different regressors.

When examining the decision thresholds, it is observed that
the RF+Hybrid model adopts a more conservative classification
strategy with a higher threshold (0.7135), whereas the weighted
hybrid and, especially, the stacking hybrid models increase the
true positive rate by operating with lower thresholds. This
preference directly affected the precision-recall trade-off,
resulting in higher recall and F1 scores.

Overall, the RF+Hybrid model offers the strongest
performance in continuous success prediction, while the
weighted and stacking hybrid models are better suited for
classification-based decision-support applications. Theseresults
clearly demonstrate that in online education analytics, rather
than asingle “best”model, different hybrid regression strategies
should be preferred depending on the problem objectives (error
minimization vs. early risk detection).

F. Meta-Classification Results

This section presents the results obtained by combining
continuous success scores derived from regression models
within weighted ensemble and stacking-based hybrid
classification structures. The analyses show that hybrid
approaches, while not significantly improving classification
accuracy oversingle models, produce more stable and consistent

results across different experimental scenarios and feature sets.
This supports the usability of hybrid architectures as reliable
early warning systems in online mathematics education.

In the proposed meta-classification structure, raw or derived
features were not directly fed to the classifier; instead,
continuous success scores obtained from ANFIS, RF, and
XGBoost regression models were used as meta-features. Thus,
different learning biases of the base models were integrated at
the meta-level to arrive at the final decision. Classification was
performed usinglogistic regression. After analysis, the accuracy
was 0.916560, the precision was 0.929140, the recall was
0.9535, and the F1 score was 0.9412.

When the experimental results are examined, it is generally
observed that the individual models and the proposed hybrid
structures exhibit similar performance on metrics such as
accuracy and Fl-score. This proves that the pedagogical
variables (PCR, PAM, RPT, etc.) derived from raw data during
the feature engineering phase have a very strong signal capacity
in representing the fundamental patterns in student behavior.
Therefore, the similarity in performance between the models is
considered a saturation point resulting from the high quality of
the distinguishing features in the dataset.

G. Interpretability Analysis (ANFIS)

This section outlines the interpretability advantages of the
ANFIS model within the proposed hybrid architecture. In online
mathematics learning environments, high prediction accuracy is
as critical as the pedagogical interpretability of these
predictions. Unlike black-box machine learning models,
ANFIS's Sugeno-type fuzzy inference mechanism allows for a
clear examination of the underlying logical relationships in
predicting success by representing student interactions through
"If-Then" rules. In this context, the ANFIS model is considered
not only a predictor within the hybrid structure but also an
explanatory component that transforms the uncertainty in
student behavior into a pedagogically interpretable form. Three
rules have been established in the educational process using the
hybrid feature set and the ANFIS model. These are:

Rule 1: IF ACislow [MF 1] AND HC is low [MF 1] AND
RT islow [MF 1] AND OT is low [MF 1] AND SDI is low [MF
1]AND SEL islow[MF 1JAND RPT ishigh [MF 1] AND PCR
islow [MF 1] AND PAM is low [MF 1] AND PHM is low [MF
1] AND OC is low [MF 1] THEN output=-24.596*x -6.812*x
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-0.123*x -12.608*x -0.436*x +0.764*x -0.033*x -0.226*x
+0.689*x +0.474*x +0.309*x +2.747

Rule 2: IF AC is low [MF 2] AND HC is low [MF 2] AND
RT islow[MF 2] AND OT is low [MF 2] AND SDI is low [MF
2] AND SEL islow[MF2]AND RPT is high [MF2] AND PCR
is low [MF 2] AND PAM is low [MF 2] AND PHM is low [MF
2] AND OC is low [MF 2] THEN output=-0.029*x -0.058*x
+0.006*x -0.059*x -0.104*x -0.001*x +0.006*x +0.050*x
+0.002*x +0.009*x -0.009*x +0.054

Rule 3: IF AC is low [MF 3] AND HC is low [MF 3] AND
RT is low [MF 3] AND OT is low [MF 3] AND SDIis low [MF
3]AND SEL islow [MF 3] AND RPT ishigh [MF3] AND PCR
is low [MF 3] AND PAM is low [MF 3] AND PHM is low [MF
31 AND OC is low [MF 3] THEN output=-4.253*x -1.033*x -
0.507*x +8.283*x -0.153*x +0.201*x -0.056*x +0.462*x
+0.033*x -0.106*x +0.088*x -0.425

The Takagi-Sugeno-Kang (TSK) type fuzzy rules obtained
in the study reflect the system's behavioral tendencies towards a
specific student profile. The antecedents of the three rules
examined are identical: they describe a group of students with
low experience and low past achievement, but whose current
performance is on the rise.

