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Abstract: This paper uses three size metrics, which are collectable
during the design phase, to analyze the potentially confounding
effect of class size on the associations between object-oriented
(0O0O) metrics and maintainability. To draw as many general
conclusions as possible, the confounding effect of class size is
analyzed on 127 C ++ systems and 113 Java systems. For each
0O metric, the indirect effect that represents the distortion of the
association caused by class size and its variance for individual
systems is first computed. Then, a statistical meta-analysis
technique is used to compute the average indirect effect over all
the systems and to determine if it is significantly different from
zero. The experimental results show that the confounding effects
of class size on the associations between OO metrics and
maintainability generally exist, regardless of whatever size metric
is used. Therefore, empirical studies validating OO metrics on
maintainability should consider class size as a confounding
variable.
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n the validation of object-oriented ( OO) metrics, it is
I common to use a univariate model to determine whether
an individual metric is statistically related to important exter-
nal quality attributes in the expected direction!". In Ref.
[2], however, EI-Emam et al. argued that such a validation
method did not take into account the confounding effect of
class size. In their research, before controlling for class size
(measured by source lines of code, SLOC), the investigated
OO metrics were strongly associated with fault-proneness.
However, after controlling for class size, the associations be-
tween investigated metrics and fault-proneness disappeared.
They therefore recommend that future validation studies
should always control for size. In Ref. [3], Zhou et al. found
that class size also has a strong confounding effect on the as-
sociations between OO metrics and change-proneness.

In this paper, we investigate the potentially confounding
effect of class size on the associations between OO metrics
and maintainability. We use three size metrics, which are
available during the design phase, to investigate this subject.
To draw as many general conclusions as possible, we first
extract OO metrics from a large number of systems. Then,
we analyze the collected data using meta-analytical tech-
niques.
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1 Confounding Effect and Model

Suppose that X is the independent variable, Y is the de-
pendent variable, and Z is the third variable causally associ-
ated with Y and non-causally or causally associated with X.
Then, we can describe the relationships between these varia-
bles by the following equations'* :

Y=8, +1X+e" @Y
Y=8,+7'X+yZ+e (2)
Z=B," +BX+e"" (3)

where 3, , 8, and B, " are respectively the population regres-
sion intercepts and e, e and e " are respectively the residu-
als. For simplicity of presentation, we use population param-
eters in Egs. (1), (2) and (3) recognizing that in practice
the population values are replaced by sample values.

From Egs. (1), (2)and (3), we can conclude that

T=7"+By 4)

It can be seen that the distortion of the association be-
tween X and Y due to Z is By, and 7 is different from 7’
whenever both 8 and y are non-zero. 7 is called the total
effect, 7' is called the direct effect, and By is called the indi-
rect effect.

2 Research Method
2.1 Data source

In this study, we download 127 C ++ systems and 113
Java systems from http: //sourceforge. net/. The selection
criteria are as follows: 1) Software must be written in pure
Java or C ++ ;2) Software with a large number of downloads
(such information is available) has priority to be selected.
The purpose of the selection criteria is to make selected sys-
tems as representative as possible of open source software.
Tab. 1 shows some descriptive statistics for the C ++ and
Java systems.

2.2 Dependent and independent variables

In this study, system maintainability is quantified via a
maintainability index M. M is a combination of widely-used
and commonly-available metrics that affect maintainabili-
ty"®!. More precisely, M is defined as follows:

M =171 - 5. 2In(aveV) -0.23aveV(g') - 16. 2In(aveLOC) +
50sin( sqrt(2. 4perCM) )

where aveV is the average Halstead’s volume per module'”,

aveV(g') is the average extended cyclomatic complexity
per module, aveLOC is the average count of lines of
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Tab.1 Descriptive statistics for the number of classes

Language N Minimum Maximum Mean Median Standard deviation
C++ 127 63 1 566 236. 74 170 229. 88
Java 113 64 4 030 485. 94 291 556. 04
var(ry,) COV(Fyy, Fyy)  COV(Tyy, Typy)

source code per module, and perCM is the average percent-
age of lines of comments per module.

The independent variables consist of six OO metrics and
three class size metrics. The six OO metrics are WMC, DIT,
RFC, NOC, CBO and LCOM, which capture the concepts of
cohesion, coupling, and inheritance. The definitions of these
OO metrics can be found in Ref. [7]. The three class size
metrics are NM, NA and NMA, which are available during
the design phase. NM is the number of methods in a class;
NA is the number of attributes in a class, and NMA is the
number of methods and attributes in a class, excluding inheri-
ted ones.

2.3 Data analysis methods

The analysis of the confounding effect of the third varia-
ble is based on the linear regression equations of standard-
ized variables:

TOET B, (5)

where 7, 7., B8, and vy, are the standardized regression coefti-
cients that respectively correspond to 7, 7', 8 and v in Egs.
(1),(2)and (3). In this context, the total, direct, and indi-
rect effects are denoted by 7, 7. and B,y,, respectively.

For each OO metric, we first compute the indirect effect
and its variance for individual systems. Then, we use a sta-
tistical meta-analysis technique to compute the average indi-
rect effect over all systems and determine if it is significant-
ly different from zero.

