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Abstract

Careful analysis of Software Engineering measurement data is essential in deriving the right
conclusions from performed experiments. Different data analysis techniques may provide data
analysts with different and complementary insgghts into the studied phenomena. In this paper,
two data analysis techniques- Rough Sets and Logistic Regression- are compared, from both
thetheoretical and the experimental points of view. In particular, the empirical study was per-
formed as part of the ESPRIT/ESSI project CEMP on a real-life maintenance project, the
DATATRIEVE project carried out at Digital Engineering Italy. The two data analysis techniques
are different in nature: Logistic Regression uses a dtatistical approach, while the Rough Sets
analysis technique does not. We have applied both techniques to the samedata set. The goa of
the experimental study was to determine the major factors affecting reliability and reusability in
the application context. Results obtained with either analysis technique are discussed and com-
pared, to identify commonalities and differences between the two techniques. Finally, both
analysis techniques are evaluated with respect to their weaknesses and strengths.

Keywords: Daa Anayss, Rough Sets, Logistic Regression, Empirica Studies, Software
Maintenance.

1. Introduction

Careful data analysisis necessary for deriving the right conclusions from collected experimental
data. Also, experimenters should make the most out of the available data sets, which are usually
smaller in Software Engineering applications than in other fields. No "silver bullet" technique
exists answering al questions for different situations and circumstances in anoptimal way. On
the contrary, it is reasonable to expect that different techniques will have context-sensitive
strengths and weaknesses. Furthermore, different insights will likely be gained fromthe differ-
ent assumptions underlying them and from the use of different analysis processes. Therefore,
we believe that it isimportant to study, assess, and compare several different techniques.

In this paper, we will study the application of two techniques- Logistic Regression [HL39]
and Rough Sets [Paw91] - to the analysis of measurement data of a real-life maintenance proj-
ect, the DATATRIEVE™ project carried out a Digitd Engineering Italy. The experiment was
performed as a part of the CEMP project [CEMP95], an ESPRIT/ESSI project funded by the
European Union. The overal project was devoted to the customized establishment of goal-
oriented measurement programs which were based on the Goal/Question/Metric (GQM) para-
digm [BW84],[BR88]. GQM was applied and evaluated by itself in a case study replicated
across three major companies. In al participating projects, goals rdated to reliability and reus-
ability - quality aspects of maintenance processes important for al three companies - were
studied, to increase consistency and comparability of results across the CEMP project.

1 Supported by ESPRIT/ESSI project # 10358, Customized Establishment of Measurement Programs (CEMP)
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Logistic Regression [HL89] is a classification technique based on maximum likelihood estima-
tion that was originally developed for biomedical applications and has already been successfully
used in a few software engineering applications (for instance, see [BMB94]). Based on the
values of agiven set of explanatory variables for the attributes of an object, Logistic Regression
estimates the probability that the object may be classified asbelonging to one of the possible
categories. Therefore, Logistic Regression is quite different from other regression techniques
(e.g., linear regression), which aim at finding out to what extent there exists a relationship of a
specified kind (e.g., linear) between explanatory and dependent variables.

Rough Set theory [Paw91] is a new and promising data analysis approach which hasbeen suc-
cessfully applied in many real-life problems of various areas, e.g. medicine, pharmacology,
business, banking. While no additional information such as independence of explanatory vari-
ables or assumptions on distribution of data is required, conclusions can bedrawn even for
small sized data sets. As aresult, computation of cause-effect relationshipsin aminima knowl-
edge representation is performed.

Logistic Regression and Rough Sets are different in that Logistic Regression is based on statis-
tics, while the Rough Sets approach is not. The objective of the paper isto

 identify major influence factors of adaptive maintainability for the studied environment,
which will be independently carried out with either analysis technique,

» compare similarities and differences of results,

» assess both analysis techniques with respect to their context-specific weaknesses and
strengths.

