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Comparison of Outlier Detection Methods in Fault-Prone Module Detection

SHINSUKE MATSUMOTO, ! YasuTtaka Kamer, ! Akito MoNDENT!
and KEN-1cHI MATSUMOTO'!

The goal of this paper is to improve the prediction performance of fault-proneness models
by removing outliers from a dataset used for model construction. We experimentally eval-
uated the effect of four outlier removal methods; Mahalanobis Outlier Analysis (MOA) and
Local Outlier Factor Method (LOFM) which are well-known outlier detection methods for a
single sample, and Rule-Based Modeling (RBM) suitable for two samples, and Cross-Class
Mahalanobis Outlier Analysis (CC-MOA) proposed in this paper. In the experiment, we com-
pared MOA, LOFM, RBM and CC-MOA each applied to three well-known fault-proneness
models (linear discriminant analysis, logistic regression analysis and classification tree) using
three NASA project datasets. As a result, three outlier detection methods excluding LOFM
improved F1-values of all fault-proneness models for all datasets. The average improvements
of Fl-value by MOA, RBM and CC-MOA were 0.139, 0.137 and 0.123 respectively.
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Fig.1 An example of Mahalanobis distance.
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Fig.2 An example of local outlier factor.
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Fig.3 An example of Cross-Class Mahalanobis Outlier
Analysis.
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Table 2 Summary of datasets.
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Table 3 Source code metrics in each dataset.
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Decision density
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Design density
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Essential density
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Global data density
Halstead content
Halstead difficulty
Halstead effort

Halstead error estimation
Halstead length
Halstead level

Halstead programming time
Halstead volume

LOC blank

LOC code and comment
LOC comment

LOC executable

LOC total

Maintenance severity

¥ ¥ X X X X ¥ ¥ ¥ ¥ ¥ ¥ ¥
¥ ¥ ¥ X X X X X X X X ¥ ¥

Modified condition count
Multiple condition count
Node count

Normalized cyclomatic count
Number of operands
Number of operators
Number of unique operands
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L A 3
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Table 4 Classification of detection results.
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Table 6 Result of outlier detection for dataset KC1.
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Table 7 Result of outlier detection for dataset JM1.
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Table 8 Result of outlier detection for dataset PC5.
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Table 9 Percentage of removed modules (%).
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