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1. INTRODUCTION
Advances in distributed object technologies (e.g., the Com-

mon Object Request Broker Architecture [15] and the Enter-
prise Java Bean Specification [19]) dramatically impact the
development process of distributed software applications. In
particular, time for providing new distributed services is de-
creasing because applications are not built from scratch any
longer. Rather, they are developed based on pre-existing
middle tier software (middleware) and integrate components
and services provided off-the-shelf by third parties [9]. The
increasing demand for rapid provision of new products en-
tails rigid constraints on the activities of quality assurance
for this class of applications. It becomes crucial to optimize
the allocation of resources for testing and analysis to meet
the required quality goals, while reducing time-to-market.

Measuring the fault-proneness of the software may facili-
tate the allocation of resources for testing and analysis. If
the distribution of faults in the software can be accurately
estimated in advance, resources can be allocated accord-
ingly, i.e., more resources to the more fault-prone parts of
the software. For example, in the case of code inspection,
more thorough inspection sessions could be scheduled for the
more fault-prone modules. Although fault-proneness cannot
be directly measured, it can be estimated based on other
measurable attributes of the software, based on expected
correlations between such attributes and fault-proneness.
Many software metrics have been proposed for this pur-
pose (e.g., [14, 10, 20]). However, the best predictors of
fault-proneness may vary according to the class of applica-
tions and the target application domain, as demonstrated
by many empirical studies [13, 18, 16, 17, 7, 6].

In the nineties, researchers started investigating software
metrics to capture the specific complexity of object-oriented
systems [5, 11, 4, 2]. Object-Oriented (OO) metrics capture
characteristics of class hierarchies, of the internal cohesion
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of classes and of the degree of coupling between different
classes. An preliminary set of empirical studies support the
hypothesis that OO metrics are better related to external at-
tributes of object-oriented systems, such as fault-proneness
and maintainability, than traditional metrics [1, 8, 3]. How-
ever, these studies have been conducted on small applica-
tions, containing less than 100 classes, which may not ade-
quately represent large-scale industrial systems.

This paper reports an empirical study on a large object-
oriented industrial system for telecommunications. The tar-
get software consists of more than 2,000,000 lines of code
organized in 3,344 modules, containing one or more C++

classes each. We analyzed the relationships between the
OO metrics defined by Chidamber and Kemerer in [5] and
fault-proneness across three different versions of this tar-
get application. The result of the experiment suggests that
OO metrics do not outperform traditional metrics as fault-
proneness predictors for large industrial systems: in our ex-
periments, none of the experimented OO metrics appears to
be a better predictor of fault-proneness than lines of code
(LOC).

2. EMPIRICAL STUDY
The empirical study was conducted on an industrial telecom-

munication application. For confidentiality reasons, we can-
not disclose neither functional details nor the producer of
this application. In what follows, we refer to this applica-
tion as RC.

2.1 Target Data
We collected data from three different versions of RC,

referred to as RCx.01, RCx.02 and RCx+1.0, respectively.
Such versions represent the evolution of the same software
over time. At the time of this writing, all three versions
operate in the field and all of them are maintained by the
company as branching versions. All three versions are sig-
nificantly different from each other in terms of offered func-
tionality.

Each version of RC consists of more than 2 million lines of
C++ code. The set of source files common to the three ver-
sions (common core files) accounts for 93.3% of the files in
RCx.01, 92.9% in RCx.02 and 86.5% in RCx+1.0. This sug-
gests that the evolution of RC largely favored modification
and adaptation of available code over implementation of new
functionality in separate modules. To the end of analyzing



the trends of faults and metrics across the three version of
RC, only the common core files have been considered in our
analysis.

We considered header and implementation source files with
the same base name (for example, the file x.hpp and x.cpp)
as a single software module. This is consistent with the
common C++ programming practice of separating interface
definitions and method implementations corresponding to
the same class in header and implementation file. The com-
mon core of RC consists of 3,344 modules. Among these
2,937 contain exactly one class and less than 100 contain
more than 2 classes, confirming the general validity of the
above assumption.