The remainder of this paper is organized as follows. In Section 2, the practical problem is de-
scribed. This covers experimental design and other context information as a prerequisite for
later analysis of experimental data. Logistic Regression is described in Section 3, and necessary
background from Rough Set theory is given in Section 4. In Section 5.1, we list a set of
evaluation criteriafor data analysis techniques, to provide the grounds for a theoretical assess-
ment and comparison of both approaches. In Sections5.2 and 5.3, we describe the analysis
results we have obtained by applying Logistic Regression and Rough Sets, respectively, to the
maintenance data resulting from the CEMP project. The results are used to compare both ap-
proaches and get insights into their weaknesses and strengths, as we show in Section 5.4.
Summary and concluding remarks follow in Section 6.

2. The Experimental Environment

Our experiment concerned the transition of the DATATRIEVE™ product from version 6.0 to
version 6.1. The following two activities were being carried out during that transition.

+ Corrective maintenance: failures reported from customers were being fixed.

* Adaptive maintenancee DATATRIEVE™ was being transferred from platform
OpenVMSVAX (version 6.0) to platform OpenVMS/Alpha (version 6.1).

At the time of the experiment, the DATATRIEVE™ team was composed of six people. The
DATATRIEVE™ product was originally developed in the BLISS language. Recently, some
parts have been added or rewritten in the C language. Therefore, the overall structure of
DATATRIEVE™ iscomposed of C functions and BLISS subroutines. The empirical study of
this paper reports on the BLISS part, by far the bigger one. In what follows, we will use the
term "module” to refer to a BLISS module, i.e., aset of declarations and subroutines usually
belonging to one file. More than 100 BL1SS modul es have been studied.



We followed the measurement process used for al application experiments within the CEMP
project. This measurement process is based on the Qudity Improvement Paradigm (QIP)
[BCRY4], an evolutionary paradigm that supports quality improvement by means of reuse of
experience. More details, along with guidelines for the application of the process, may be found
a [CEMPwww] and in [CEMPO5]. In particular, the Goal/Question/Metric (GQM) paradigm
[BW84] [BR88] was used as a part of this QIP-based process to iteratively define metrics for
those attributes which are important in the context of the measurement gaels. This is the GOM
goa we defined:

Analyzeversion 6.1 of DATATRIEVE™ (object of study)

for the pur pose of understanding

(purpose)

with respect to the impact of modifications from version 6.0 to version 6.1 on reliability
(quality fo-

cus)

from the viewpoint of the project leader

(viewpoint)

in the following environment: Digitd Italy - Gdlarate

(environment)

The five dimensions of measurement goals help precisely identify what isinvestigated (©bject of
study), why (purpose), with respect to which specific attribute (Quality focus), for whose bene-
fit (viewpoint), and in what context (environment). GOM goals are later refined into questions
and metrics, to capture al relevant factors in a quantitative fashion.

Here, we will list the relevant explanatory variables that will also be used in the experimental
comparison between Rough Sets and Logistic Regression. Other explanatory variables were
also investigated, but our experimental analysis showed that they were not relevant with respect
to the quality focus of interest.

e LOCSG6.0;: number of lines of code of version 6.0.
e LOCSG6.1: number of lines of code of version 6.1.

* AddedL OC: number of lines of code that were added in version 6.1, i.e., they were not
present in version 6.0.

» DeletedL OC: number of lines of code that were deleted from version 6.0, i.e., they were
no longer present in version 6.1.

» SizeDifferenceRate: relative difference in size between versions, i.e., (LOCG6.1 -
LOCS6.0) / LOCS.0.

» DifferentBlocks: number of different blocks between versions 6.0 and 6.1.

» ExpansionRate: rate of expansion from versions 6.0 to version 6.1, i.e., Added-
LOC/(DeletedL OC+AddedL OC)

* ReuseRate: percentage of lines of code of version 6.0 reused in version 6.1, computed as
(LOC 6.0 - DeletedLOC) / LOC 6.0.

* ModificationRate: rate of modification, i.e., (AddedLOC + DeletedLOC) / (LOC6.0 +
AddedLOC).

 ModuleKnowledge: subjective variable that expresses the project team's knowledge on
modules (low or high).

