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. Context: Software Defect Prediction

%\_umm{?
e Software Defect Prediction datasets are often imbalanced

* Most modules being non-faulty

* One-class Support Vector Machine (SVM) classification is well-suited to train
classifiers when the training dataset is very imbalanced.

* So, it is increasingly used for building SDP models.

* Though a minority, faulty modules often are a non-negligible fraction of the
total; hence, completely ignoring them can lead to discarding potentially
useful information.
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Q: How to exploit the information embedded in the minority class when using
one-class SVM classification?

A: Via an ensemble software defect prediction method that takes advantage
of one-class SVM classification without ignoring the minority class modules.

Positive-based
one-class classification %
ABOCC (Agreement-Based
% One-Class Classification)
Negative-based
one-class classification
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@ Classification with Uncertainty

The ABOCC classifier is defined as follows.

1) A binary classifier bcp is built via one-class classification, using only positive instances.
2) Abinary classifier bc,, is built via one-class classification, using only negative instances.

3) Aninstanceiis then classified using bcp and bc,: let c (i) and c (i) be the obtained
classifications, respectively. The classification c (i) by ABOCC is

Ce (1) =positive VN cp (1) =positive A ¢, (1) =positive
ce(1) =negative & ¢, (1) =negative Acy, (1) =negative
Ce (1) =uncertain & c, (1) # ¢, (2)
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@ How to deal with uncertainty?

* A prudential approach (ABOCCp): consider all uncertain instances as
positive

* Given bcp and bc, the classification by the binary prudential ensemble
method cbp(i) is

Chp (1) = negative < c,(i) = negative A ¢, (1) = negative;
Chp (1) = positive & cp(i) = positive V ¢y, (1) = positive.



Research Question
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* How well does ABOCCp perform compared to
* “regular” SVM,
ass SVM,

* one-C
* random classification (used as a baseline)

in predicting
1) actually faulty and actually non-faulty modules separately,
2) the entire test set, containing both faulty and not-faulty modules.
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g@ Empirical study

* Cross-version prediction
* Dataset collection by Jureczko and Madeyski available from Zenodo
* 24 training-testing dataset pairs were used
* We built software defect prediction models via
* traditional binary SVM,
e one-class SVM,
* ABOCCp,
* random classifier

* We built models by using the training set “as-is,” without balancing, and by
using training sets balanced via SMOTE
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- Metrics used for evaluating results
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» TPR = TP/AP

* The True Positive Rate is the proportion of actually faulty modules that
were correctly classified.

* TNR = TN/AN
* The True Negative Rate is the proportion of actually non-faulty modules
that were correctly classified.

e Gmean =+ TPR - TNR

* the geometric mean of TPR and TNR (not affected by imbalance)
e McC = TPTN —FP-FN
VAP AN EP EN
* the Matthews Correlation Coefficient (affected by imbalance)
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g@ Gmean and MCC
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- Discussion
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 ABOCCp is very good at classifying faulty modules.
* At the expense of classifying as faulty also several non-faulty modules.
* This is a consequence of its prudential definition.

* So, what SDP model is best?

* This actually depends on the importance (i.e., cost) that you assign to TPR
with respect to TNR



@ Cost considerations
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g@ Conclusions
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* The prudential ensemble approach using one-class classifications based on
positives and on negatives proved good at classifying faulty modules and
poor at classifying non-faulty modules.

* So, it can be useful if false negatives are definitely more expensive than false
negatives.

* A topic that needs further exploration concerns alternative ways of
classifying modules that were considered uncertain by the ensemble
method.



Thanks for your attention!

Questions?
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