The linear regression coefficients in the consequences of the
rules determine the weight of the variables on the outcome.

e Rule 1 (High-Precision Estimation): This rule has the
highest coefficient (w; = —24.596). Academically, this
indicates that the model attempts to capture "extreme
values" in thisspecific student group. It is the component
of the system that gives the harshest punitive response to
the increase in the number of erroneous trials.

e Rule 2 (Stable Estimation): The proximity of the
coefficients to zero ((w; = 0)) proves that this rule acts
as an "anchor" in the system. It stabilizes the output by
filtering noise in the variables and prevents overfitting.

o Rule 3 (Balanced Effect): Rule 3 establishes a balance
between positive and negative weights. Specifically, the
+8.283 coefficient on the fourth variable indicates that a
particular parameter (e.g., dwell time or response speed)
is considered strong evidence in favor of "leaming"
under this rule.

When the rules are examined as a whole, it is seen that the
factors "Low Experience" and "Low Past Success" aretreated as
negative starting points (biases) by the model. However, the
"RPT is high" condition causes the model to categorize the
student as a "recovering student".

The fact that these three rules share the same antecedent
confirms thatthe systemuses a fuzzy clusteringmethod and that
the final prediction is produced by taking the weighted average
of these rules (defuzzification). This shows that the model can
make more flexible predictions by combining multiple local
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models withdifferentgradients rather thana single linear model.
The model's membership functions are determined by the model
and shown in Fig. 2.

The membership functions used in the system are generally
Gaussian or Generalized Bell-type curves. This choice ensures
that the transitions between input values are smooth and
continuous, rather than sharp, allowing the model to more
accurately capture non-linear student behavior. As shown in
Fig. 2, features such as HCand PAM show asymmetric intensity
distributions at low values, whereas cognitive load indicators
such as RT and SDI exhibit normal distributions. This
configuration allows the system to respond aggressively to
student errors while calculating success trends with a more
balanced weighted average.

In the AC, HC, PAM, and PHM graphs, the curves are
leaning to the left (towards zero). The model considers the
amount of student use of systemic assistance tools as an
indicator of "independence." The rapid damping of the curves
after a scale of 0.4 indicates that the system labels a small
number of trials as "positive/low" and that, when this threshold
is exceeded, the student quickly moves into the "struggling
student" category. The fact that the OC graph also peaks at
similarly low values indicates that the initial responses to newly
encountered tasks are weighted.

In the PCR and SEL graphs, membership levelsspan a wider
range. These variables determine the model's "long-term student
profile." In the PCR graph, high membership values in the 0.6-
0.8 range indicate that the system evaluates students with
moderate-to-high achievement levels within a similar
confidence interval. In the SEL graph, the distinct separation of
different clusters (blue, orange, and yellow curves) suggests that
the model triggers different rule sets for novice and expert
students.

The RT and SDI graphs exhibita complete bell-shaped
curve. These parameters represent the student's cognitive state.
The RT graph peaking around 0.7-0.8 indicates that the system
considers responses that follow a specific thought process
"ideal," ratherthanthosethat aretoo fast (predictive) or too slow
(disconnected). The SDI, which peaks in the 0.3-0.4 range,
indicates that the system measures performance more stably on
medium-easy tasks.

The RPT function is perfectly symmetrical and centered at
0. These variables measure the model's "learning momentum.”
Centering the momentum at zero indicates that the model has an
unbiased starting point for the student's direction (progress or
regression), and even a slight deviation in the trend immediately
affects the output (via Rule 1-3 coefficients).

During the fuzzification of the 11 model input parameters,
the variances of the Gaussian membership functions were
optimized based on the educational significance of each
variable.
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Fig. 2.
respectively).

V. DISCUSSION OF RESULTS

The findings of this study reveal, from both methodological
and pedagogical perspectives, the advantages that hybrid
approaches offer in predicting student achievement in online
mathematics education compared to singular models and
traditional assessment methods.

A. Hybrid Model Performance and Predictive Stability

Experimental results show that hybrid structures combining
RF, XGBoost, and ANFIS models exhibit more stable
performance in predicting continuous success scores
(regression) and identifying at-risk students (classification).
Specifically, the RF+Hybrid model, achievingthe lowest RMSE
(0.2369)andthe highestR?(0.7327), confirms the poweroftree-
based ensemble learning algorithms in modeling complex,

Membership functions created with ANFIS and hybrid features ("AC", "HC", "RT", "OT", "SDI", "SEL", "RPT", "PCR", "PAM", "PHM", and "OC",

nonlinear student behavior. However, the weighted hybrid
model, which achieves the highest F1-score (0.9413) and recall
value (0.9544) in the classification phase, demonstrates that
combining the models with weights minimizes erroneous
decisions and produces more reliable early warning signals.

The numerical similarity in the classification performance of
the models necessitates considering not only 'total accuracy' but
also strategic metrics such as 'prediction stability' and 'error type
cost'when selectinga model. Whilesingle-domain models (e.g,
ANFIS-Raw) achieve high accuracy in some scenarios, the
weighted hybrid model's high recall (0.9544) and F1 score
(0.9413) during the classification phase provide a more reliable
decision boundary for identifying at-risk students. This finding
confirms that the hybrid architecture minimizes asymmetric
error costs (mistaking failing students for passing students),
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generating a more reliable early warning signal in the context of
educational analytics.