3. A Concise Introduction to Logistic Regression

2An intermediate document, the abstraction sheet, was used to refine the GQM goal, and as abasis to derive the
guestions. Details about this augmentation to the GQM paradigm can be found in [HOR96].
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Here, we provide a concise description of Logistic Regression. For a more comprehensive in-
troduction, the reader may refer to[HL89]. Logistic Regression is a classification technique
whose aim isto estimate the probability that an object belongs to each specific class, based on
the values of the explanatory variables. As such, Logistic Regression is different from other
regression techniques (e.g., linear regression), whose god is to determine whether there is
some form of functional dependency (e.g., linear) between explanatory variables and dependent
variable. Logistic regression does not assume any strict functional form to link explanatory
variables and the probability function. Instead, this functional correspondence has aflexible
shape, that can adjust itself to several different cases. Logistic regression is based onmaximum
likelihood and assume that all observations are independent.

Here, we will address the case of a dependent variable Y which can only take two values 0 and
1 and any number of explanatory variables X;. The multivariate Logistic Regression model is

defined by the following equation (if it contains only one independent variable, then we have a
univariate Logistic Regression mode!):

A B I TG

where (X1, Xo, ...,X,)) is the probability that Y = O (therefore 1-n(X4, Xo, ...,X,) is the
probability that Y = 1). In our case study, Faulty6.1 will be the dependent variable, i.e.,
Faulty6.1 = O for a module with no faults and Faulty6.1 = 1 for a module with at least one
fault. The measures we have collected on the DATATRI EVE™  modules (see the list a the
end of Section 2) will be the explanatory variables. The curve describing the relationship be-
tween  and any single Xj—i.e., under the assumption that al other Xj's are constant—has a
flexible S shape which ranges between the following two extreme cases.

(1) A horizontal line, when variable X is not significant (probability m is a constant with re-
spect to Xj).

(2) A vertical line, when variable X; doneis ableto differentiate between the case Y = 0 and
thecase Y = 1. In other words, based on the value of X; alone, one can perfectly predict
whether Y =0or Y = 1. A vertica lineisthe limiting case of a steep slope, which shows
that small variations of X have arelevant impact on the probability r.

We will use the following three types of statisticsto describe the experimental resullts.

Ci's, the regression coefficients, estimated via the optimization of a likelihood function. The
likelihood functionis built in the usual fashion, i.e., as the product of the probabilities
of the single observations, which are functions of the explanatory and dependent vari-
ables (whose values are known in the observations) and the coefficients (which are the
unknowns).

p, the atistical significance of the logistic regression coefficients, which provides an insight
into the accuracy of the coefficient estimates. The level of significance of the logistic re-
gression coefficients provides the probability that the coefficient is different from zero
by chance. Historically, a significance threshold (a) of a = 0.05 (i.e., 5% probability)
has often been used in univariate analysis to determine whether avariable is a significant
predictor. The larger the level of significance, the larger the standard deviation of the es-
timated coefficients, the less believable the calculated impact of the coefficient. The sig-
nificance test is based on a likelihood ratio test [HL89], commonly used in the frame-
work of logistic regression.

R2, the goodness of fit, not to be confused with |east-square regression R2—they are built upon

very different formulae, even though they both range between 0 and 1 and are similar
from an intuitive perspective. The higher R2, the higher the effect of the model's ex-
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planatory variables, the more accurate the model. However, as opposed to the R of
least-square regression, high R2s are rare for logistic regression. R2 may be described
as ameasure of the proportion of total uncertainty that is attributed to the model fit. (The
interested reader may refer to [HL89] for a detailed discussion of thisissue.)

4. Basic Concepts of Rough Set Theory

To make the paper self-contained, we here provide a concise introduction to the theory of
Rough Sets. The interested reader may refer to[Paw9l], [PGSZ95]. for a comprehensive in-
troduction to the subject and [Ruh96] for its application to goa oriented measurement in Soft-
ware Engineering. Rough Set theory assumes that attributes of objectqi.e., BLISS modules in
our gpplication case) are measured on an ordina or nomina scale. For Software Engineering
measurement, this is often met quite naturaly (e.g., degree of experience of project team, de-
gree of communication, programming language). However, in dl remaining cases it is neces-
sary to subdivide each attribute’'s domain into subclasses (nominal scale) or subintervals
(ordina scale). In what follows, we will assume that discretization has been carried out. It is
understood that the discretization used may affect the experimental results. The influence of
different discretization techniques on quality of results has been investigated in [CG94]. We
will assume that the set of attributes is subdivided into a set of explanatory variables and one
dependent variable Y (in our case, the number of faultsin version 6.1).

