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Abstract Software used in safety-critical system
must have high dependability. Software testing and V&V
(Verification and Validation) activities are very important
for assuring high software quality. If we can predict the
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risky modules of safety-—critical software, we can focus
testing activities and regulation activities more efficiently
such as resource distribution. In this paper, we classified
the estimated risk class which can be used for deep
testing and V&V. We predicted the risk class for each
module using support vector machines. We can consider
that the modules classified to risk class 5 and 4 are more
risky than others relatively. For all classification error
rates, we expect that the results can be useful and
practical for software testing, V&V, and activities for
regulatory reviews.
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1.0OC Total number of lines

LOCc Number of comment-only lines

LOCh Number of blank lines

LOCcc Number of lines of code and comment
LOCs Nurnber of lines of statement

DC(m) McCabe'’s design complexity

CC{m) McCabe’s Cyclomatic Complexity
EC(m) McCabe’s Essential Complexity

PD(h) Halstead's program difficulty

PL(h) Halstead's program length

V(h) Halstead's volumn

00 Halstead’s total number of operands and

operators

IC(h) Halstead’s Intelligent count
EWP(h) Halstead's effect to write program

T(h) Halstead's time to write program
EE(h) Halstead’s effort Estimate

BR Number of branches

UOpr Number of unique operators

UOpd Number of unique operands

Opr Number of operators

Opd Number of operands

Risk Level |Risk level (from requirement specification)

Getting information
for
Application

Selection by
Methodology, tools,
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Selected data set

i the target
Application modules
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