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Verification of feature vectors robust to sparse data
for Deep Knowledge Tracing
Akinori Tsuyama
Abstract
Recently, the motion which is Combining information technology and
education called ‘learning analytics’ gets active. This is because we can collect
enormous student’s learning record automatically by learning services such as
MOOC. By analyzing a huge amount of leaning data which was difficult to collect
in an offline environment, it because possible to provide learning services
optimized for individuals. In order to realize such a learning service, a task called
Knowledge Tracing, which predicts each student's learning proficiency from
student's learning records, is attracting attention. One of the methods is Deep
Knowledge Tracing by using recurrent neural network. It can perform
comprehensive Knowledge Tracing considering the relationship between
knowledge and the time series of knowledge gaining. Specifically, it predicts the
correct answer probability of the next question category that the student solves by
using the past student's answer history. However, in the conventional method,
the correct answer probability of each question category was considered instead
of the correct answer probability of each question, so the difference of each
question could not be considered. It is possible to assign one question to one
problem category, but the prediction accuracy decreases because of the increasing
the number of categories. Therefore, in this research, the number of parameters
of input data is increased, and the problem and the problem category are used
together by using the method of Deep Knowledge Tracing for the purpose of
improving the accuracy of predicting correct answer probability of the next
problem. We addressed the following two issues to achieve this purpose.
Parameter identification
Existing Deep Knowledge Tracing predicts student correctness for each
problem category. The data to be entered are three: which students solved,
which categories of the problem they solved, and whether they answered
correctly. We replace this with a problem-by-problem prediction. We need

to verify if the other parameter is what data improves accuracy.



Encoding of training data
It is necessary to verify the method that gives the highest accuracy when
encoding four data including the selected parameter.

To work on the proposed method, we used the existing Deep Knowledge
Tracing program and the open learning data provided by the online learning
service ASSISTments. We used the data of "student ID / problem ID / skill ID /
correct or incorrect” from ASSISTments. The skill ID is a number that indicates
the field of the problem. We omit any of these four data that are missing and use
them for input.

Parameter identification
We have added parameters "skill ID" and "number of trials" to the input
vector and identified useful parameters by verifying their effectiveness. The
validity could not be confirmed by adding the student ID to the "student ID /
problem ID / correct or incorrect”. From these results, it was confirmed that
"the number of trials of the problem" contributed to the improvement of the
prediction accuracy for sparse data.

Encoding of training data

We have analyzed the input vector of "student ID / problem ID / skill ID /
correct or incorrect”". We tested two encodings: giving the problem ID
information first or the skill ID information first. However, there was no

significant difference between the two precisions.
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