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Abstract: The use of educational data to gain deeper
insights into learners’ interaction histories with Intelligent
Tutoring Systems (ITS) is receiving increasing attention,
especially in the context of online learning and the growing
demand for digital transformation in education. Predicting
learners’ academic performance through the analysis and
evaluation of their recorded activities in ITS plays a critical
role in supporting educational administrators and instructors.
An understanding of learners’ abilities helps refine teaching
methods and optimize learning environments, ultimately en-
hancing educational quality. Our research improves upon our
previous work, which utilized only LSTM, by incorporating
an ensemble model - CL-PSP, combining CNN and LSTM
networks. Specifically, the study focuses on predicting learn-
ers’ CFA capability - the likelihood of learners answering
correctly on their first attempt. Knowledge evolves over time,
observed in users’ interaction preferences within session-
based recommendation systems. CL-PSP leverages critical
factor in shaping learners’ academic performance in two
educational datasets, KDD Cup 2010 and Assistment 2017.
Several enhancements, including a revised ensemble architec-
ture, improved error measurement, and refinements in data
preprocessing. Results demonstrate that the proposed model
significantly outperforms existing models, achieving superior
performance with a lower Root Mean Square Error (RMSE).
On the KDD Cup 2010 dataset, the model achieves a mini-
mum RMSE of 0.375, while notable improvements are also
observed on the Assistment 2017 dataset, further underscoring
the model’s effectiveness and robustness. The experimental
results underscore the feasibility and considerable potential of
utilizing session-based data in ITS to enhance both learning
performance and educational quality.

Keywords: Ensemble CNN-LSTM, Intelligent Tutoring Sys-
tems; Performance prediction; Session-based recommender sys-
tem.

I. INTRODUCTION

Intelligent Tutoring Systems are computer-based teaching
and learning management systems that provide personal-

ized assessments of individual competencies [1]. Within
their operational architecture, ITSs enhance interactive en-
vironments, learning experiences for both learners and
instructors through the integration of artificial intelligence
techniques, including: (1) Machine learning techniques:
encompass methods such as classification, clustering, re-
gression, and reinforcement learning, which are utilized to
predict learners’ abilities based on current interaction data
or learning history. These techniques enable the dynamic
adjustment of the learning environment, facilitating person-
alized learning improvements through predictive modeling.
(2) Data mining techniques: Data mining techniques: in-
volve the processing, analysis, searching, and extraction of
features using various analytical methods, such as cluster-
ing, multivariate analysis, and quantitative approaches, to
derive insights from educational data. (3) Recommendation
techniques: offer recommendations for relevant knowledge,
course materials, problem-solving strategies, resources, and
exercises tailored to the learner’s progress and proficiency.
(4) Natural language processing (NLP) techniques: are
employed for syntactic and semantic analysis to com-
prehend, classify, and evaluate the feedback and needs
of both learners and instructors. (5) Expert knowledge:
as advisory tools, providing context-specific solutions and
recommendations for both learners and instructors, based
on individual circumstances and learning needs.

Recommender systems (RS) have emerged as a vital tool
for processing end-user data. Particularly in addressing the
challenges posed by vast volumes of information, diverse
formats, and complex structures across various domains.
Advances in RS techniques have revolutionized data uti-
lization, enhancing efficiency in areas such as e-commerce,
entertainment, and essential fields like education and train-
ing. One of the most popular approaches is collaborative
filtering (CF), which generates recommendations based on
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the behaviors and preferences of similar user groups from
the past. This method assumes that users are likely to enjoy
content favored by others with similar preferences. CF is
typically categorized into two main types: (1) User-based
CF: analyzes users’ rating histories to identify ”similar”
users (measures such as Cosine, Euclidean, or Pearson). It
then recommends items that these similar users have liked
but the current user has not yet explored. (2) Item-based
CF: evaluates the similarity between items based on how
they have been rated or used by users. It then suggests
items similar to those the user has previously liked or rated
highly. Beyond CF, other techniques commonly employed
in RS. Content-based filtering: recommendations are gen-
erated by analyzing the attributes of items. Knowledge-
based filtering: this approach leverages domain-specific
information and rules tailored to user needs or contexts.
Hybrid methods: these combine multiple approaches to
enhance accuracy and relevance. Ultimately, to optimize RS
performance and enhance user experiences, the flexibility
to integrate and adapt various methods remains a key factor
across diverse applications.

In the context of ITS, session-based recommendation
systems (SBRS) play a crucial role in providing accurate
and timely learning suggestions. Instead of relying on
past learning history, SBRS leverage students’ behavior
and interactions during each session. This enables per-
sonalized recommendations, thereby optimizing the learn-
ing experience. This approach is particularly important as
students’ learning objectives can change rapidly through-
out the learning process. Numerous studies have focused
on early prediction of learning outcomes based on data
collected from ITSs. A study by Li [2] applied a 1D
CNN (Convolutional Neural Networks) model to extract
data features, combined with LTMS, to predict the course
outcomes of students preparing for the start of a term. The
experimental results were evaluated with an RMSE metric
of 0.785. Further research by [3, 4] expanded this model
by utilizing deep convolutional layers and bidirectional
LSTM (Long Short-Term Memory networks) models to
forecast complex phenomena such as gold price fluctuations
and climate change over time. Additionally, Pan et al. [5]
developed a diverse course RS that employs deep learn-
ing algorithms to extract features from educational data,
thereby optimizing the curriculum for individual learners.
A currently prominent research direction is the prediction
of student performance particularly their ability to correctly
respond on the first attempt to exercises posed by the
ITS. This prediction not only helps assess the readiness of
the learner but serves as the basis for optimizing teaching
systems and assessments. The aim of designing curricula
appropriately meets the specific needs of each student and

enhance teaching effectiveness.

