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Motivation & Design

 There is a lack of comprehensive, in-depth work analyzing the
effectiveness of different design choice in issue classification:

— How do different textual fields of issues affect the performance of
issue classification?

— How do different feature representation methods affect the
performance of issue classification?

— How do different machine learning algorithms affect the performance
of issue classification?

* This work: The first extensive study of automated issue
classification on 9 state-of-the-art issue classification
approaches, which reveal multiple practical guidelines for
further advancing issue classification.
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The workflow of automatic issue classification. The differences among existing issue classification approaches mainly
pertain to a) the used textual field; b) the feature representation methods used to build the feature extractor; c) the machine
learning algorithms adopted to learn the classifier. This work systematically explore the impacts of these design choices on
the performance of automatic issue classification approaches.




Main Contributions

e Contributions:

The first extensive study of automated issue classification on 9 state-
of-the-art issue classification approaches;

Our study reveals multiple practical guidelines for further advancing
issue classification.

An advanced issue classification approach, Deeplabel, which can
achieve better performance compared with the existing issue
classification approaches.

. Training separate models for the issue titles and Performance Metrics Statistical Testing
descriptions and then combining these two models tend Approach Bug Non-Bug Overall Bug Non-Bug Overall
to achieve better performance for issue classification; precision recall F1 precision recall F1 precision recall F1 precision recall FL precision recall F1 precision recall F1
: ; Chawla 073 049 059 077 090 083 076 076 0.75 PNOSENINOBENI00NNOSTIN 021 [DEEINOSENN093 -
. Word embedding with LSTM can better extract features Pandey 078 070 074 085 089 087 083 083 083 049 054 067 0S8 030 040 06 065

from the textual fields in the issues, thus leading to better  Otoom 024 003 005 064 094 076 051 063 052 {]64
issue classification models: Terdchanakul 058 033 042 071 087 078 067 068 066
' Pingclasai 041 041 041 069 069 069 060 060 060
: . . . Qin 078 075 076 087 087 087 084 084 0.84) 065  0.09 - 018 035 --
. There exist certain terms in the textual field that are Kallis 078 070 074 085 088 087 083 083 083 048 044 068 050" 025 040 063
helpful for building more discriminative classifiers Herbold 082 072077 086 091 089 085 085 085 000 07038 [HOB8T -0.05 015- 0.29 030
BERT-Title 077 078 077 08§ 087 087 084 084 084 062 020028 002 048 030 032 038 031

BERT:Desc 072 070 071 084 085 084 080 080 0.0 088 JOSEN0S0 066
BERT:Combl 078 079 078 089 088 088 085 085 085 042 -034 016 0.0 042 0.16 016 0.9 0.5

DeepLager 082 077 079 088 091 089 086 086 086

between bug and non-bug issues;

. The performance of the issue classification model is not
sensitive to the choices of ML algorithms.

DeepLabel, which is designed based on our derived guidelines, achieve
significantly better performance compared to all existing issue
classification approaches as well as the state-of-the-art model BERT.

Guidelines derived from our study.



