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ABSTRACT

As competition between universities intensifies due to the recent decrease in the number of students, it is recognized
as an essential task of universities to predict students who are underperforming at an early stage and to make various
efforts to prevent dropouts. For this, a high-performance model that accurately predicts student performance is essential.
This paper proposes a method to improve prediction performance by removing or amplifying abnormal data in a
classification prediction model for identifying underperforming students. Existing anomaly data processing methods have
mainly focused on deleting or ignoring data, but this paper presents a criterion to distinguish noise from change
indicators, and contributes to improving the performance of predictive models by deleting or amplifying data. In an
experiment using open learning performance data for verification of the proposed method, we found a number of cases
in which the proposed method can improve classification performance compared to the existing method.
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Table. 1 Pseudocode for anomaly data detection
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Table. 2 Pseudocode for anomaly data classification

1: for i, length (Chgldx) :

2: for j, length (Nyain(anom[i,j]) :

3 if(dis{Nyain(anom[i])) = alis{N.aia(anomli])) :
4: then : Noise.append(anom[i])
5

else : Chgldx.append(anomli])
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Fig. 1 Anomaly data processing flow
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Table. 3 Descriptive statistics of ROC-AUC value

Algorithms Before After
mean std mean std

XGBoost 0.619 0.053 0.617 0.053
Random Forest 0.510 0.021 0.521 0.029
Light GBM 0.618 0.062 0.625 0.061
CatBoost 0.522 0.047 0.510 0.030
Decision Treee 0.574 0.066 0.589 0.067
Neural Net 0.558 0.049 0.538 0.061

Table. 4 Matched sample t-test result

t-test

Algorithms

statistics | p-value | mean(xl) | mean(x2)
XGBoost 0.179 0.861 0.562 0.559
Random Forest -1.993 0.072 0.538 0.590
Light GBM -2.031 0.067 0.551 0.582
CatBoost -0.341 0.740 0.574 0.582
Decision Tree -0.867 0.404 0.569 0.590
Neural Net -0.512 0.619 0.592 0.597

random forest, light GBM, Decision Tree 2] 37}%] &
AE|EolAl p < 0.5 oJst= FAZF o= Fol5HA Liet
stk o] Aok e 4 8517] A F2 v wahEl ROC-
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Table. 5 Performance change by algorism

. Positive Negative
Algorithms
Count Rate Count Rate
Random Forest 65 68% 31 32%
Light GBM 59 56% 41 41%
Decision Tree 55 55% 45 45%
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Table. 6 Best Indicator by reference

Algorithms Best Indicator Reference
Random Forest 0.623762 Proposal

Light GBM 0.803211 Proposal
Decision Tree 0.754982 Proposal
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