Indiscernability isthe main concept of Rough Set theory. Two objects (i.e., two modulesin our
application) are said to be indiscernible with respect to a subset P of explanatory variables if
both objects have the same values for the same explanatory variables inP. Indiscernability is an
equivalence relation between objects, whose equivalence classes are sets of indiscernible ob-
jects. Any finite union of such equivalence classesis called aP-definable set, i.e, a set that can
be defined based on P's explanatory variables.

We will illustrate the Rough Set approach by an example. In Figure 1, let the outer oval repre-
sent a set of modules. Suppose that the area within the inner oval represents the set, which we
will denote as &y, of those modules that do not contain faults and that the area outside the inner
oval represents the set, which we will denote as S;, of those modules that do contain faults.
Suppose a so that each of the subsets of modules identified by means of the grid of vertical and
horizontal lines (these subsets are labelled by the letters A, B, ..., Z) represents an equivalence
class of the indiscernibility relation defined by P. For instance, al of themodules in the area
labelled by A have the same values for the explanatory variables of P. Any union of the letter-
labeled equivalence classes is aP-definable set.

Two P-indiscernible objects may be associated with two different values of the dependent vari-
able. This situation is called an inconsistency. In our case, such asituation arises when a non-

faulty module and afaulty module have the same valuesfor P's explanatory variables. For in-
stance, in Figure 1, consider the modulesin the class labelled by F, which have the same values
for the explanatory variables. Some of the modules in class F are nonfaulty, while the others are
faulty. Thisistruefor all the modulesin the equivalence classes over the boundary of the inner
ovdl, i.e., those subsets labelled by F, G, H, I, K, N, O, R, S, T, U, V. For the sake of class-

fication, one would like to have a small subset of explanatory variables able to precisely identify
the minimal subsets Sy of objects, each of which contains only objects with the same value Y;

for the dependent variable. In our application case, we would like to use a subset of explanatory
variables to classify modules as nonfaulty (i.e., in set Sg) or faulty (i.e., in set Sq).

{ EMBED Word.Picture.6 }
Figure 1. Rough Sets: P-definable sets.



The Rough Sets approach handles inconsistencies by providing lower and upper approxima
tions of the right subsets. Given aset P of explanatory variables and a subset of objects Sy,
the greatest P-definable set that is contained in Syj is caled a P-lower approximation of Syj.
Therefore, al of the objects belonging to the P-lower approximation of Sy; also belong to Sy;
with certainty. Likewise, the smallest P-definable set that contains Sy is caled a P-upper ap-
proximation of Syj. All of the objects of Sy aso belong to its P-upper approximation. There-
fore, the P-upper approximation of Syj contains al those objects that may be classified as be-
longing to Syj, based on the set P of explanatory variables. The difference set P-upper ap-
proximation - P-lower approximation) is called a boundary region. Elements of the boundary
region cannot be classified as members of the set Syj with certainty by using only the given set
of attributes. For instance, in Figure 1, the P-lower approximation of Sy is given by the union
of the four subsets labelled by L, M, P, Q; the P-upper approximation of S is given by the
union of the subsets labelled by F, G, H, I, K, L, M, N, O, P, Q, R, S, T, U, V. The bound-
ary region of & is therefore the union of those subsets across the boundary of the inner oval,
i.e, thoselabelled by F, G, H, I, K, N, O, R, S, T, U, V. In the same way, the P-lower ap-
proximation of S; is given by the union of the subsetslabelledby A, B, C, D, E, J, W, X, Y,
Z. The P-upper approximation of S1 isgiven by the union of the subsets labelled by A, B, C,
D,E,F, G HI,JK,NOR,ST,U,V,W, X, Y, Z The boundary region is the same as
the boundary region of .