CFA is a key metric for assessing learners’ knowledge
readiness in ITS. This metric reflects the learner’s ability
to correctly answer a question or exercise on their first
attempt. It also provides insight into their understanding
and preparation for the learning content. CFA is widely
used to predict learning outcomes in automated educational
systems. It is integrated into ITS and plays a vital role
in several areas. (1) Assessment of learning ability: As-
sessment of learning ability: CFA helps predict the likeli-
hood of a learner answering a question correctly on their
first attempt. It also forecasts overall learning performance
throughout the course. Based on this information, the ITS
can adjust question difficulty, ensuring an appropriate level
of challenge that supports the learner’s improvement. (2)
Personalization of learning progress and immediate feed-
back: CFA allows the personalization of the learning path
for each learner based on their CFA score. The system can
provide advanced exercises for those with high CFA scores.
For those with lower CFA scores, it can offer remedial
lessons with instant feedback to help those with lower CFA
scores improve. (3) Adjustment of teaching strategies: CFA
enables the ITS to automatically recognize and adjust its
teaching strategies. It does so by suggesting relevant lessons
or materials that support the learner’s progress, ensuring
that the learning path is aligned with their abilities. (4) Data
analysis: The effectiveness of lesson design, exercises, and
questions is evaluated through CFA. A low CFA value may
indicate that the content is too challenging, not aligned with
the required knowledge, or lacks sufficient grounding. This
can lead to gaps in the learner’s problem-solving ability.

Building on our previous work presented at the FDSE
2023 conference [6], we introduce the ensemble CL-PSP
model, which combines CNN and LSTM. This model is
designed to predict learners’ performance by analyzing their
ability to correctly answer questions posed by ITS. To eval-
uate its effectiveness, we utilized two widely recognized
educational datasets: KDDCup 2010 and Assistment 2017.
The key contributions of this study include:

(1) Introduction of the CL-PSP model: We propose CL-
PSP, a hybrid architecture that integrates static feature
extraction within learning sessions using CNN and captures
temporal dynamics through LSTM networks. This combi-
nation allows CL-PSP to accurately predict the CFA, an
important indicator of a learner’s ability to answer correctly
on the first try. CFA has significant practical implications
for educators and educational administrators, as it supports
more effective planning, design, and adaptation of instruc-
tional activities.

(2) Demonstration of CL-PSP’s superior performance:
On the KDDCup 2010 dataset, the CL-PSP model achieved
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a 2.60% reduction in RMSE compared to TAGNN CFA.
Although the results on Assistment 2017 were less pro-
nounced, the RMSE of CL-PSP was approximately 5.47%
higher than that of TAGNN CFA, indicating potential
for improvement. Additionally, our previously published
LSTM-based model showed slightly inferior performance,
with an RMSE increase of about 15.20% and 0.63%
compared to CL-PSP, respectively. These results confirm
the effectiveness and practical potential of CL-PSP in
ITSs, particularly for tasks involving learning performance
prediction through comprehensive comparative analysis.

II. RELATED RESEARCH AND RECOMMEN-
DATION SYSTEMS

1. Related works in predicting academic performance

In the context of modern education, data mining has be-
come an essential tool for enhancing learning efficiency
and improving educational quality. Numerous studies have
applied advanced approaches such as machine learning,
neural networks, and hybrid models to predict learning
performance, analyze behavior, and optimize learning pro-
cesses. This study categorizes and highlights notable re-
search according to these approaches, thereby emphasizing
their practical applications in the educational domain.

(1) Machine learning approaches: Classical methods
such as Decision Trees, KNN, SVM, XGBoost, LightGBM,
Random Forest, and ensemble techniques have been widely
used to predict CFA and learning performance from static
interaction data in ITS and LMS platforms. BKT [7] and
MF [8] proved effective in capturing knowledge accu-
mulation. To improve classification, Tariq et al.[9] tested
oversampling techniques, with KNN achieving the best
result (83.7%) on a multi-class LMS dataset. While [10]
combined SVM and ANN with an optimization method
to predict pass/fail outcomes and final scores. These ap-
proaches highlight the role of preprocessing and feature
selection in boosting performance on static data. The re-
search [11] used Logistic Regression, Random Forest, and
Naive Bayes to predict graduation GPA from semester-
wise data of 357 students. Accuracy, precision, and F1-
score improved in later semesters (up to 85%) as learning
data accumulated, while early predictions were less reliable
due to limited evidence. Though effective for cumulative
prediction, the approach oversimplifies temporal variation
and early learning progression. Hoq et al.[12] introduced
an explainable ensemble model using KNN, SVM, and
XGBoost, achieving RMSE = 0.151 on programming data.
While SHAP enhanced interpretability, these models lack
sequential modeling. Our CL-PSP combines sophisticated
deep learning techniques to predict continuous learning

behaviors and analyze time-series data, offering the ability
to personalize predictions for individual learners.

(2) Neural network approaches: Recent deep learning
approaches have explored various architectures to model
student behavior and enhance predictive accuracy. STR-
SA [13] applied an attention-based network to recom-
mend discussion threads in MOOCs, capturing session-
level interactions but lacking cumulative learning context.
ClickTree [14] combined BiGRU with a tree-based decoder
to model short-term clickstream behavior while producing
interpretable predictions (AUC = 0.788), yet it focused
only on within-session data. Wang et al. [15] extended
the Deep Knowledge Tracing framework by incorporating
fatigue-related features-such as session duration and activ-
ity intervals-into an RNN-based model to capture cognitive
state transitions. While it improves intra-session prediction,
the model relies heavily on accurate timestamp features and
lacks multi-session generalization. DSMKT [16] introduced
a dual-branch architecture combining masked self-attention
and GRU, further enhanced with online knowledge distilla-
tion. It achieved strong results on multiple datasets (AUC
= 0.8378, ACC = 0.7827 on ASSISTments09), though it
still focuses primarily on next-step prediction without long-
range learner modeling. GGCNN [17] employed Graph
Convolutional Networks with Genetic Algorithms to model
structured student-course relationships, achieving up to
98% accuracy and F1 = 0.84. Meanwhile, MixerKT [18]
used a pure MLP-based architecture to model learning
sequences efficiently, reaching AUC = 0.7575 and KC
accuracy = 0.7171 on AL2005. However, both approaches
lack sequential personalization over time. While each of
these models contributes uniquely-whether through atten-
tion, RNNs, GCNs, or MLP-based designs-they often fail
to capture long-term behavioral trends across sessions. Our
proposed CL-PSP model addresses these limitations by in-
tegrating CNN and LSTM to jointly learn local patterns and
long-range temporal dependencies, enabling personalized
and time-aware CFA prediction.