A database stores faultiness data for the three version of
RC. These data have been collected during system and in-
tegration testing. Whenever a fault was revealed, references
to the version under test and the corresponding faulty code
were traced in the database. Thus, we have been able to
count the number of faults discovered for versions and mod-
ules of RC: For version x.01, we have 2,087 faults distributed
among 600 faulty modules; For version x.02, we have 1,962
faults distributed among 590 faulty modules; For version
x+1.0, we have 12,600 faults distributed among 1,800 faulty
modules.

2.2 OO Metrics and Hypotheses
Our analysis focus on the set of OO metrics defined by

Chidamber and Kemerer in [5] (C&K OO suite). Here, we
briefly recall the semantics of these metrics:

WMC, weighted methods per class. This metric measures
the complexity of a class. Its value is computed as the
sum of the complexity of each individual method of
the class. For the sake of simplicity, we consider all
methods of a class to be equally complex. Thus the
value of WMC represents the number of methods of
the class.

DIT, depth of inheritance tree. In our study, this metric
measures measures the number of the ancestors of a
class.

NOC, number of children. This metric measures the num-
ber of direct descendants of a class.

RFC, response for a class. This metric measures the num-
ber of methods that can be potentially executed in
response to a message received by an object of a class.

LCOM, lack of cohesion in methods. This metric measures
the number of pairs of methods of a class that do not
share any instance variables, minus the pairs of meth-
ods that do. The value is zero when the subtraction
yields a negative result.

CBO, coupling between objects. This metric measures the
number of other classes used by a class. A class uses
another class if one of its member uses a member of
the other class.

For each module in the dataset we measured both the
metrics of the C&K OO metrics and the size in terms of
LOC. We have been not able to measure CBO and LCOM,
because the available tools failed in computing these two
metrics due to the very large dimension of the application.

2.3 Data Analysis Methodology
We evaluated the impact of each single metric on the fault-

proneness of the software modules, and we used multivariate
statistical models for understanding whether the conjunct
use of set of metrics can explain fault-proneness better than
a single metric alone.

Studying the Impact of Single Metrics
One important application of fault-proneness models is to
help focus analysis and testing activities. For example, we
would like to be able to analyze or test the most faulty parts
of the software under verification earlier and more deeply
than the rest. The better a predictor helps recognize the
most faulty part of a software system, the more it helps
focus analysis and testing.
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Figure 1: LOC as fault-proneness predictor

The graph in Figure 1 plots the cumulate percentage of
faults versus the cumulate percentage of lines of code, for
the three versions of RC1, when modules are sorted accord-
ing to different criteria. The three upper lines correspond
to the modules sorted by decreasing density of known faults
for the three versions. Allocating resources according in this
order would optimize testing and analysis activities. Unfor-
tunately, this order is known too late for planning analysis
and testing activities. The three lower lines correspond to
the modules sorted by decreasing size (LOC). The figure
confirms that the intuitive idea the bigger, the more faulty,
is generally valid for RC modules, even though the fault den-
sity increases only linearly. It also confirms that to use LOC
as fault predictor allows to stay on the safe-side, avoiding
the risk of focusing first on big amounts of non-faulty mod-
ules. In fact, planning testing and analysis according to the
size of software modules is a common practice in industry.

We used LOC for benchmarking OO metrics as fault-
proneness predictors, i.e., we consider a metric as a good
fault-proneness predictor when it outperforms LOC in an-
ticipating the most fault dense modules of the system.

1The version corresponding to each line is identified by the
particular symbol drawn in random points of the line itself,
according to the association defined by the legend in the
right side of the figure.



Multivariate Regression Analysis
For multivariate analysis we use logistic regression. A logis-
tic regression model estimates the probability that an object
belongs to a specific class (dependent variable), based on the
values of some quantified attributes of the object (explana-
tory variables). We classified as faulty the modules with at
least one fault in the dataset and used this class as depen-
dent variable. We used the software metrics as explanatory
variables. Thus, our models estimate fault-proneness as the
probability of finding a fault in a software module, based on
given sets of metrics. For example, let M1, . . . , Mn be a set
of n metrics measured on the module M , then according to
the logistic regression equation,

p(M is faulty) =
eC0+C1M1+···+CnMn

1 + eC0+C1M1+···+CnMn
.

