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Abstract

Accurate prediction of students’ academic performance grades serves as a pivotal underpinning for
optimizing student management and enhancing the efficacy of teaching guidance. Based on the Kal-
board 360 dataset, this study focuses on the process-oriented data generated by students on online
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learning platforms, including both basic attributes such as educational background and behavioral
features like in-class hand-raising and learning resource access frequency. Such data can effectively
reflect students’ level of knowledge mastery. This research leverages the PySpark ecosystem toolkit
for model construction. First, the pyspark.sql library is used to convert raw data into DataFrame
format and complete preprocessing procedures such as data encoding. Subsequently, based on the
classification algorithms in the pyspark.ml library, two types of student academic performance
grade prediction models (logistic regression and random forest) are constructed respectively. Veri-
fied by performance metrics including confusion matrices and ROC curves, the random forest model
demonstrates significantly higher prediction accuracy than the logistic regression model. The core
value of this study lies in the fact that the model output can support the formulation of personalized
learning recommendations for students, while also helping teachers promptly identify students’
learning difficulties and problems, thereby implementing targeted teaching adjustments and guid-
ance. The application of this model is conducive to promoting the implementation of intelligent and
personalized teaching models in the field of education, ultimately facilitating the all-round devel-
opment of students.
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Table 1. Confusion matrix
=1 REEE

SR Positive SEfR Negative
Tl Positive True Positives False Positives
T Negative False Negatives True Negatives
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StudentAbsenceDays
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Figure 1. Test set prediction results
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Figure 2. Test set prediction results
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Figure 4. ROC curve of the tuned logistic regression
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Figure 5. Confusion matrix of the optimized random forest
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Figure 7. Prediction results of student grade levels
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