(3) Hybrid models: Hybrid architectures combine com-
plementary neural components to model complex educa-
tional and prediction tasks. (i) Temporal–structural model-
ing: Several studies incorporate graph-based representations
into sequential learning frameworks. CLGT[19], a graph
transformer model that leverages heterogeneous student
interaction graphs and temporal position embeddings for
predicting performance in collaborative learning. CLGT
outperformed GCN, GAT, and MLP on two real-world
datasets, but its effectiveness depends heavily on graph
quality and scenario-specific generalization. GC-LSTM[20]
predicted dynamic links by feeding graph snapshots into
an LSTM, effectively capturing temporal dependencies

153



Journal on Information Technologies & Communications

and structural transitions. [21] applied a similar model
to traffic forecasting, reporting reduced MAE and RMSE.
However, these models often face challenges when applied
to sparse graphs or rapidly evolving network structures.
(ii) Temporal–spatial modeling: CNN-LSTM hybrids are
widely used in time-series tasks with both spatial and
temporal features. CNN-LSTM model applied by [22]
successfully predicted indoor temperature spikes, achieving
a MAPE between 0.89% and 5.46%. Alhussein et al. [23]
used the same architecture for household load forecasting
with high short-term accuracy. [24] used the same archi-
tecture for household load forecasting with high short-
term accuracy. In education, [24] leveraged CNN-LSTM to
extract key performance indicators from LMS interaction
logs, outperforming models. A recent study by Alnasyan
et al. [25] benchmarked several deep learning architec-
tures—including CNN, RNN, LSTM, Bi-LSTM, and GRU-
on student performance prediction tasks using LMS activity
logs. Among all models, BiLSTM achieved the highest
performance with accuracy of 90%, outperforming CNN
by 4.7%. The study highlight the importance of bidirec-
tional temporal modeling in capturing behavioral patterns
from student log data. Despite strong performance, these
models often require high computational resources and
struggle with large-scale or noisy data. Deeper architectures
are also prone to overfitting when applied to imbalanced
datasets. (ii) Temporal–semantic modeling: To capture se-
mantic context in educational data, LBKT [26] integrated
BERT embeddings with LSTM and Rasch-based encoding,
improving AUC and memory efficiency on long sequences.
Building on this direction, [27] proposed MCQStudent-
BERT, a transformer-based model that incorporates student
history and question-answer semantics to predict answer
choices. Their concatenation-based variant achieved (0.579)
and F1 score (0.740) using Mistral 7B embeddings, outper-
forming summation-based approaches. [28] explored large
language models for learner performance prediction by fine-
tuning GPT-2 on sequences of question content, options,
and correctness. On the ASSISTments 2015 dataset, GPT-
2 (medium) achieved an AUC (0.83) and accuracy (81%),
outperforming DeepIRT, a deep neural variant of item re-
sponse theory, and DKVMN, a memory-augmented model
for multi-skill tracing. TAGNN-Lazy[29], an extension of
the original TAGNN model[30], improves performance in
session-based product recommendation by using directed
graphs and GNNs with attention to capture key user inter-
actions. Evaluated on RSC15 and Diginetica, it outperforms
baseline models in Precision@20 and MRR@20.

While effective in modeling long-range semantic and
temporal patterns, these models incur high computational
costs, limited generalizability, and reduced interpretability.

Although each hybrid strategy targets specific aspects,
challenges remain: structural models struggle with sparse
and dynamic graphs; spatial models are resource-intensive
and sensitive to noisy data; semantic models trade scal-
ability and transparency for expressiveness. To address
these limitations, the proposed CL-PSP integrates CNN for
local feature extraction and LSTM for temporal dynamics,
enhancing CFA prediction in ITSs.

2. Models in recommendation systems

LSTM is a type of RNN specifically designed to process
and predict sequential or time-series data. The strength
of LSTM lies in its ability to retain information over
extended time periods. It addresses the issue of long-
term dependencies and overcoming the vanishing gradient
problem typically encountered in traditional RNNs [31].
Each LSTM layer is capable of preserving information
from previous computations through its unique structure.
An LSTM layer (Figure 1) comprises multiple cells, each
containing three essential gates [32]. These gates are critical
for controlling the flow of information through the network
over time. They act as mechanisms to open or close path-
ways. This enables the network to decide whether to retain,
add, or discard information in the memory state. This is
achieved through the sigmoid activation function and matrix
multiplication operations. LSTM networks include three
primary gates. (1) Forget Gate ( 𝑓𝑡 ): this gate determines
which portions of information from the previous hidden
state (ℎ𝑡−1) should be discarded. Here, (𝑥𝑡 ) represents
the current input, and 𝜎 denotes the sigmoid activation
function. (2) Input Gate (𝑖𝑡 ): this gate decides which new
information will be added to the memory state. It also
updates the candidate memory state 𝐶𝑡 . (3) Output Gate 𝑜𝑡 :
this gate determines which parts of the current hidden state
ℎ𝑡 should be used to generate the output. It also updates
the current memory state 𝐶𝑡 .

Figure 1. LSTM memory structure.
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The proposed CL-PSP model is implemented with three
LSTM layers, measuring the discrepancy between the ac-
tual labels and the model’s predictions in binary classi-
fication tasks using the binary crossentropy loss function
(Eq.1.). This function optimizes the model by calculating
the loss, the difference between the true labels (𝑦) and the
predicted labels (𝑦𝑖), to minimize the loss and improve
accuracy. Here, (𝑦) represents the ground truth label (a
value of 0 or 1), and (𝑦𝑖) denotes predicted probability,
typically obtained through the sigmoid activation function.
The function [Eq.2.] transforms the output (s) into a prob-
ability value within the range [0,1].

𝐿𝑜𝑠𝑠 = −𝑦𝑖 𝑙𝑜𝑔(𝑦𝑖) − (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝑦𝑖) (1)

𝑦𝑖 =
1

1 + 𝑒−𝑠𝑖 (2)

Adam (Adaptive Moment Estimation) [33] is an op-
timization algorithm designed for rapid convergence by
dynamically adjusting the learning rate for each parameter
based on gradient information. It ensures a stable training
process, particularly for sequential or complex time-series
data. Adam helps fine-tune the weights during training to
effectively minimize the loss function.

