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ABSTRACT ARTICLE HISTORY

Online learning not only makes full use of online resources to meet the diverse learn- Received 17 November 2025

ing needs of students but also enhances their autonomy and information acquisition Revised 13 July 2026

abilities. Through learning analysis techniques, the quality of online learning can be ~ Accepted 18 July 2026

improved, thereby enabling evaluation, diagnosis, prediction, and intervention in

learning. Based on the Ulearning platform, this study used 792 undergraduate course onli . —
.. . 2 . R . .. nline learning behaviour;

score data from 2023, divided students’ online learning behaviours into different indi- learning effectiveness;

cators, and performed exploratory factor analysis (EFA) and confirmatory factor ana- factor analysis; SVM;

lysis (CFA) on the students’ online learning data to verify the feasibility of the learning evaluation model

evaluation model indicators. Then, through the demand analysis of teaching decisions,

the dataset was split by K-fold cross-validation, a nonlinear support vector machine SUBJECTS

(SVM) was used to optimize the hyperparameters to establish an online learning Arts & Humanities; Arts;

behaviour evaluation model. The experimental results show that factor analysis effect- '\H"ed'a _Cgm.m,\xncljc_atgr;;'l

ively extracts three core factors (Platform usage intensity, Learning behavior, Effective Stl:lrgiaer;!tﬁ: diae&la m

Igarnipg intensity) affecting academic performance an.d.greatly reducgs dgta dimen- Comml;nications; Media

sionality. The proposed model achieves a high coefficient of determination (R?) of Education; Social Sciences;

0.960 and a low root mean square error (RMSE) of 0.194, demonstrating outstanding Behavioral Sciences;

predictive performance and strong generalization ability. This method provides a ref- Educational Psychology

erence basis for further improving students’ online learning effectiveness and can be

extended to student modeling in other types of learning activities. More importantly,

it can capture the interdependence between different aspects of students’ learning

experiences and learning outcomes, thereby guiding teachers to better carry out

teaching work, make early interventions, and allocate resources more effectively.

KEYWORDS

1. Introduction

With the rapid development of social science and technology, big data have exerted a significant influ-
ence on contemporary teaching methods. Teaching and internet technologies are merging at an acceler-
ated pace, leveraging the diverse array of online resources and vastness of opportunities presented by
such technologies, and learning courses on online platforms have become an indispensable part of con-
temporary teaching processes, which offers substantial developmental potential for both learning and
teaching. According to recent global education reports, over 70% of higher education institutions now
incorporate some form of online learning, with student enrollment in digital courses increasing by
approximately 15% annually. However, despite this widespread adoption, completion rates for massive
open online courses (MOOCs) often fall below 10%, and nearly 60% of students report difficulties in
maintaining consistent engagement throughout online courses (Allen & Seaman, 2017; Jordan, 2019).
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However, the challenges that students face in online learning include: maintaining focus and motiv-
ation can be more difficult in a virtual classroom setting. The lack of face-to-face interaction may affect
peer learning and the development of social skills; Online learners must develop strong self-regulation
skills to manage their time and learning effectively (Bernard et al., 2004; Broadbent & Poon, 2015). To
address these challenges, it is necessary to analyze the effectiveness of online learning to guide teachers
in further optimizing teaching strategies and improving teaching quality. By delving into students’ online
learning behaviour data, teachers can identify key factors that affect learning outcomes, adjust teaching
content and methods accordingly, enhance teaching interaction, improve the learning environment, and
provide personalized learning support to ensure that every student can achieve the best learning experi-
ence and results in online learning. The integration of online education with emerging technologies
such as artificial intelligence and big data has led to the era of ‘intelligence + education’ (Fu et al., 2023).
Many researchers have incorporated big data and artificial intelligence technologies into learning ana-
lysis, leading to the emergence of numerous learning analysis techniques and tools and providing an
effective foundation for the development of future intelligent education (Bosch, 2021; Sun et al,, 2021;
Stojanov & Daniel, 2024).

