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Dataset

@ Algebra 2008-2009 (9 million lines)

o Bridge to Algebra 2008-2009 (20 million lines)
@ Predict correct first attempt

e Similarities to collaborative filtering (CF)
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Student and step

Unit and section parsed from the provided hierarchy string
Problem name

Knowledge components (KC)

Opportunity count

Problem view
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o Algorithms

K Nearest Neighbor (KNN)

Singular Value Decomposition (SVD)
Factor Model 1 (FM1)

Factor Model 2 (FM2)

Factor Model 3 (FM3)

Group Factor Model (GFM)

@ Neural Network for blending

@ 8-fold cross validation
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Algorithms

K Nearest

@ Prediction is based on students with similar historic results
@ Pearson correlation between students

@ Use the K most similar students for prediction

Problems

@ Not all student correlations are defined with equal quality, so
we use a correlation shrinkage

@ Some steps are answered by no other students
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Dataset RMSE | Meta parameters

K =41, a =129, g = 1.5,
Algebra 2008-2009 | 0.3257 5 =62 7 =—19

K =4I, a = 129, f = L5,
§=62,7=-19

B to A 2008-2009 | 0.3049

@ We have not used additional information = room for
improvement
@ Using step correlations does not work well
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@ Sparse student by step matrix C = [¢;4], containing the
correct first attempt values

@ Represent a student s by a N dimensional feature vector by

@ Represent a step ¢ by a IV dimensional feature vector a;

. T
Cis = a; - by
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Results

@ Parameters trained by stochastic gradient descent with L2
regularization A

@ Does not model biases and additional information

Dataset RMSE | Meta parameters

Algebra 2008-2009 | 0.4462 | N = 10,7 = 0.002, A\ = 0.02
B to A 2008-2009 | 0.3168 | N = 10,1 = 0.002, A = 0.02
B to A 2008-2009 | 0.3159 | N =20,n = 0.002, A = 0.01
B to A 2008-2009 | 0.3178 | N =20,n = 0.002, A = 0.03
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Factor Mo
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FM results

@ Significant improvement over SVD
@ Models: unit, section, knowledge component

e FM2, FM3 and GFM contain further improvements

Dataset RMSE | Meta parameters
Algebra 2008-2009 | 0.3078 | N = 50,7 = 0.0005, A = 0.01
B to A 2008-2009 | 0.3013 | N = 50,7 = 0.0005, A = 0.01
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Blending

@ 2 layer neural network
e 80 sigmoid units on the first and second hidden layer

@ 36 predictors for Algebra 2008-2009
@ 37 predictors for Bridge to Algebra 2008-2009

@ Additional information
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Results

Best individual results:

Cross validation | Leaderboard
Algebra 2008-2009 0.2997 0.2849
Bridge to Algebra 2008-2009 | 0.2898 0.2837

Neural network blending:

Cross validation | Leaderboard
Algebra 2008-2009 0.280925 0.277355
Bridge to Algebra 2008-2009 | 0.288417 0.28073
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Summary

@ ldeas from collaborative filtering are suitable for the KDD Cup
2010

@ An ensemble of different models is a good approach for a
competition

@ For sure there is a way to build simpler models with similar or
better performance
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Thanks for your attention

commendo

commendo research & consulting GmbH
Austria
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