CF is a technique that can be used to predict learning
outcomes, recommend appropriate learning methods, and
analyze the progress of learners based on data from students
with similar learning behaviors. According to Breese et al.
[34], CF can be categorized into two main approaches:
Model-based and Memory-based. (1) Model-based method:
this approach employs machine learning algorithms to
create prediction models using user and product data. For
instance, techniques like MF or Singular Value Decom-
position can be applied to uncover hidden relationships
between factors that influence learning ability. These factors
include test results, study habits, and classroom participa-
tion. This model can predict a student’s scores on upcoming
tests based on similarities with other students’ learning
characteristics. It effectively handles sparse data, scales
well, and uncovers latent relationships within the data. (2)
Memory-based method: this is the traditional approach in
CF. Predictions about user preferences or behaviors are
made by directly calculating similarities between users or
products based on historical behavior data, without the need
for machine learning models. Memory-based CF includes
two main types: User-based CF and Item-based CF.

According to [35], CF considers the values users as-
sign to products as linked features, forming the basis
for filtering large datasets and supporting predictions and
recommendations. CF is useful in three key tasks. (1)
Predicting learning outcomes: Estimating students’ scores
or academic performance based on the learning behaviors

of students with similar preferences or results. (2) Rec-
ommending learning methods: Suggesting study methods,
learning materials, or lessons based on the study habits
and performance of similar students. (3) Analyzing and
predicting learning progress: Forecasting students’ future
progress or changes in performance, based on past data
and the learning behaviors of other learners. Fundamental
formulas in CF include: (1) User Mean (Eq.3.): the average
value of the user rating scores assigned to the product is
calculated. The average helps to balance the bias in user
ratings, particularly when there are significant differences
in rating levels. For 𝑅𝑎𝑡𝑒𝑢,𝑖: the rating given by user 𝑢 to
item 𝑖; 𝐼𝑡𝑒𝑚𝑢: the set of items rated by user 𝑢. 𝑀𝑒𝑎𝑛𝑢: the
average rating of 𝑢.

(2) Pearson Correlation [36]: it measures the similarity
between two users based on their ratings of common
items. It determines the degree of association between
users through their ratings of similar products (Eq. 4).
Here, 𝑖 ∈ 𝐼𝑡𝑒𝑚𝑢,𝑣 refers to the set of items that both
𝑢 and 𝑣 have rated; 𝑆𝑖𝑚 (𝑢,𝑣) represents the similarity
between users 𝑢 and 𝑣. (3) Prediction of Ratings (Eq.5):
the prediction estimates the score a user will assign to
an item based on the similarity between users or items.
This estimate is computed by aggregating the ratings of
similar users, adjusted to account for variations in users’
average ratings. Let 𝑃𝑟𝑒𝑑𝑢,𝑖: denote the predicted rating
of 𝑢 on 𝑖; 𝑁 refers to the set of neighbors 𝑣 of 𝑢 for 𝑖.
The value of the adjustment coefficient 𝑘 can be identified
through experimental trials and performance evaluation,
where various values are assessed to optimize the model’s
accuracy and prediction quality.

𝑀𝑒𝑎𝑛𝑢 =
1

|𝐼𝑡𝑒𝑚𝑢 |
∑︁

𝑖∈𝐼𝑡𝑒𝑚𝑢

𝑅𝑎𝑡𝑒𝑢,𝑖 (3)

𝑆𝑖𝑚 (𝑢,𝑣) =

∑
𝑖∈𝐼𝑢𝑣
(𝑅𝑎𝑡𝑒𝑢 − 𝑀𝑒𝑎𝑛𝑢) (𝑅𝑎𝑡𝑒𝑣 − 𝑀𝑒𝑎𝑛𝑣)√︂ ∑

𝑖∈𝐼𝑢𝑣
(𝑅𝑎𝑡𝑒𝑢 − 𝑀𝑒𝑎𝑛𝑢)2 ·

∑
𝑖∈𝐼𝑢𝑣
(𝑅𝑎𝑡𝑒𝑣 − 𝑀𝑒𝑎𝑛𝑣)2

(4)

Pred𝑢,𝑖 = Mean𝑢 + 𝑘
𝑁∑︁
𝑣=1

Sim(𝑢,𝑣)
(
Rate𝑣,𝑖 −Mean𝑣

)
(5)

In our study, the User-based CF technique was employed,
utilizing user similarity computed through the K-Nearest
Neighbors (KNN) algorithm. This method was applied to
estimate correlations and predict students’ ability to answer
questions.

MF: when approached mathematically, involves decom-
posing a large data matrix 𝑅 into the product of two or
more smaller matrices, 𝑃 and 𝑄. Each of these matrices,
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has reduced dimensions, achieved through a lower−rank
representation that retains the essential information. This
enables the identification of hidden patterns or features
within the data. This method is widely used in various
fields such as recommender systems, prediction, and deep
learning. The result of this factorization process is the
connection of sub−matrices. The goal is to reconstruct the
original matrix 𝑅 from 𝑃 and 𝑄 while minimizing the
error, ensuring that 𝑅 is more accurate [37]. Key operations
include the Loss Function, which measures measures the
discrepancy between the actual value 𝑟𝑢 𝑗 and the predicted
value 𝑟𝑢𝑖 (Eq.6). It also includes the optimization function
based on Frobenius norm (Eq.7). Under the assumption that
𝑅[𝑚, 𝑛] represents the input matrix and 𝑃[𝑚, 𝑘], 𝑄 [𝑘, 𝑛]
are the optimal sub−matrices. MF in RS utilizes stochastic
gradient descent (SGD) to predict missing values in the
rating matrix, thereby optimizing the objective function.

Algorithm 1 KNN Algorithm for Performance Student
Prediction
Require: 𝑋train: User–item rating matrix [𝑢, 𝑖]; 𝑋value: Val-

ues of training data [0, 1]; 𝑌pre: User–item prediction
vector;

1: 𝑁: User-neighbors list on item 𝑖; 𝐾: Number
of nearest neighbors.

Ensure: 𝑦̂pre: Predicted value of user 𝑌pre.