2.3.1 Calculating indirect effect for individual systems

Since S, is equal to the correlation coefficient between X
and Z, and since vy, is equal to the partial regression coeffi-
cient relating Z and Y, controlling for X, the indirect effect
B,y can be equivalently represented as

_ Px(Pzy = PxsPxz)

2 (6)
1 -py,

B,

where p,,, py,, and p,, are respectively the population Pear-
son correlation coefficients between X and Y, between X and
Z, and between Z and Y.

Let ES, ... be the sample estimate of 8.y, obtained by re-
spectively substituting the sample Pearson correlation coeffi-
cients ry,, ry,, and r,, for p,, py,, and p,, in Eq. (6). The
variance of ES, is

indirect

T
var(ES, ;..) =ada (7
where the vector
2 2
_ rxzrzy+rzy_2rxzrxy ~Ixz "xz g
a= 2\2 > 2 2 ( )
(1-ry,) 1-ry, 1 -1y

and the variance-covariance matrix

P = var( VXY) cov( Fzys rX}') 9

var(r,,)

coV(Fyy, Fyy)
COV(Fyy Fpy)  COV( Ty Fyy)

The variance of the sample Pearson correlation r, be-
tween two variables a and b is

(1-7)°

N (10)

var(r,) =
where N is the sample size, while the covariance of two sam-
ple Pearson correlations in which there is a common varia-
ble, say r, and r_, is

ac?

%(Zrhr - ruh rar) (1 - rih - rjr: - rizc) + ’ir
1) = 11
COV( rab rm ) N ( )
2.3.2 Calculating average indirect effect over all sys-

tems

There are two kinds of meta-analyses: fixed-effect models
and random-effect models™ . In the fixed-effect models, all
effect sizes are assumed to be estimates of a common popula-
tion effect size. Consequently, results cannot be generalized
beyond the included systems. In contrast, in the random-effect
models, a random-effect variance results from drawing sys-
tems from a universe of possible systems in addition to the
variation due to the sampling of subjects in the original stud-
ies. Because of this, random-effect models not only permit
one to draw inferences about studies that have been made but
also to generalize to studies that might be made in the future.
In our study, the indirect effect estimates from individual sys-
tems are, hence, aggregated using random-effects models,
with the formulae provided by Hedges and Vevea™ .

3 Experimental Results

Tab. 2 summarizes the results from our data set. For each
individual OO metric: 1) The third column shows the average
total effect 7, computed using the random-effect models and
its confidence interval( shown in parentheses) from the model
where we do not control for class size; 2) The fourth, fifth
and sixth columns show the average direct effect v/ compu-
ted using the random-effect models and its confidence inter-
val (shown in parentheses) from the models where we do
control for NM, NA, and NMA, respectively; 3) The sev-
enth, eighth and ninth columns show the average indirect
effect B,y, computed using the random-effect model and its
confidence interval ( shown in parentheses) .

Tab. 3 shows the direction of the confounding effect of
class size for individual OO metrics. Here, “ +” means a posi-
tive confounding effect, “ —” means a negative confounding
effect, and 0 means class size has no confounding effect. As
can be seen, the confounding effect of class size on the asso-
ciations between OO metrics and maintainability in general
exist, regardless of whatever size metric is used.
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Tab.2 Results of testing for confounding effect

Not controlling Controlling for size Testing for confounding
System Metric for size NM IMP NAIMP NMA NM IMP NAIMP NMA
Iy Ty Ty Ty, Ar,, Ar,, Ar,,
CBO -0.2817 -0.3075 -0.2440 -0.2875 0.0309 -0.0335 0.0122*
LCOM -0.089 4 -0.0517 0.103 6 0.0245" -0.0258 -0.1720 -0.0935
C++ RFC -0.1314 -0.1239 -0.0823 -0.0757 -0.0050" -0.0342 -0.0425
software WMC -0.3579 -0.7152 -0.3560 -0.6121 0.3560 0.0027" 0.2548
NOC 0.1214 0.1345 0.1117 0.133 1 -0.005 1 0.004 1 -0.004 1
DIT -0.0802 -0.0817 -0.0962 -0.0843 0.0030" 0.0077 0.004 7
CBO -0.3219 -0.4103 -0.3304 -0.3891 0.084 3 0.008 3 0.064 9
LCOM -0.0875 -0.103 6 0.1303 -0.0438 0.0170" -0.2172 -0.0423
RFC -0.0793 -0.0860 -0.0116" -0.0262" -0.00007 * -0.0537 -0.043 1
Java software ,
WMC -0.2204 -0.8013 -0.2331 -0.5886 0.5789 -0.0161" 0.368 9
NOC 0.1945 0.2009 0.1859 0.1999 -0.0049 0.0052 -0.003 8
DIT -0.076 5 -0.0677 -0.0574 -0.0596 -0.003 1 -0.0103 -0.008 2

Notes: r,, is the weighted mean Pearson’s correlation coefficient with MI; Ar, is the weighted mean difference between Pearson’s correlation coeffi-
cients with and without control size; * means p >0. 05.
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