In general, some of the explanatory variablesin P may be discarded. For instance, suppose that
asubset Q O P of explanatory variables defines the same indiscernibility equivalence classes as
the whole P. Then, the explanatory variablesin the set difference P-Q are said to be redundant,
i.e., do not contribute in any way to the precision of the classification. Minima subsets of ex-
planatory variables containing no redundant attributes are called reducts. In general, there may
be more than one reduct, depending on the set of explanatory variablesP. The intersection of all
reducts, called the core, provides the most important explanatory variables, i.e., those that are
essential to classify all objects. However, the core may be empty.

Knowledge obtained from Rough Set based anaysis of experimental data is represented by
means of production rules, which describe the relationships between premises and conclusions,
The premise of a production ruleisthe conjunction of predicates of theform "explanatory vari-
able =value." The conclusion of aproduction ruleis of the form "dependent variable = value."
Eachruleis associated with its absolute strength, defined as the number of objects of the data
set that satisfy its premise. To reflect different frequencies of occurrence of the different values
for the dependent variable, we introduce the measure of relative strength.. It is defined as the
ratio of the number of objects (modules) that satisfy the premise of the rule to total number of
objects that have the value of dependent variable of the consequence of therule. Absolute and
relative strengths provide an idea of the importance of the considered rule in explaining the be-
haviour of the dependent variable based on the explanatory variables. Background and ago-
rithms to generate production rules based on reducts are described in [Paw91]. We remark that
rule derivation may not deliver unique results. The reason is that rule derivation can be per-
formed by starting from different reducts. Rules derived from the lower approximation are cer-
tainly valid and are called deterministic rules Rules derived from the boundary region are pos-
sibly valid and are called non-deterministic rules.



5. Comparison of Results
5.1 Conceptual Criteria for Comparing the Analysis Approaches

As background for later evaluation, we list a set of desirable requirementsfor data analysis ap-
proaches should satisfy and compare the Rough Sets (RS) approach and Logistic Regression
(LR) with respect to these assessment criteria. The list includes the criteria suggested in
[BBT92].

1. Avoidance of restrictive assumptions (relationships between variables, probability den-
sity distribution on the independent and dependent variable ranges, independence among
explanatory variables).

LR: No strict assumption is necessary on the functiona relationship between independent and
dependent variables, as Logistic Regression curves are able to approximate severa different
functiona forms. Independence of observations is necessary to apply Maximum Likelihood
techniques. However, independence of observations is also assumed true for the vast majority
of statistical techniques. Data sets of larger size lead to higher confidence in the results.

RS: No assumption is necessary with respect to the probability distribution of variables and
independence between variables. No assumption is necessary even on the size of the data set.
Rough Set analysis can be applied to even small-size data sets.

2. The modeling process needs to capture the impact of integratingall explaratory vari-
ables.

LR: Univariate analysisis first carried out. Based on the results obtained, multivariate models
are built by means of a multistage process.

RS: All explanatory variables are taken into account at the same time. Therefore, the Rough
Sets approach may be considered as akind of multivariate analysis. Rough Sets analysis allows
for detection of core and redundant variables.

3. Robustness to outliers.

LR: This technique is less sensitive to outliers than other statistical techniques, though some
kind of preliminary outlier analysis must be carried out.

RS: Outliers are reflected as "outlier rules,” i.e., rules with low strength, which do not influ-
ence other rulesin any form.

4. Ability to handle interdependencies among explanatory variables.

L R: Interdependencies are detected by means of statistical techniques that allow dataanalysts to
check for correlations or associations between variables.

RS: Computation of reducts (see Section 4) provides information on the core and redundant
explanatory variables. Therefore, Rough Sets analysis allows the identification of a set of es-
sential explanatory variables (core) and a set of variables that depend on those in the core.

5. Reliability of each individual prediction.

LR: Given the values for the explanatory variables of anobject, Logistic Regression provides
an estimate for the probability of that object to be, say, faulty. In addition, Logistic Regression
provides an estimate for the variance of this probability. Therefore, the reliability of each pre-
diction can be assessed.