2: Step 1: Initialization
3: 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ← ∅ ⊲ A distance list between 𝑢 and its

neighbors

4: Step 2: Main Process
5: for 𝑡 = 1 to |𝑋train | do
6: (1) Computing distance
7: 𝑑 [𝑖] ← 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑋train, 𝑌pre) [𝑖]
8: 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒[𝑖] ← 𝑋value [𝑖]
9: (2) Sorting

10: Sort 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 in ascending order
11: 𝑁 ← first 𝐾 elements of 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒
12: (3) Prediction
13: 𝑟𝑎𝑡𝑖𝑛𝑔 ← average distance of 𝑁 [𝑖]
14: 𝑦̂pre ← highest 𝑟𝑎𝑡𝑖𝑛𝑔 in 𝑁
15: end for
16: return 𝑦̂pre

𝑟𝑢𝑖 = 𝑃𝑢.𝑄
𝑇
𝑖 =

𝐾∑︁
𝑘=1

𝑃𝑢𝑘 .𝑄𝑖𝑘 (6)

𝐿 =
1
2

∑︁
(𝑢,𝑖) ∈𝑅

(𝑟𝑢𝑖 − 𝑟𝑢𝑖)2 +
𝜆

2
(∥𝑃∥2𝐹 + ∥𝑄∥2𝐹) (7)

SGD operates as follows: Random initialization of 𝑃,𝑄.
(2) Updating each vector 𝑝𝑖 , 𝑞 𝑗 (rows of 𝑃,𝑄 respectively)
based on the partial derivatives of the gradient to reduce the
slope of the prediction error relative to the actual values.
The updating process (Eq.8, 9) continues until the objective
function 𝐿 converges, reaching its minimum value. Let 𝜂
(0¡ 𝜂 ¡1) denotes the learning rate.

𝑝𝑖 ← 𝑝𝑖 + 𝜂.[2.(𝑟𝑢𝑖 − 𝑟𝑢𝑖)2.𝑞 𝑗 − 2𝜆𝑝𝑖] (8)

𝑞 𝑗 ← 𝑞 𝑗 + 𝜂.[2.(𝑟𝑢𝑖 − 𝑟𝑢𝑖)2.𝑝𝑖 − 2𝜆𝑞 𝑗 ] (9)

CNNs [38]: stand as a highly efficient deep learning
architecture widely employed in diverse domains, including
computer vision and speech recognition. Through the im-
plementation of convolution operations at diverse levels of
granularity, CNNs demonstrate exceptional proficiency in
extracting essential non-linear features for learning tasks.
This characteristic substantially diminishes the dependence
on manual feature engineering. As a result, CNNs are par-
ticularly well-suited for deployment in predictive systems
and SBRS. LeNet-5 is a prevalent CNN architecture, com-
prising layers: Convolutional, pooling, and fully-connected
layers.

(1) Convolutional layers: consist of input data channels
(𝐼). The feature maps (𝑂) contain output matrices of
neurons. Each neuron is derived from the application of a
filter to a region of the input data in the preceding convolu-
tional layer. The filters 𝐾 are the convolution kernels with
𝑥, 𝑦 representing the indices of the row and column. The
calculation of the value for a recently introduced neuron,
positioned at coordinates (𝑖, 𝑗) within the feature map
associated with the 𝑘 𝑡ℎ filter, is determined by (Eq.10). This
value results from convolution with the 𝑐𝑡ℎ input channel.
𝐻,𝑉 represent the horizontal and vertical directions of the
2D convolution kernel, while 𝑥, 𝑦 denote the indices of the
corresponding row and column in this kernel for channel 𝑐.
Let 𝐾 [𝑝, 𝑞, 𝑐] signify the weight of the neuron at position
𝑝, 𝑞 in the 𝑘 𝑡ℎ filter. And 𝐼 (𝑖 + 𝑝, 𝑗 + 𝑞, 𝑐) is the neuron
value at the position 𝑖+ 𝑝, 𝑗 +𝑞 in the preceding input layer
(𝑐𝑡ℎ channel). Here, 𝑏 is the bias of the 𝑐𝑡ℎ input. Denote
( 𝑓 ) as the 𝑆𝑖𝑔𝑚𝑜𝑖𝑑, 𝑇𝑎𝑛ℎ, or 𝑅𝑒𝐿𝑈 activation function,
depending on the CNN model architecture.

𝑂 [𝑖, 𝑗 ,𝑐] = 𝑓 (
𝐾𝑥−1∑︁
𝑝=0

𝐾𝑦−1∑︁
𝑞=0
(𝐼[𝑖+𝑝, 𝑗+𝑞,𝑐] .𝐾[𝑝,𝑞,𝑐]) + 𝐵[𝑐]) (10)

(2) Pooling layers: also known as subsampling layers, are
usually positioned immediately after Convolutional layers.
They decrease the number of neurons, diminish the size
of subsequent feature maps, and preserve vital information
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from the features. Two widely used subsampling techniques
are Max Pooling and Average Pooling. In essence, the
neurons in each feature map of these Pooling layers are
calculated from and connected to the preceding convo-
lutional layers. And (3) Fully-connected layers or dense
layers: Each neuron within this layer is an combination of
all neurons from the previous layer. The aim is to produce
a comprehensive semantic information layer, encompassing
essential predictions or classifications.

III. DATA DESCRIPTION

1. Similarities between SBRS and learner assessment
problem

KDDCup 2010 and Assistment 2017 were the two datasets
utilized in our experiments, sourced from different ITS.
Each dataset comprises a large collection of records in
numerical or textual format. Each record contains multi-
ple data fields representing corresponding feature values.
Each record represents a question answered by a learner,
including whether the answer was correct or incorrect. It
also contains other critical information such as problem,
learner, time, response duration, and knowledge component
(KC) related to the question (Table I). During the question-
solving process, learners could request assistance or knowl-
edge hints provided by the ITS. Finally, the learner’s
response concludes the session for the current question.

Table I
OVERVIEW OF THE DATASET EXTRACTED FROM ITSS

Row 1 ... n
User User 1 ... User n
Problem Problem 1 ... Problem m
Step Step 1 ... Step 2
CFA 0 ... 0
KC KC1 ... KCn
Start time Value ... Value
... ... ... ...

According to [39], a session is an independent data unit,
clearly defined by a start and end timestamp, and may or
may not follow a sequential order. The sequentiality in the
two datasets is captured through the chronological order
of learners’ interactions with the system, during answering
process. In these datasets, each session is represented in
a data entry format, reflecting an independent, sequential
transaction. Each session includes information such as the
learner’s details, the problem, relevant knowledge compo-
nents, timestamps, question responses, and other related
attributes. Due to the nature of the datasets, learners may
appear intermittently in additional exercises or across differ-
ent session periods. To improve the accuracy of predictions

Figure 2. The approach to training and testing.

for the current step, we have organized the data sequentially
based on the timing of each learner’s interactions.

