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1. Introduction

The objective of this study is to identify CR
characteristics associated with the CR-fixing duration in
the testing phase. Our data set associated with CR-fixing
duration includes censored data [1], which censoring arises
by discarding the CR because it turns out not actually CR.
Although CR-fixing duration of censored data is not
known, censored data has a partial information that CR-
fixing is not finished before censoring. Ignoring the
censored data and only analyzing the subset can lead to
misleading results. Conventional statistical methods
cannot fully tackle the problem of censored data.

We employed the Cox proportional hazard regression in
survival analysis to deal with the censoring data. In
addition, we would like to note that this study is not for
validation, but is for identifying the patterns of
associations and interactions between CR-fixing duration
and CR characteristics.

2. Case Study

2.1 Data source

Our data comes from a system test phase of a large
telecommunication system. The data consists of 1566 CRs
in software produced at 129 weeks system test. The
software system consists of 139 functional blocks. The
size of each functional block has a range of 2-10 KLOC
with over 12 million lines of written code in the Chill
language.

2.2 M easurement

The CRs covered in this study were generated in two
cases during system test. The first case came from testing
division. In this case, the CR-fixing duration begins with
tester's generation of CR and ends with the pass of retest.
The second case was from developers who were asked to
accommodate new requirements (function enhancements
or new functions). The CR-fixing duration of the second
case was from receiving aformal request of new
requirements to passing the system test. Thus, the CR-
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fixing duration corresponds to the survival time of CR. If a
CR was generated by misunderstanding or being
withdrawn by new requirements request, the CR was
classified as irrelevant and counted as a censored data
Kaénichi and Kanoun[6] used the same procedure as the
first case in collecting the data and handling the censored
data in a reliability study of a commercia
telecommunication system.

The CR-fixing duration was used as a metric in
Hewlett-Packard [5]. Also Kan [6] addressed the CR-
duration as a metric for software maintenance.

The CR-fixing process can be affected by several
factors: software complexity [2], code size [4], human
skills  [12], development process, methodology
[9][10][11], etc. However, this study only concerns CR
characteristics such as the number of related functions,
severity levels, source modification types, error injection
phases, etc.

2.3 Research M ethod

Survival analysisis a statistical method for studying the
occurrence and timing of events. Survival data is a
measurement of the length of time until the occurrence of
an event such as CR-fixing duration.

In many methods for analyzing survival data, this study
utilized the Cox proportional hazard regression of the non-
parametric model. The Cox proportional hazard regression
is used to model failure time data in censored data. Its
advantage is that it assumes any underlying distribution of
CR-fixing duration.

2.4 Reaults

The results from Cox proportional hazard model are
summarized in Table 1.

The value of the likelihood-ratio statistic, 52.95, reject
the null hypothesis H;: kb =b,=... = =0. Thus, at
least one of the coefficientsis not zero.

The signs of the coefficients state the direction of the
relationship. The negative coefficientsfor “version 2 and



Table 1: Results from Cox proportional hazard model.

Covariates L evels Coefficient Standard ~ Hazard P value
(factor variables) (b) error rate
No of related functions 2 and over 0.166 0.078 1.180 0.033
Severity Major -0.050 0.175 0.951 0.774
Minor -0.198 0.129 0.820 0.123
Modification type Function enhancement 0.039 0.088 1.039 0.660
New function 0.010 0.087 1.010 0.906
Phase Implementation 0.069 0.066 1.072 0.297
System testing 0.218 0.117 1.243 0.062
Version Version 2 -0.447 0.162 0.639 0.006
Version 3 -0.446 0.131 0.641 < 0.001
Version 4 0.524 0.111 1.689 < 0.001
3’ indicate that CRs generated in Version 2 and 3 had 4. Reference

longer time to be fixed than those generated in other
verions. The positive coefficient of Version 4 indicates that
CRsin Version 4 were associated with shorter times to be
fixed. The coefficients are in the log relative hazard scale.
Thus, for a coefficient b, thevalue of > isthe estimated
coefficient called hazard ratio. For example, the coefficient
of the number of related functions is €' = 1.180 that is
relative hazard ratio to just one function CR. CR-fixing
duration with alarge hazard ratio is longer than that with a
small hazard ratio.

With p -values in Table 1, we can conclude that the
number of related functions, error injection phase, and
version are related to CR-fixing duration, while severity
level and modification type are not.

The generalized R?[3][8] has a value of 0.034. The

oo
generalized R2(=1- expé%% is highly associated
e a9

with the sample size. Since our data set includes a
relatively high volume of observations, the generalized R®
hasrelatively small value.

3. Final Remark

In this paper, we analyzed a case study involving 1556
CRs in a testing phase of a large-scale software system.
This study utilized the Cox regression in accommodating
censored data and assuming the underlying distribution of
data.

Our results indicate that the number of related
functions, error injection phase, and version are related to
CR-fixing duration, while severity level and modification
type are not. Since the number of observations are many,
the ‘generalized R?’ hasrelatively small value.
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