RS: Thereis no reliability measure from the original approach. Quality of prediction is meas-
ured by using different techniques such as ten-fold cross validation. Each individual rule is ac-
companied by its absolute and relative strength.

6. Management of inconsistent pieces of information

L R: Inconsistent pieces of information are handled in a probabilisticway. Logistic Regression
provides an estimate of the probability of an object to be classified in each of the possible
classes of the explanatory variable. Therefore, Logistic Regression also tells how likely it is for
the value of the explanatory variable of an object to be due to random.

RS: Inconsistencies are handled by introduction of lower and upper approximations, which
originaly motivated development of Rough Set theory.

7. Need for Discretization

LR: Logistic Regression may be applied to interval or ratio level data—in addition to nominal
and ordinal data—so thereisno need for discretization.

RS: Rough Sets based analysis uses explanatory variables defined on a nominal or ordinal
scale. Granularity and discretization techniques clearly influence analysis resullts.

8. Manipulation of different levels of granularity

L R: Even though discretization is not needed, it may be carried out in Logistic Regression. A
reason for this may be the way the data has been collected, to make the results less sensitive to
possible data collection problems, because of which the actua data collected may be imprecise.

RS: Degree of accuracy of results is determined by the number of intervals. However, Rough
Sets-based computations assume a low (about five) number of intervals. This often reflects
degree of accuracy available from software engineering experimental data.

9. Dependencies on scales
LR: The analysis can be carried out regardless of the type of scale.
RS: There is no dependency on type of scale, after discretization has been carried out.

5.2 Logistic Regression: Analysis Results

We summarize the experimental results by means of a multivariate model, based on the ex-
planatory variables that were found significant and able to explain a relevant part of uncertainty
on the dependent variable in the univariate analysis. More details may be found in [HL89]. Here
is the multivariate model that we identified (for short, m = m(AddedLOC, ModRate,
ModKnow))3:

log(r/1-m) = -11.65 + 0.0286 AddedLOC + 17.11 ModificationRate
+ 3.53 (ModuleKnowledge - 1) - 0.06 AddedL OC* ModificationRate

The term +3.53 (ModuleKnowledge - 1) shows how Logistic Regression deals with ordinal
explanatory variables. The difference between theactual value (ModKnow) and a reference
value (the numeric value 1, which is assumed to represent "high" knowledge of a module) is
used as the actua covariate. AddedL OC*ModificationRate, being the product of two explana
tory variables, is cdled an interaction term. Interaction terms are used to check whether the

3This formula shows the Logistic Regression equation of Section 3 in an equivalent form, to highlight the
expres sion containing the explanatory variables.



combined effect of two variables has an impact on the dependent variable that is not captured by

apurely linear model. The R2 we obtained is 0.46, which is quite high for Logistic Regression.
In column "Estimate (std dev)," Table 1 reports on the estimates for the Logistic Regression
coefficient and their standard deviation (in parentheses). Column "p" reports onthe significance
of the coefficients of the multivariate model. All of the explanatory variables of themultivariate
model we have identified have a very high significance. For instance, the probability that the
impact of AddedL.OC on the dependent variable is due to chance is 0.0006, i.e., 0.06%.

Term Estimate (std dev) p

I ntercept -11.65 (2.78) 0.0000
Added OC 0.0286 (0.0084) 0.0006
ModRate 17.11 (5.72) 0.0028
ModK now[2] 3.53 (1.13) 0.0018
Addedl OC*ModRate -0.06 (0.024) 0.0123

Table 1. Logistic Regression: multivariate mode!.

When building the Logistic Regression equation, we have chosen to weight each module ac-
cording to its number of faults. Therationale is that each (non) detection of a fault may be con-
sidered as an independent event. As a consequence, nonfaulty modules were weighted 1. At
any rate, few faulty modules existed in the data set with more than one fault. Therefore, this
choice does not lead to any dramatic change in results, though it somewhat biases the Logistic
Regression equation towards faulty modules. In other words, the Logistic Regression equation
obtained provides better results in classifying modules as faulty.