B. The Role of Feature Engineering and Information
Complementarity

Feature analysis resultsindicate that combiningraw dataand
derived features is critical for model performance. The dramatic
decrease in R? values (=0.17—-0.20) in scenarios where derived
features are used alone indicates that these features cannot
replace raw interaction information and should be included in
the model as "context providers". In particular, the negligible
correlation of the RPT feature with other features indicates that
it provides independent, high-value "learning momentum"
information for the model.

C. Uncertainty Management and Pedagogical Interpretability

The IF-THEN rules and membership functions provided by
the ANFIS model have made the logical process underlying
predictions transparent, unlike those of machine learning
models, which are often described as "black boxes."

e Help-Seeking Behavior: The concentration of
membership functions for HC and AC features at low
valuesindicates that the model positively weights theuse
of a small number of hints as "learning independence"
and quickly moves the learner to the "risky" category
when a certain threshold is exceeded.

e Cognitive Load: The bell-curve form of RT documents
that the system considers responses that come after a
reasonable thought process as "ideal," rather than
responses that are too fast (predictive) or too slow
(disconnected).

D. Practical Applicability and Decision Support Potential

The study's two-stage (regression and classification)
structure provides educators with both a continuous "probability
of success" and a clear "successful/at-risk" label. The use of
ROC-based adaptive thresholding created a more reliable
decision boundary, particularly by reducing the pedagogical
risks of false negatives (countinga failing student as successful).
This suggests thatthe proposed model can be integrated into an
early warning system for real-time monitoring on online
mathematics platforms.

VI. CONCLUSION AND FUTURE WORK

This study presents a unique hybrid framework combining
fuzzy logic and machine learning techniques to predict student
performance in online mathematics education. The main
findings of the research are as follows:

e Superiority of the Hybrid Structure: Compared to single
models, combining ANFIS's uncertainty modeling with
the high predictive power of Random Forest and
XGBoost yielded more balanced, reliable results.

e Prediction Accuracy: While the Random Forest (RF)-
based hybrid model yielded the lowest regression error
(RMSE: 0.2369), the Weighted Hybrid model excelled
in classification accuracy (Accuracy: 0.9167) and risk
detection sensitivity (Recall: 0.9544).

Vol. 17, No. 5, 2026

e Feature Interaction: Supporting raw interaction data with
derived pedagogical features significantly increased the
model's explanatory power (R?).

e Explainability: The linguistic rules generated by ANFIS,
unlike "black box" models, have enabled understanding
of the cognitive and behavioral reasons behind the risk
of failure (such as overuse of hints or temporal
disconnections).

Research results have shown that different modeling
paradigms (neuro-fuzzy and tree-based ensemble learning)
achieve similar accuracy levels. However, the high predictive
power offered by Random Forest and XGBoost models,
supported by ANFIS's pedagogically interpretable IF-THEN
rules, distinguishes the proposed hybrid framework from 'black
box' models, making it unique. This not only provides high
predictive performance but also enhances the pedagogical value
of the study by enabling an understanding of the cognitive
reasons behind the risk of failure (such as overuse of hints or
temporal disconnections).

In the future, this model is planned to be tested with datasets
from different disciplines and integrated into a real-time
educational interface to provide teachers with instant
intervention reports.

VII. PEDAGOGICAL RECOMMENDATIONS

Based on the findings from the model's membership
functions and rule analysis (ANFIS), the following
recommendations have been developed for online mathematics
platforms:

e Balanced Use of Hints: Since excessive hinting (HC) is
perceived by the model as a direct risk signal, the system
should direct students to additional explanatory videos
after a certain pointinstead of overwhelming them with
hints.

e Encouragement of Ideal Thinking Time: Since very fast
responses are often considered guessing (gaming the
system), a minimum "waiting time" should be
encouraged for students to read and analyze the question.

e Cumulative Follow-up: Due to the cumulative nature of
mathematics education, the system should automatically
define micro-tasks to "remind" students of past topics for
those with low past achievement rates (PCR).

e Feedback Focused on Learning Momentum:
Motivational messages should be delivered focusing not
only on the result but also on the student's rising
performance trend (RPT).

VII. LIMITATIONS AND THREATS TO VALIDITY
The following limitations should be considered when

evaluating the results of the study:

e DatasetCoverage: Analyses were performed only for the
mathematics domain using the ASSISTments dataset
(2009-2010); additional validations are needed to
generalize the results to other subject areas (language,
science, etc.).
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e External Factors: Off-platform data, such as students'
off-platform study habits, physical environment, or
socio-economic status, could not be included in the
model.

e Interaction Limitations: To maintain the stability of the
model, students with very few (below 5) or many (above
1000) interactions were excluded from the analysis, as
this may affect performance in extreme profiles.

e Computational Cost: The hybrid structure combining
ANFIS and ensemble models may require high
computational power in systems with very large-scale
and real-time applications.
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