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Motivations

1. Software companies invest 50% of total software development
costs in software quality assurance activities, in which defect-
detection techniques are often applied to detect defective
modules (Wanger, 2006).

2. There has been a lot of work in the area of fault proneness
prediction using source code metrics and machine learning
models. However, evaluating the usefulness of fault proneness
prediction using cost factors is a less explored area.



Main ideas

1. Select a suitable set of source code metrics for fault prediction
of object-oriented (OQO) software.

2. Develop a fault prediction model using an extreme learning
machine with various kernel methods.

3. Use a cost analysis framework to determine the usefulness of
the fault-prediction model.



’—> Feature-ranking method <—‘

Features s Top [log,n] Selected
are ranked are selected — features
ES
All
L }
| features

Feature mafrix X with dimension nxm,

i.e., matrix X contains n data samples and m features.

A subset of
features
is generated

—

Evaluator
classifier

g

Selected
features

|-> Feature subset selection method (J

—)I Mormalization I

10-fold cross-validation approach has been

considered for model development

MNomalization

—| Normalization |

X' =(x=min(X))/(max(X)-min(X))

Mormalize the dataset across the range [0,1]
using the min-max nomalization technigue

Fault
prediction
is useful

Yes
<_

e

G

k.

Linear kemel

Polynomial
kernel

RBF kemel

Sigmoid
kemel

lma

Fault
prediction
is not useful

e

Confusion
meftric is
constructed

J

Value of cost
parameter
is selected

w

ME  is

oot

calculated

Fig. 2 Framework of the proposed cost-based evaluation framework (RBF: radial basis function)




Major results
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Fig. 7 Box plots displaying performance evaluation results for different kernel functions
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Major results (Cont’d)
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Fig. 8 Box plots displaying performance evaluation results for different sets of source code metrics:
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Major results (Cont’d)
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Conclusions

1. Our experiment results suggest that it is possible to identify a
small subset of OO source code metrics.

2. We found that the selection of classification method for
developing a fault prediction model is affected by the feature
selection methods.

3. Cost analysis results reveal that our developed fault prediction
model is the best suitable for projects with the percentage of
faulty classes below a threshold value depending on the fault
identification efficiency (high: 25.72%; median: 39.24%; low,

47.28%).
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