Where the coefficients C0, C1, . . . , Cn are computed by
maximizing the likelihood of the model on the set of avail-
able observations. Full details on logistic regression can be
found in [12].

We used logistic regression to investigate the combined
impact of pairs of metrics on fault proneness. We then com-
pared the fault-proneness indicators provided by the models
and LOC, with respect to the ability of anticipating the most
fault dense modules of the system.

2.4 Results
Figure 2 shows the impact of single OO metrics on fault-

proneness for RCx.01. The two thick lines represent the
impact of ordering the modules by decreasing fault density
(the optimal order) and by decreasing LOC (the baseline
order). The four thin lines represent the modules sorted
according to the decreasing order provided by the four in-
vestigate OO metrics. The diagram indicates that none of
the OO metrics performs better than LOC in anticipating
fault-proneness. Thus, in this case there is no advantage in
using any OO metric instead of LOC as fault-proneness in-
dicator. Results for RCx.02 and RCx+1.0 show analogous
trends.
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Figure 2: Impact of OO metrics for RCx.01

We then performed multivariate analysis using all the pos-
sible pairs of metrics in the dataset as independent variables.
We produced 10 logistic regression models. We excluded

four models, because they were not statistically significant,
according to the goodness indicators provided by the logistic
regression procedure. Figure 3 shows the cumulative fault
density according to the fault-proneness indicators provided
by the logistic regression models (thin lines), in compari-
son with LOC (thick line) for RCx.02. None of the models
provides a better fault-proneness indicator than LOC. More-
over, models that do not include LOC among the explana-
tory variables perform sensibly worse than LOC as fault-
proneness indicators. Thus in this case, multivariate models
do not represent any advantage over LOC, as fault-proneness
indicator. Results for RCx.01 and RCx+1.0 show analogous
trends.
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Figure 3: Quality of LR models for RC6.02

3. THREATS TO VALIDITY
We identify some threats that may limit the generalization

of the results of this study.
RC was born as evolution of a legacy C application pre-

viously maintained by the producer company. This raises
the question whether we analyzed an application that ade-
quately represents object-oriented software. If the internal
structure of RC was inherited from the procedural program,
this could explain the low significance of OO metrics in rep-
resenting the complexity of the software. Although the orga-
nization of the code (mainly articulated in single class mod-
ules with separated interface and implementation) supports
the assumptions of object-orientation, we cannot definitely
exclude this threat.

We also notice that in the analyzed data the amount of
non-faulty modules largely outstands faulty modules. For
example, faulty modules represent less than 20% of the data-
set in RCx.01 and RCx.02. This could induce a bias in the
logistic regression models: being non-faulty the most likely
category in the dataset, models tend to predict low proba-
bilities of fault-proneness such to stay on the safe-side. We
plan to execute new experiments excluding the non-faulty
modules from the building procedure, but we are now per-
forming a preliminary study to understand more in detail
the type of conclusions that we can draw in this latter case.

Finally, we cannot ignore the absence of LCOM and CBO
in the set of the analyzed metrics. These metrics measure
the degree of coupling between classes that is expected to



be an important dimension of complexity. Thus, our results
cannot be generalized to all the metrics of the C&K OO
suite.

4. CONCLUSIONS
This paper reported an empirical study of the relation-

ships between OO metrics and fault-proneness for an indus-
trial application for telecommunications. The results of this
study challenges the hypothesis that OO metrics are better
predictors of fault-proneness than traditional software met-
rics. To the best of our knowledge, our study represents
the first empirical evaluation of OO metrics on an software
system of industrial size.
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industrially relevant fault-proneness models.
International Journal of Software Engineering and
Knowledge Engineering, 13(4):395–418, Aug. 2003.
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