To understand the current landscape of learning analytics, existing research has formed a relatively
systematic methodological framework. The first stream focuses on prediction modeling using traditional
machine learning, with a significant body of research highlighting the efficacy of Support Vector
Machines (SVM). Multiple studies have consistently concluded that SVM is well-suited for small-sample
and nonlinear data scenarios in the educational domain, demonstrating superior predictive performance
for academic grades and learning early warnings (Yu et al,, 2020; Jin & Zhuo, 2020; Zhang et al., 2017;
Wang, 2022). However, these studies also reveal a common limitation of SVM: its weak adaptability to
multi-class classification, which necessitates decomposing tasks into multiple binary classifications for
practical implementation. To address these constraints, recent research has supplemented traditional sin-
gle-classifier approaches with integrated models, verifying that ensemble methods possess stronger
capabilities for educational data mining and staged prediction of at-risk students (Luo et al., 2024; Li
et al, 2022). Overall, these studies prove that conventional machine learning classifiers lack sufficient
hyperparameter optimization and scenario adaptability for practical teaching decision-making. The
second stream explores online learning behavioral patterns through statistical analysis and human
dynamics. By examining behavioral frequency, temporal features, and interactive patterns, these studies
effectively characterize learning engagement and cognitive states (Sun & Li, 2022; Li et al,, 2023; Touya
& Fakir, 2014; Damez et al., 2005). While they successfully reveal the relationships between learning
behaviors and outcomes, these approaches often rely on strict assumptions about data distribution and
linearity, restricting their ability to capture the complex interdependencies inherent in real-world educa-
tional data. The third stream centers on multimodal fusion approaches, which have achieved promising
performance in learning persistence detection, engagement identification, and teaching quality evalu-
ation through temporal modeling, feature fusion, and attention mechanisms (Li et al., 2020; Huang et al.,
2022; Li & Zhan, 2020; Yuan & Nie, 2021). Recent advancements in this area have further enriched the
technical system by addressing specific data challenges. For instance, ensemble and deep learning mod-
els have been optimized to handle heterogeneous data, dynamic temporal dependencies, and class
imbalances, significantly improving prediction accuracy and recall rates for underrepresented learner
groups (Liu et al., 2024; Chen et al., 2022; Wang et al,, 2023). Furthermore, studies have enhanced the
objectivity of evaluation by combining multidimensional indicator weighting methods and integrating
multimodal data (e.g. behavioral logs and physiological signals) (Zhang et al., 2021; Zhao et al., 2023).
Despite these considerable advances in algorithm design and indicator optimization, existing research
still exhibits notable gaps. Many recent methods overlook the importance of high-dimensional data pre-
processing and systematic indicator validation through confirmatory factor analysis (CFA) (Li et al., 2024).
Moreover, few studies have specifically optimized hyperparameters for practical teaching decision-
making needs. Overall, the field lacks a unified framework that integrates factor analysis, indicator
dimensionality reduction, and teaching decision-oriented model optimization. Therefore, constructing a
reliable evaluation system and an interpretable prediction model for online learning behavior requires
further investigation.
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In order to bridge the gap, this paper, a detailed evaluative analysis of the online learning behaviour
data of a subset of students obtained from the Ulearning platform is conducted, and performs explora-
tory factor analysis (EFA) and confirmatory factor analysis (CFA) on the students’ online learning data to
verify the feasibility of the learning evaluation model indicators. Then, the hyperparameters are opti-
mized by SVM through the demand analysis of teaching decision-making, and the online learning
behaviour evaluation model is established.

2. The methods

Before constructing the online learning behaviour assessment model, it is necessary to analyse and
select learning behaviour features from learners’ online learning behaviour data because the analysis
and selection of online learning behaviour features can significantly impact the final prediction results of
learning outcomes. Therefore, it is necessary to classify and evaluate the indicators of learners’ online
learning behaviour data, and then establish an online learning behaviour evaluation model.

2.1. Dataset overview

The data used in this article are sourced from the Ulearning online teaching platform and comprise data
of 800 student courses in the 2024 academic year. As the collected data often contain missing, redun-
dant, or outlier values, they need to be cleaned and converted into standardized data formats before
analysis. After cleaning all the collected data, a total of 792 real and valid learning behaviour data points
were obtained. Finally, the online learning behaviour data that meet the criteria of completeness and
uniqueness are obtained.

According to the collected data, the indicators that may affect students’ performance were sorted
and classified, shown in Table 1.

