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Examination of program structure extraction for processing contents

estimation

Abstract: In this paper, we propose a graph mining method for the tree structure of a program, in order to
find structural features that can be corresponded to natural language words expressing partial functions of
programs. As the first step to the goal, we confirmed that our proposed method can distinguish the programs
that are created for a particular task assignment from the others, based only on the structural features. The
data for the confirmation is a set of programs that are made for nine task assignments described in natu-
ral language. Based on the confirmation, we examined what kind of natural language word corresponds to
structural features of the program that contributed to the discrimination of the particular task assignment.
Through the investigation, we confirmed that there are structural features in programs corresponding to

natural language word used for naming specific computational methods.
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Task N Precision Recall F-measure Accuracy
1 2000 0.9279 0.9342 0.9306 0.9845
2 4000 0.9941 0.9684 0.9810 0.9957
3 4000 0.9625 0.9482 0.9550 0.9900
4 4000 0.8213 0.8684 0.8440 0.9642
5 3000 0.9580 0.9769 0.9672 0.9926
6 5000 0.9307 0.9257 0.9278 0.9841
7 3000 0.9871 0.9759 0.9813 0.9960
8 4000 0.9827 0.9573 0.9697 0.9933
9 4000 0.9968 0.9898 0.9933 0.9985
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