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Abstract

Accurate prediction of at-risk students in freshmen is extremely important to improve the gradu-
ation rate of a university. This paper explores the relationships between the campus card records
and the performance of students. In addition, combining with the basic information of students
and their previous exam scores, the paper proposes a method of predicting at-risk students based
on machine learning and statistics. The experiment conducts on a dataset with 4.194 million items
of 3680 freshmen of grade 2013 from the Ocean University of China, and the result shows that the
recall rate is 52% and the precision is 77%, with good practical performance.
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Table 1. Data list of 3680 freshmen of grade 2013 in 18 colleges
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Figure 1. Data structure of the academic early warning research
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Figure 2. Characteristics extracted from each table
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Table 2. Confusion matrix statistics table
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Table 3. Summaries of the predicted results of each classifier
=3 ENEB/IWNERLCEE
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R e - B LS o RS esre  ROC Ao
NaiveBayes 67.53% 74.90% 20.80% 66.70% 95.80% 0.408 0.773
J48 92.20% 47.40% 68.50% 97.40% 94.10% 0.56 0.796
meta-----AdBoostM1 90.63% 69.40% 54.10% 93.10% 96.30% 0.608 0.891
meta-----Bagging 92.26% 47.20% 69.20% 97.50% 94% 0.561 0.896
lazy----1IBK 85.87% 24.10% 29.10% 93.10% 91.30% 0.263 0.586
Randomtree 85.87% 31.30% 32.20% 92.30% 92% 0.318 0.634
RandomForest 91.06% 17.40% 87% 99.70% 91.10% 0.289 0.904
SimpleLogistic 93.18% 50% 76.90% 98.20% 94.40% 0.606 0.926
Logistic 92.47% 50.30% 69.50% 97.40% 94.40% 0.583 0.904
REPTree 91.98% 52.10% 64.60% 96.70% 94.50% 0.577 0.848
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Figure 3. ROC curve of at-risk students classified by AdBoostM1
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Figure 4. ROC curve of at-risk students classified by SimpleLogistic
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Cross-validated Parameter selection.

Classifier: weka.classifiers.functions.SimpleLogistic

Cross-validation Parameter: '-M' ranged from 300.0 to 700.0 with 9.0 steps
Cross-validation Parameter: '-H' ranged from 30.0 to 70.0 with 9.0 steps
Cross-validation Parameter: '-W' ranged from 0.0 to 0.5 with 11.0 steps
Cross-validation Parameter: '-I' ranged from 30.0 to 40.0 with 11.0 steps
Classifier Options: -M 300 -H 30 -W 0 - 36

Figure 5. Parameter optimization results
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Table 4. Comparison on the results of SimpleLogistic classifier before and after optimization
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SimpleLogistic
fite)s 93.40% 52.30% 77.40% 98.20% 94.60% 0.624 0.926
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Figure 6. Confusion matrix of optimized SimpleLo-
gistic classifier
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