The first category of indicators refers to learning indicators, which are explicit features of students’
online learning behaviour. These include metrics such as the total number of platform logins, total time
spent online learning(seconds), number of resource views, number of resource downloads, number of
online learning check-ins, duration of courseware viewing(seconds), average assignments score and tests
average score. While the second category represents the learning effectiveness, namely, the average
scores for midterm and final exams, which are also the categories for predicting grades.

To construct a more accurate and effective learning evaluation model, it is necessary to further refine
and process these data and analyse the correlation between each online learning behaviour feature and
the final output grades, as well as the interrelationships among the different behaviour features.

2.2. Design of online learning evaluation indicators

To assess whether the reliability level of the data meets the standard, this study uses Cronbach’s Alpha
coefficient as the standard for reliability testing of the data results. Options that do not meet the stand-
ard are considered interference options and are excluded to improve the reliability level of the data. As
shown in Table 2, the overall Cronbach’s Alpha coefficient for influencing factors is 0.778. The
Cronbach’s Alpha coefficients for the eight online learning behaviour indicators are 0.756, 0.76, 0.76,

Table 1. Data indicators of online learning behaviour.

Profile labels Data indicators

Learning indicators Total number of platform logins
Total time spent online learning (seconds)
Number of resource views
Number of resource downloads
Number of online learning check-ins
Duration of courseware viewing(seconds)
Assignments average score
Tests average score

Learning effectiveness Average scores for midterm and final exams
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Table 2. The cronbach’s alpha coefficient values of data indicators.

Data indicators Cronbach'’s alpha
Total number of platform logins 0.756
Total time spent online learning 0.76
Number of resource views 0.76
Number of resource downloads 0.756
Number of online learning check-ins 0.74
Duration of courseware viewing 0.741
Assignments average score 0.771

Tests average score 0.744

Table 3. Results of KMO and bartlett sphericity test.

KMO 0.726
Bartlett test 7 1972.583
df 28
Sig. 0
Scree Plot
0.40 —e— Individual explained variance

0.35 4

Explained Variance Ratio
o o o
N N w
o w [=]
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-
v
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0.05 1
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Principal Component

Figure 1. Scree plot of factor analysis.

0.756, 0.74, 0.741, 0.771, and 0.744, all above 0.7, indicating that the current data indicators have good
reliability standards.

The construction of the online learning evaluation model is mainly divided into two parts: indicator
design and weight determination. We conducted KMO and Bartlett tests to determine whether the
selected evaluation indicators are suitable for EFA. The results are shown in Table 3. The KMO value is
0.726(>0.7), indicating that the influencing factors meet the standards for factor analysis; The signifi-
cance (Sig.) is 0(<0.05), indicating that the significance standard is met; the approximate chi-square (y?)
is 1972.583, and the degree of freedom (df) is 28. These results all meet the standards for factor analysis,
indicating that this set of data is suitable for EFA.

Since the number of factors in CFA is preset by researchers and may lack objectivity and rationality,
this study analyzed the dataset through EFA and obtained the visualization of the dimensional division
for indicator design, as shown in the scree plot (Figure 1). The slope of the first three factors is higher,
and the slope of the fourth factor becomes noticeably flatter. It can be inferred that the first three fac-
tors can mostly explain the total variance of the overall data. They were sufficient to extract the main
structural information contained in the eight data indicators and could basically represent the learning
level of learners.

Based on the scree plot analysis, factor analysis was used to classify the eight data indicators into
three impact factors (Platform usage intensity, Learning behavior, Effective learning intensity). The factor
analysis results are shown in Table 4. From the rotated component matrix, it can be seen that the factor
loadings of the data indicators are all exceed 0.3, indicating that each type of data is essential for
explaining the common factors.
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Table 4. Factor analysis results for each dimension.

Influencing factors Variable Factor loading
Factor 1 (Platform usage intensity) Total time spent online learning 0.694
Number of resource views 0.748
Factor 2 (Learning behavior) Total number of platform logins 0.901
Number of resource downloads 0.906
Factor 3 (Effective learning intensity) Number of online learning check-ins 0.705
Duration of courseware viewing 0.614
Assignments average score 0.733
Tests average score 0.783

Total number of platform logins

HERE R Number of resource downloads

Number of online learning check-ins

Duration of courseware viewing

Learning behavior

20

Assignments average score

Tests average score

Effective learning intensity) Total time spent online learming

Number of resource views

Figure 2. Confirmatory factor analysis model diagram.

