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Abstract

With the widespread adoption of online teaching platforms and the advancement of learning analytics
technology, the application of educational big data has increasingly highlighted its importance in as-
sessing the learning outcomes of online courses. This study aims to identify key features influencing
student performance in online courses, establish a predictive model for learning outcomes, and
achieve a comprehensive evaluation of student learning effectiveness in online courses. In terms of
feature selection, this paper employs five methods—correlation coefficient-based variable selection,
mutual information-based variable selection, recursive feature elimination based on random forests,
Lasso embedding, and SHAP—to analyze and select features. The TOPSIS method is then used for com-
prehensive feature screening, ultimately identifying eight variables for model prediction. By integrat-
ing these five approaches, we achieve a thorough and accurate identification of key features influenc-
ing learning outcomes. For predictive model construction, this study selects three classical machine
learning and deep learning models—Random Forest, LightGBM, and BP neural networks—to quantify
student academic performance. Particle swarm optimization is applied to fine-tune hyperparameters
for each model, enhancing both fitting and generalization capabilities. To objectively evaluate model
performance, mean squared error and coefficient of determination are chosen as core metrics. Com-
parative analysis of the three models’ predictive effectiveness reveals that the BP neural network al-
gorithm demonstrates superior performance in terms of mean squared error, coefficient of determi-
nation, and overall predictive stability. The research findings indicate that the neural network model
successfully evaluated the learning outcomes of students in online courses. Its predictive accuracy
and interpretative capabilities provide crucial theoretical foundations and practical guidance for the
development of online education and personalized teaching. This model helps educators identify
which teaching resources and learning activities significantly impact student performance, enabling
more targeted instructional interventions, optimizing teaching strategies, and ultimately improving
student academic achievement.
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Figure 1. Outlier detection
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Figure 2. Data distribution diagram
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Table 2. Relevant coefficient values
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Table 3. Mutual information values of various variables
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Figure 3. Scatter plot of goodness of fit based on the number of features in a random forest
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Figure 4. Comparison of initial model predictions for random forest
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Table 7. Random forest parameter adjustment process and results

F 7. FEAMIESEERER

SRR o NHHE WSER
n_estimators 300 50 154

max_depth 20 1 14
max_feaures 20 3 17

FEMRAERE 38 IR 1 SRR BE A LAR AR (1) X B 2 0 % N n_estimators = 154, max_features =17,
max_depth =14, B2 2 5 RE LA 2IA RERTH,  Foor A il i 00 8 5 1 SAB HF EU IS Bl an ] 5 2k

BT
ESMESTMMERTEE REAFS)
1.7
1.6
HE
% 1.5
1.4
HIE
1.3 FUN{E
0 20 40 60 80

MR TS

Figure 5. Model prediction after random forest parameter optimization
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Table 8. Evaluation criteria for random forest model
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Table 9. Parameter tuning process and results
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Figure 7. Prediction of LightGBM model after parameter tuning
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Table 11. Evaluation criteria for BP neural network model

= 11. BP ZMEREITHIIRIR

TR 4R MSE R?
BP 0.024 0.81

ERWTLAE 2] BP MR TR 20 0.024, AN 0.979, HIMAMEEGL 1, ACRAH A
BRORLF, V#0228 A A0 2 2E RS T 45 SR Lo v«

DOI: 10.12677/jsta.2026.143046 461 AL JRAR T A 5 N


https://doi.org/10.12677/jsta.2026.143046

w55

4.4. GERXIEE
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Table 12. Model evaluation indicators
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