2. Data splitting method

In this educational setting, the main objective is to predict
learning performance by forecasting the CFA value at the
current step. This helps learners in mastering the necessary
KCs. Our research experiments are focused on developing
session-based data processing models to achieve this goal.
The key features used in the training process include: (1)
Student identifiers: learner identification. (2) Assignment
identifiers: an exercise containing many questions. (3) An-
swer indicators: CFA, correctindicating whether the answer
to the selected question is true or false. (4) Timestamps:
start time, end time. Each row represents a single step,
corresponding to a session, a response.

After preprocessing and normalization, the raw data
undergoes feature extraction (Figure 2). To account for the
temporal sequence, the datasets are organized by learners
and the order of their question responses. This order serves
as the grouping criterion. Each cohort of users is then split
into two parts, with 70% assigned to the first segment and
30% to the last segment. These segments are aggregated
to create the training set, comprising 70% of the source
data. The remaining 30% is reserved for the testing set
(Figure 3). The target value to be predicted is binary,
where 1 indicates a correct response from the learner and
0 denotes an incorrect response to the respective question.
The difference between the predicted and actual values is
evaluated using the RMSE metric. The error evaluation
process on the testing sets does not include the 𝐶𝐹𝐴 field.

Each assignment will contain many independent and
interrelated steps so that the final result can be obtained. In-
structional items are related to questions and steps involved
in problem-solving. An example of a problem: ”Calculate
the radius of the circle with center O and radius R¨. This
is considered an exercise, where ”calculate the radius R”
becomes a question, a step. When the learner answers
this question, the information is recorded as a session.
Table II presents the general structure of the two training
datasets and the features used to train our CL-PSP model.
The KDDCup 2010 comprises 23 columns and 93,195
rows. Data from 70 learners who answered 6,666 questions
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Figure 3. An overview of the train-set and the test-set [40].

were used across a total of 59,864 training sessions and
33,331 test sessions. In contrast, the Assistment 2017,
obtained from 276 learners who solved 204 questions. It
consists of a total of 231,403 rows and 76 columns. The
corresponding training and testing sets contain 154,204 and
77,199 sessions, respectively.

Table II
DATASET ARCHITECTURE

Dataset KDDCup 2010 Assistment 2017

Session
count

Train-set 59,864 154,204

Test-set 33,331 77,199

Features 23 76

Training features 5 5

Problems 6,666 204

Users 70 276

Average No.
steps/learner

Train-set 855 559

Test-set 497 424

Given the nature of the system, each learner engages
differently when answering questions and exercises. There-
fore, we estimate the average number of questions answered
by each learner on the ITS. This helps support data ob-
servation and statistical analysis in the following section.
This experimental version is based on the observations of
characteristics recorded by ITS. Specifically, the number of
interactions per user varies across the datasets. In KDDCup
2010, users are required to provide responses without the
option to skip, whereas Assistment 2017 does not impose
such a constraint. Consequently, we selected and processed
data only for users with interaction counts ranging from 2
to 20 for the KDDCup 2010 dataset and from 2 to 50 for
the Assistment 2017 dataset.

IV. EXPERIMENTAL DESIGN

To evaluate the effectiveness of the CFA prediction models,
experiments were conducted on the two widely-used educa-

tional datasets. The models under comparison include User
Average, CF, MF, LSTM, TAGNN CFA and the proposed
hybrid model CL-PSP. For fairness, each model was trained
using carefully selected and optimized hyperparameters.

1. Data preparation

The student and problem identifiers were encoded using
LabelEncoder, while one-hot encoding was applied to con-
vert them into discrete integer indices or feature vectors,
depending on the model used for training. The interaction
sequences for each student were sorted chronologically. The
dataset was split into 70% for training and 30% for testing
(in Table II)

2. Baseline models and hyperparameters

The User Average model predicts the CFA of a student
by calculating the average of their previous CFA values.
This serves as a simple baseline for comparison with more
complex models. CF, model adopts a user-based approach,
where similarity between students is computed using the
Pearson correlation coefficient. CFA is predicted based on
a weighted average of the responses from the top 𝐾 = 20
most similar students. The model input includes learner-
problem matrix and uses historical CFA values to infer
predictions. MF is implemented by learning two latent
matrices representing users and items, respectively. The
hyperparameters include as follow: latent dimension 𝐾 = 2,
regularization coefficient 𝜆 = 0.1, learning rate = 0.005,
and and number of training epochs = 25. The model is
optimized using gradient descent by minimizing the squared
error between the predicted and actual values.

Figure 4. Prediction model from our previous work (FDSE 2023, [6]).

The LSTM model in Figure 4 is based on the architecture
introduced in our previous study. It consists of two layers,
each with 50 units, and a fully connected layer. This is
implemented using the Keras library with the Sigmoid
activation function. The model is trained using the Adam
optimization algorithm, with a batch size of 1 and a learning
rate of 0.0001. An early stopping mechanism is applied if
the loss does not improve over 5 consecutive epochs. This
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architecture has shown stable prediction results across both
datasets, with low error and good generalization ability.
TAGNN[30] is used as a baseline, adapted for CFA pre-
diction by reformulating it as a binary classification model.
TAGNN CFA represents each session as a directed graph of
learner interactions, with attention mechanisms highlighting
the most relevant past actions. The model is implemented in
PyTorch, trained with BCEWithLogitsLoss, and optimized
using Adam. Hyperparameters include hidden dimensions
(64-128), batch sizes (64–128), and learning rates (0.001-
0.0005), with early stopping to prevent overfitting.

Building on this, our study proposes a hybrid CNN-
LSTM model (CL-PSP) for predicting learner performance.
CL-PSP combines the strengths of artificial neural networks
to predict learners’ academic performance. It does so across
two distinct session-based datasets in the educational do-
main.