5.3 Rough Sets. Analysis Results

Experimental data were analyzed by the Rough Set-based data analysis system RoughDAS,
developed at Ingtitute of Computing Science of Technical University Poznan [SSt92]. Cluster
analysis techniques have been used to carry out the discretization of experimental data into dis-
crete variables in an automated way. The results are given in Table 2. In the Rough Sets ap-
proach, we have used the explanatory variablesused in the Logistic Regression analysis, in-
cluding the term AddedL OC* ModificationRate, which was found relevant in the Logistic Re-
gression anaysis.

Explanatory #inter- | intl int2 int3
variable vals (='low") (='medium’) | (='high’)
ModificationRate 2 [0.4 ... 30.7) [30.7 ...77.9]
SizeDifferenceRate 2 [-0.12 ... 0) [0...15]
ReuseRate 2 [52.0 .. [85.3

85.3) 99.8]
AddedL OC* M odificationRate 3 [O.. 42.4) [42.4 [87.8 ... 317]

87.8)

DifferentBlocks 2 [1...22) [22 ... 96]
DeletedLOC 3 [2...59) [59...129) |[129...594]
ExpansionRate 2 [37.3 e [38.7

38.7) 83.6]

Table 2. Discretization of explanatory variables.

Discretization of the number of faults in a module m in version 6.1 leads to the discretized de-
pendent variable Faulty6.1 with values Faulty6.1 = O if m contains does not faults, and
Faulty6.1 = 1 if module m contains faults.



Application of Rough Sets analysis has yielded only deterministic rules, whose premises are
mutually exclusive. Determination of core attributesand reducts is one of themost important
results of Rough Set based data analysis (see Section 4). Eight core variables were found: the
explanatory variables of Table 2 plus ModuleK nowledge.

Nineteen rules were generated, all of which are deterministic ones. In Table 3, we report a few
of the rules with greatest relative strength. In this table, we show the four rules with the greatest
relative strength for nonfaulty modules (Faulty6.1 = 0) and the threerules with the greatest
relative strength for faulty modules (Faulty6.1 = 1).

Premise Consequence | Relative
Strength|
(ModificationRate=low) & (ExpansionRate=high) & (DeletedL OC=low) Faulty6.1 =0 | 47.1%
(ReuseRate=low) & (ModuleK nowledge=high) Faulty6.1=0 | 17.6%
(SizeDifferenceRate=low) & (ReuseRate=low) Faulty6.1 = 0 | 16.8%
(SizeDifferenceRate=high) & (DifferentBlocks=high) & Faulty6.1 = 0 | 15.1%

(AddedL OC* ModificationRate=low)

(ModificationRate=high) & (SizeDifferenceRate=high) & (ModuleKnowledge=low) | Faulty6.1 =1 | 27.2%
& (AddedL OC* ModificationRate=high)

(ReuseRate=high) & (AddedL OC* M odificationRate=high) Faulty6.1 =1 | 18.2%

(ModificationRate=high) & (SizeDifferenceRate=high) & (DeletedLOC=high) & | Faulty6.1=1 | 18.2%
(M oduleK nowledge=low)

Table 3. Rules with greatest relative strength generated by the Rough Sets data analysis.

Among these rules, the first one is the most powerful one. It states that if modification rate is
low, expansion rate is high, and number of deleted lines of codeislow then number of faults in
version 6.1 is expected to be zero.

As a guideline for the relative importance of the different attributes, we have ranked them ac-

cording to their number of occurrences. Using >' for order relation between pairs of attributes
such that A>B meansthat A isastronger influence factor than B resultsin
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DeletedL OC(73.1%)>M odificationRate(52.3%)>ReuseRate(50.8%) >
ExpansionRate(46.9%)>AddedL OC* M odificationRate(40.8%)>
SizeDifferenceRate(33.8%)>M odul eK nowledge(26.9%)> DifferentBlocks(19.3%)

where the number of occurrences is given inparentheses. We have aso combined different
explanatory variables and looked for the degree of rule coverage from these combinations.
Therein, arule is covered, if a least one of the considered attributes from the chosen subset
occurs in the premise of therule. The question is, which combinations have highest coverage
for different cardinalities of attribute subsets. Here are the best attribute combinations of cardi-
nalities 1, 2, and 3 are described:

cardinaity=1: DeletedL OC
cardinality=2: DeletedOC, ModificationRate
cardinality=3: DeletedL OC, ModificationRate, ReuseRate