Table 5. List of fitting indices.
1 /Df RMSEA IFI TLI CFI
4.98 0.071 0.970 0.943 0.969 0.516

Based on the conceptual model of the influencing factors of online learning, the three dimensions
mentioned above are used as factors. The structural model and path coefficients for the influencing fac-
tors of online learning are created using CFA and AMOS software, as shown in Figure 2.

Through the analysis of the data samples, we selected fit indices such as y?/Df, RMSEA, IFl, TLI, CFl,
and PNFI as the basis for evaluating whether the model has scientific validity. The key fit indices in the
model are shown in Table 5. The »?/Df is 4.98, indicating that the influencing factors have a certain
degree of scientific validity. The RMSEA =0.071, indicating that the model’s fit level meets the reference
standard. IFl, TLI, and CFl are greater than 0.9, and PNFI is greater than 0.5, indicating that the structural
model’s fit indices meet the standard. In summary, the current structural model and path coefficients for
online learning have good structural validity.

2.3. SVM-based score evaluation and prediction model

After completing the indicators design, we need to determine the weights of the indicators, which will
then allow us to evaluate and predict future performance. Due to the multidimensional nature of the
feature data and the limited amount of data, nonlinear SVM can be used to obtain the optimal classifica-
tion hyperplane that meets the classification criteria to predict learning outcomes (Cortes & Vapnik,
1995), thus enabling timely guidance for teachers to take intervention measures.

To take the three factors derived from factor analysis, namely Platform usage intensity, Learning
behavior, Effective learning intensity as input features of the machine learning model, the abstract fac-
tors need to be converted into specific numerical values. The factor score F; of each sample can be
expressed as a linear combination of standardized variables Z;. The calculation formula for the iy, factor
is as follows:
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n
Fi=>Y W;Z,ie{1,23} (1)
j=1

where F; denotes the score of the iy factor, Z; represents the ji standardized observed variable, and W
refers to the corresponding factor score coefficient. In this study, the factor loadings of all indicators
listed in Table 4 are used as the factor score coefficients.

Thomson'’s Regression Method is adopted in this study to calculate factor scores. Based on the prin-
ciple of generalized least squares, this method derives the optimal factor score coefficients by calculating
the product of the inverse matrix of the correlation coefficient matrix of original variables and the factor
loading matrix. Its mathematical expression is:

B=R"A 2)

In the formula, R is the correlation coefficient matrix of observed variables, and A is the rotated factor
loading matrix. The score coefficients calculated by this method can retain the information of original
data to the greatest extent and eliminate the impact of multicollinearity among variables. Consequently,
uncorrelated comprehensive factor scores are generated and taken as the input features of the subse-
quent SVM model (Table 5).

The establishment of SVM models for online learning features can be divided into three steps.

In the first step, the three retained features, namely, namely Platform usage intensity, Learning behav-
ior, Effective learning intensity are standardized, and the training set and test set are divided. Construct
an SVM model, which is an optimal hyperplane, so that the sum of squares of the distances from all
data points to the hyperplane is minimized. This goal can be expressed by the following quadratic pro-
gramming questions:

1 n
minimize :§|\W|\2+CZ£,~, &>0 (3)
=
where C is the penalty coefficient, and ¢&; is the relaxation variable.

The constraints are:

(Wixi+b)y; >1=¢,ie{1,2,...n} (4)

where y; is the category label and x; is the eigenvector.

Since there are several SVM hyperparameters and the model accuracy varies under different hyper-
parameters, the model hyperparameters were optimized in this study using a network search method.

In the second step, a grid search object was defined, and K-fold cross-validation was used to split the
dataset into training and test sets. The entire dataset was divided into k folds, with k — 1 folds used as
the training set to train the model and the remaining 1-fold used as the validation set to score the
model. This process was repeated k times. In this article, k=5.

The third step involves training the model and determining the optimal parameters such as the opti-
mal penalty coefficient, gamma coefficient and kernel function. Finally, the trained model and optimal
parameters are used to predict the test set.