3. Model proposal

Figure 5 delineates the structure of CL-PSP, which in-
tegrates co-occurring single models in a time-sequential
manner. The model targets the prediction of CFA values
by leveraging temporal features, particularly the learner’s
question response start time and end time. Let 𝑡 repre-
sent the current time step for prediction. While (𝑡 − 1),
contextual features such as learner ID, exercise, number
of steps, start time, and end time refer to the sequence
of previous responses. These temporal signals are encoded
and provided as inputs to both CNN and LSTM modules.
The main objective is to use the time-based progression
to determine whether the learner will answer the current
question correctly. Training was conducted on the datasets
with a maximum of 10 and 50 epochs, based on early stop-
ping as no significant improvements were observed beyond
these points. Hyperparameters were selected using RMSE
as the primary evaluation metric. (1) The LSTM module is
composed of three layers, each with 50 hidden units. The
first two layers are configured with return sequences=True
to maintain temporal continuity, while the final layer out-
puts a tensor of size (None, 50). Dropout (0.5) is applied
to reduce overfitting, and the model is trained using the
Adam optimizer with a learning rate (0.001) and a batch
size (32). LSTM layers {1,2,3,4} were applied in a grid
search, with dropout rates ranging from 0.3 to 0.6, batch
sizes {16, 32, 64}, and learning rates {0.01, 0.001, 0.0001}.
This selected parameters consistently yielded the lowest
RMSE values across experiments. (2) The CNN component
uses 32 filters with a kernel size of 2 in its convolutional
layer. These values were selected based on a grid search
over candidate filter sizes {16, 32, 64} and kernel sizes
{2, 3, 5}, aiming to optimize feature extraction and reduce

Figure 5. Proposed CL-PSP model.

RMSE. The convolutional output is then flattened into a
one-dimensional vector and passed through dense layers
for binary classification. (3) CNN-LSTM outputs are con-
catenated and processed through a shared dense layer with
64 neurons and a dropout rate of 0.5, which was found
optimal for preventing overfitting without compromising
generalization.

Our model proposed can be delineated into distinct
learning and processing stages. Initially, the intricacies of
the publishing model commence with the following stages.
Data preprocessing involves eliminating outliers and select-
ing relevant features, resulting in the formation of input
matrices. In the initial phase, the CNN module receives
embedded input and performs spatial feature extraction
through a convolutional layer. This process produces feature
maps with reduced dimensions and ultimately generates a
binary classification output {0,1}, representing the model’s
initial decision before fusion. LSTM receives input data and
undergoes multiple layers to calculate temporal dependen-
cies within the data. Layers retain crucial information from
the past and maintain them over prolonged periods, facil-
itating the analysis and prediction of time series. Dropout
layers are incorporated within the architecture to prevent
overfitting and improve generalization. The final output
of the LSTM module is a tensor of shape (None, 50),
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representing the encoded temporal features. The final stage
of training integrates the outputs from CNN and LSTM
through a fusion layer, followed by normalization and
classification steps. This results in a output of shape (None,
2), representing the predicted outcome. The proposed model
offers enhanced prediction accuracy with reduced RMSE in
comparison to state-of-the-art benchmark and other base-
lines. Notably, this hybrid model demonstrates a lower
RMSE value, surpassing that of the model presented in
our previous publication. The prediction algorithm imple-
mented in our CL-PSP model is as follows:

Algorithm 2 Algorithm for Proposed Ensemble CL-PSP
Model
Require: 𝑋: Input data; 𝑌 : True labels;

1: 𝜃conv: Parameters for convolutional layers; 𝜃fc:
Parameters for fully connected layers;

2: 𝜃lstm: Parameters for LSTM layers; 𝑁: Num-
ber of training iterations.

Ensure: 𝑌 : Predicted output.

3: Step 1: Initialization
4: Initialize parameters 𝜃conv, 𝜃lstm, 𝜃fc

5: Step 2: Training Process
6: for 𝑡 = 1 to 𝑁 do
7: (1) Convolutional & LSTM Layers
8: 𝑂𝑢𝑡𝑝𝑢𝑡𝐿1← 𝐿𝑆𝑇𝑀 (𝑋, 𝜃lstm)
9: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶1← 𝐶𝑜𝑛𝑣2𝐷 (𝑋, 𝜃conv)

10: 𝑂𝑢𝑡𝑝𝑢𝑡𝐿2← 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 (𝑂𝑢𝑡𝑝𝑢𝑡𝐿1)
11: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶2← 𝑀𝑎𝑥𝑃𝑜𝑜𝑙𝑖𝑛𝑔2𝐷 (𝑂𝑢𝑡𝑝𝑢𝑡𝐶1)
12: 𝑂𝑢𝑡𝑝𝑢𝑡𝐿3← 𝐿𝑆𝑇𝑀 (𝑂𝑢𝑡𝑝𝑢𝑡𝐿2)
13: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶3← 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝑂𝑢𝑡𝑝𝑢𝑡𝐶2)
14: 𝑂𝑢𝑡𝑝𝑢𝑡𝐿4← 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 (𝑂𝑢𝑡𝑝𝑢𝑡𝐿3)
15: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶4← 𝐷𝑒𝑛𝑠𝑒(𝑂𝑢𝑡𝑝𝑢𝑡𝐶3, 𝜃fc)
16: 𝑂𝑢𝑡𝑝𝑢𝑡𝐿5← 𝐿𝑆𝑇𝑀 (𝑂𝑢𝑡𝑝𝑢𝑡𝐿4)
17: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶5← 𝐷𝑒𝑛𝑠𝑒(𝑂𝑢𝑡𝑝𝑢𝑡𝐶4, 𝜃fc)
18: 𝑂𝑢𝑡𝑝𝑢𝑡𝐿6← 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 (𝑂𝑢𝑡𝑝𝑢𝑡𝐿5)

19: (2) Concatenation
20: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶𝐿1← 𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒(𝑂𝑢𝑡𝑝𝑢𝑡𝐶5, 𝑂𝑢𝑡𝑝𝑢𝑡𝐿6)
21: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶𝐿2← 𝐷𝑒𝑛𝑠𝑒(𝑂𝑢𝑡𝑝𝑢𝑡𝐶𝐿1, 𝜃fc)
22: 𝑂𝑢𝑡𝑝𝑢𝑡𝐶𝐿3← 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 (𝑂𝑢𝑡𝑝𝑢𝑡𝐶𝐿2)

23: (3) Predictions
24: 𝑌 ← 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥(𝑂𝑢𝑡𝑝𝑢𝑡𝐶𝐿3)

