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1 Motivation

Educational data mining

e Educational Data Mining (EDM) is a field of research that builds on Machine Learning
(ML) and other data analysis techniques to analyze educational data for gaining
insights into the learning process

Primary goals

¢ |dentify patterns, relationships and factors that affect the outcomes of the learning
process, aiming to predict the learners’ future performance and accordingly use this
information to improve educational practices and policies
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1 Motivation

¢ Inrecent years, there is an increasing trend in EDM to provide meaningful
explanations to educators, administrators and students about how the underlying
ML models arrive at their predictions or decisions

Importance

¢ Improve decision making: Provide educational stakeholders insights about how
complex EDM prediction works and how confident they are in their predictions

¢ Explainability is important for ethical reasons: ensure that ML model are fair and
unbiased, and that they do not perpetuate or amplify existing biases in the
associated data
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o These works provide none/limited explainability abilities.
e No recommendations is presented for assisting the education process
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3 Contribution

Contribution

e We propose an advanced explainable framework for predicting students’
performance, which provides accurate, reliable and interpretable predictions

Main components

¢ Prediction model based on NGBoost algorithm

o Local and Global explainability, through the use of LIME and SHAP importance
methods, respectively

Advantage of the proposed approach
e Predict students’ performance with high accuracy and reliability

e ltis able to provide local and global explainability, presenting a complete picture as
well as with human-interpretable insights about why a particular decision was made
by the model
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4 Evaluation

Numerical experiments

e Performance evaluation of the NGBoost algorithm against SoA ML algorithms
e Performance metrics
— Accuracy, Area under Curve (AUC), Geometric Mean (GM), Precision and Recall
e Educational datasets
— DATASET1: prediction of University students’ final performance on an academic course
o (Pass, Fail)

— DATASET2: prediction of secondary school students’ performance from the first two out
of three semesters

o (Fail, Good, Very Good, Excellent)

Use case scenarios

e Demonstrate the applicability of our framework and give insights about the
recommendations that can be provided to educators and students
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Algorithm Accuracy AUC GM Precision Recall
LGBM 60.4% 0.633 8.034 0.581 0.633
Random-Forest 70.8% 0.641 8.094 0.605 0.641
XGBoost 66.6% 0.640 8.156 0.592 0.640
NGBoost 71.2% 0.649 8.221 0.608 0.648

Table 1. Performance evaluation of classification algorithms on DATASET)

Algorithm | Accuracy AUC GM Precision Recall
LGBM 86.9% 0.911 44.01 0.862 0.867
Random-Forest 89.4% 0.923 44.99 0.906 0.884
XGBoost 89.7% 0.924 45 0.905 0.885
NGBoost 90.0% 0.927 45.24 0.897 0.927

Table 2. Performance evaluation of classification algorithms on DATASET;

Use case scenarios
e NGBoost demonstrates the best overall performance based on Accuracy, AUC and
GM metrics

e NGBoost presents the best Precision-Recall balance among all evaluated algorithms
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5 Conclusion

Contribution

e We proposed an advanced explainable framework for predicting students’ performance, which
provides accurate, reliable and interpretable predictions

Main components

o A prediction model based on NGBoost algorithm
¢ Local and Global explainability, through the use of LIME and SHAP importance methods,
respectively

Advantages
e Accurate & reliable predictions since NGBoost is able to outperform traditional state-of-the-art
ML algorithms
e The adoption of SHAP ensures that the importance scores are fair and unbiased, while the
adoption of LIME provides a flexible, fast and reliable technique for interpreting a single
predictions
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e Proposed framework was evaluated only on two real-world datasets
e Datasets contained a limited number of attributes

o Elaborate additional educational datasets, and accordingly evaluate the proposed framework

across diverse challenging issues in the educational domain
e Automatic generation of recommendations in natural language (highly human-interpretable)

based on the feedback provided by the proposed framework
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