3. Experiments and results

We tested the model we designed in two ways: (1) the effectiveness of the model in predicting students’
learning results based on online learning behaviour; (2) the construction of the model framework, that
is, the contribution of each component. We used the coefficient of determination (R?), the mean abso-
lute error (MAE), and the root mean square error (RMSE) as evaluation indicators to evaluate the model’s
prediction results. Where R? evaluates the model’s fitting effect by comparing the difference between
the predicted value of the model and the actual value. The formula is

n U 2
RZ =1- Zin:1 (y’ }il)z (S)
2 Vi—Y)
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Table 6. Evaluation metrics.

Training set Testing set
R? 0.9790232076496892 0.9599262386297075
MAE 0.10875864732620538 0.12685143914901906
RMSE 0.14676758205642212 0.19366742150846983

where n is the sample size, y; is the actual value, y; is the predicted value, and y is the average of the
actual values.
The MAE reflects the average difference between the predicted and actual values. The formula is:

1 & R
MAE =3 _lyi—J| (6)
i=1

The RMSE measures the degree of deviation between the predicted value and the actual value. The

formula is:
1< .2
RMSE = [-> " (yi =, 7
nl- i—y;) 7)

The evaluation results based on SVM training and testing are shown in Table 6.

To further interpret the analytical results and clarify the correlation between online learning behaviors
and academic achievement, this study conducts an in-depth discussion on core evaluation indicators
and latent factors, grounded in classical learning analytics theories and prior empirical evidence. From
the perspectives of self-requlated learning theory and student engagement theory, learners’ online
behavioral patterns can be categorized into three dimensions, namely behavioral participation, learning
initiative and process-based learning performance (Sun & Li, 2022; Li et al., 2023). The three latent fac-
tors extracted via exploratory factor analysis (EFA) are highly consistent with this theoretical framework,
which effectively encapsulates the essential characteristics of students’ online learning status.

The high coefficient of determination (R? = 0.960) on the test set demonstrates that the composite indi-
cators constructed from latent factors can satisfactorily explain the variance in students’ academic perform-
ance. This finding corroborates the conclusions of existing relevant studies (Yu et al., 2020; Zhang et al.,
2017), which verified that platform usage duration, interaction with learning resources, curriculum partici-
pation and daily academic performance are significantly correlated with final learning outcomes.

In terms of prediction errors, the optimized SYM model yields low mean absolute error (MAE) and
root mean square error (RMSE) on both training and test datasets, with a marginal discrepancy between
the two sets. This outcome verifies that the hyperparameter optimization strategy combined with K-fold
cross-validation can effectively mitigate overfitting and enhance the generalization performance of the
model on real educational datasets. Relevant conclusions have also been reported in prior studies (Jin &
Zhuo, 2020; Wang, 2022).

Compared with previous research, most conventional prediction models for online learning directly
adopt original behavioral variables for modeling, while neglecting reliability assessment and dimension-
ality reduction of evaluation indicators (Luo et al, 2024; Li et al, 2022). Additionally, traditional SVM
models generally employ fixed hyperparameters, resulting in limited adaptability when dealing with
small-sample and nonlinear educational data. Differing from the above approaches, this study firstly
adopts EFA and confirmatory factor analysis (CFA) to verify the construct validity of evaluation indicators,
and subsequently establishes an SVM model with optimized hyperparameters. The proposed methodo-
logical framework ensures the rationality of variable selection, improves the interpretability and practical
value of the model in educational decision-making, and remedies the deficiencies of existing research.

4. Conclusion

With the advancement of educational network informatization, online learning has become a more popular
learning mode than traditional methods. Conducting performance prediction research using online learn-
ing behaviour data is currently a crucial area of focus. In this study, student online learning behaviour data
are used to conduct a factor analysis to verify the feasibility of the learning assessment model indicators.
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Furthermore, a score evaluation and prediction model is established using the SVM algorithm. The results
of this model can provide timely feedback on students’ learning status, guide teachers in their teaching
activities, and improve the efficiency of student learning. However, due to the relatively limited data sour-
ces and insufficient data volume, it is challenging to conduct a more precise analysis and research on
online learning behaviours. Therefore, future research could incorporate multiple data sources and samples
from different academic years. Additionally, temporal dynamics and multimodal data will be further inte-
grated to enrich the analytical framework and empirical investigation of online learning behaviours.
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