25: (4) Compute Loss
26: 𝐿 ← 𝐿𝑜𝑠𝑠(𝑌,𝑌 )
27: end for

return 𝑌

In essence, in the configuration for the proposed hybrid
model, the initial LSTM architecture is a sophisticated
arrangement featuring three LSTM layers, each housing 50
kernels. The configuration in the first two layers requires
the use of 𝑅𝑒𝑡𝑢𝑟𝑛 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠 = 𝑇𝑟𝑢𝑒 to generate output
sequences for each step in the input sequence, while the
final LSTM layer only produces output at the last step.
Meanwhile, the CNN incorporates 32 𝑐𝑒𝑙𝑙𝑠 for the first
convolutional layer, employing overfitting techniques to
control the number of trainable parameters. The data are
flattened into a 1D vector before entering Dense layers,
resulting in two output layers. The final stage in the above
algorithm is the combination of the result data of the
previous two models. This combined data continues to be
learned in the Dense layer with 𝑘𝑒𝑟𝑛𝑒𝑙𝑠 (64), 𝑑𝑟𝑜𝑝𝑜𝑢𝑡 𝑟𝑎𝑡𝑒
(0.5) to produce the final two classification results.

4. Assessment approach

RMSE [41] is a widely used metric for evaluating the
accuracy of predictive models, particularly in the context
of assessing learners’ performance. In this scenario, the
model predicts the probability of a learner answering a
question correctly on their first attempt. RMSE (Eq. 11)
measures the deviation between the model’s predictions
and actual outcomes. Its sensitivity to large errors makes
it especially useful for identifying instances where the
model’s predictions significantly deviate from reality. Due
to its mathematical properties, RMSE is commonly em-
ployed as a loss function in machine learning algorithms.
Minimizing RMSE often corresponds to improving the
model’s predictive accuracy.

𝑅𝑀𝑆𝐸 =

√√√
1
𝑁

𝑁∑︁
𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (11)

Let 𝑁 represent the number of prediction samples, 𝑦𝑖 the
actual value, and 𝑦𝑖 the predicted value. A smaller RMSE
indicates that the model performs well, with predictions
closely aligning with the actual values.

V. EXPERIMENTS

To assess the accuracy of the model and minimize the
occurrence of overfitting, the Cross-validation method [42]
is commonly used to evaluate the model’s generalization
ability, which refers to its capacity to perform well on
unseen data. However, the characteristics of the datasets
necessitate the use of the temporal sequence of learner
responses. To address class imbalance and preserve the tem-
poral structure, we adopted a user-based data partitioning
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method that maintains the chronological order of learner
interactions, rather than applying cross-validation

The data collection process from two different edu-
cational platforms has led to distinct characteristics that
affect the model training and testing process. Data scale:
KDDCup 2010 processes a significantly larger number of
problems compared to Assistment 2017, while the number
of questions is fewer. This difference can be explained
by several interesting findings in each dataset, where the
model also significantly influences the training process.
(1) In KDDCup 2010, learners can skip questions without
responding, whereas in Assistment 2017, every question
must be answered before proceeding. (2) Consequently,
the flexible navigation in KDDCup 2010 leads to longer
sequences and more complex feature encoding, resulting in
increased training time for CL-PSP.

In this experiment, CNN layers were integrated into
LSTM layers with the aim of improving the prediction ac-
curacy of learning ability. On the Assistment 2017 dataset,
TAGNN CFA achieved an RMSE (Figure 6) of 0.449,
while our proposed CL-PSP model yielded an RMSE of
0.475. This indicates that TAGNN CFA slightly outper-
formed CL-PSP, with an approximate 5.47% reduction in
error. In contrast, on the KDDCup 2010 dataset, CL-PSP
significantly outperformed TAGNN CFA (Figure 7). The
RMSE of TAGNN CFA (0.385) was approximately 2.67%
higher than that of the CL-PSP model (0.375) on the
KDDCup 2010 dataset.
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Figure 6. Assistment 2017 squared-error measurement.

This intriguing phenomenon can be explained by observ-
ing the structure of each dataset. In KDDCup 2010, 70
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Figure 7. KDDCup 2010 squared-error measurement.

learners recorded an average of 855 sessions, suggesting
a more focused and repeated engagement. In contrast, As-
sistment 2017 involved 276 learners with fewer interactions
(559 sessions on average), leading to more variability and
sparsity. These differences affect the learning patterns and
subsequently influence model performance.

Our experiments aimed to reduce prediction error, with
CL-PSP achieving notable RMSE improvement on the KD-
DCup 2010 dataset-highlighting the effectiveness of model-
ing sequential learning behavior. Although the improvement
on Assistment 2017 was modest, the model remained stable
and generalized well across diverse datasets.

Compared to the LSTM model [6], CL-PSP incorporates
CNN to capture localized interaction patterns and LSTM
to model temporal dynamics, enabling the model to detect
both short-term fluctuations and long-term trends-thus im-
proving CFA prediction accuracy.

In general, a consistent experimental setup across all
baseline models confirms that the observed performance
gains are attributed to the model architecture itself. CL-
PSP further strengthens the comparative analysis by being
benchmarked against an advanced attention-based model
(TAGNN CFA), as well as multiple traditional and modern
baselines such as MF, LSTM, CF, and User Average. This
approach (1) demonstrates CL-PSP’s practical value in ITS
by supporting personalized instruction through time-aware
learner modeling, and (2) affirms the competitiveness and
adaptability of CL-PSP across various data contexts.
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VI. CLOSING REMARKS

The extension of our research focuses on integrating se-
quential time-series feature data and constructing a ensem-
ble SBRS model with the aim of predicting learning per-
formance. Experimental findings indicate that the proposed
ensemble CL-PSP model exhibits enhanced performance in
reducing RMSE errors, outperforming numerous baseline
models. The analysis and experiments are conducted on two
educational datasets. While the CL-PSP model achieves the
best RMSE performance on the KDDCup 2010 dataset, the
results on Assistment 2017 indicate that there is still room
for improvement compared to MF.

Our research contributes to improving the performance
of error prediction models applied in educational contexts.
We further enhance the feasibility of implementing session-
based data processing models, experience-based features
and sequential characteristics into ITS. Moving forward,
our investigation and exploration of educational datasets
using advanced recommendation and prediction techniques
are aimed to be continued. This endeavor seeks to bridge
the gap between teaching and learning practices, thereby
fostering advancements in the field.
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