5.4 Comparative Analysis of Results

We will use the following three indices to assess and compare the results obtained withthe two
data analysis techniques, as follows:

1. Overall Correctness. Proportion of modules that have been classified correctly. This
parameter provides information on how well a technique classifies modules, regardless
of the category in which the modules have been classified.

2. Faulty Module Completeness Proportion of faulty modules that have been classified as
faulty. This parameter provides information on how many of the faulty modules have
been correctly identified by the data analysis technique. Conversely, this parameter pro-
vides information on the risk of not having identified faulty modules, and, therefore, not
having tested or inspected them more carefully.

3. Faulty Module Correctness Proportion of modules that have been classified as faulty
and were faulty indeed. This parameter provides information on the efficiency of atech-
nique, i.e., on the proportion of modules that are potential candidates for further verifi-
cation. Conversely, this parameter provides information on the proportion of modules
that are not faulty and have undergone further verification anyway.

The idea underlying the use of indices 2 and 3 is that faulty modules may be considered more
relevant than nonfaulty ones in this application context and in several others. Faulty modules
may cause serious failures, i.e., if faults are not removed. Therefore, faulty modules should
undergo additional verification activities, besides those carried out on all modules.

We now provide the classification results obtained with Logistic Regression and Rough Sets.
Logistic Regression.

Classification results are summarized in Figure 2 and Table 4. We have assumed a threshold of
p = 0.5 to predict amodule as faulty, i.e., a module was predicted to be faulty only if the esti-
mated probability for it to be faulty exceeded 0.5. We want to remark that the choice of this
threshold value is always a subjective matter. Other choices are possible (e.g., the actud rate of
faulty modules), which may yield different classification results.

Predicted NonFaulty 6.1 Predicted Faulty 6.1 Total

Actual NonFaulty 6.1 80% 11.5% 91.5%
Actual Faulty 6.1 2.3% 6.2% 8.5%
Total 82.3% 17.7% 100%
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Table 4.Logistic Regression: classification results.

Table 5 shows the values for the three assessment parameters we have introduced:

Overall Completeness Faulty Module Compl eteness Faulty Module Correctness

86.2% 73% 35%

Table 5.Logistic Regression: assessment indices.
{ EMBED Word.Picture.6 }
Figure 2. Logistic Regression: classification results.
Rough Sets

Ten-fold cross validation test was performed to validate quality of prediction results. This test
divides the objects into ten digoint subsets of equal size. Each subset isexcluded from the data
set, one at atime. The remaining set of objectsis used to generate rules, which are used to clas-
sify the objects of the excluded subset. Accuracy of classification can then be assessed, since
the actual classification of the objects in the excluded subset isknown. The corresponding clas-
sification results obtained by means of Rough Sets analysis are summarized in Figure 3 and
Table 6. Three values are present for Predicted Faulty 6.1, asfollows

- Predicted Faulty 6.1 = O for modules predicted as nonfaulty

- Predicted Faulty 6.1 = 1 for modules predicted as faulty

- Predicted Faulty 6.1 = -1 for modules for which no prediction was made.
{ EMBED Word.Picture.6 }

Figure 3. Rough Sets: classification results.

Not Classified Predicted NonFaulty 6.1 | Predicted Faulty 6.1 Total

Actua NonFaulty 6.1 0.8% 86.9% 3.8% 91.5%
Actual Faulty 6.1 2.3% 3.9% 2.3% 8.5%
Total 3.1% 90.8% 6.1% 100%

Table 6. Rough Sets: classification results.

The above results lead to the results for our three assessment parameters shown in Table 7.

Overall Completeness Faulty Module Compl eteness Faulty Module Correctness

89.2% 27.1% 37.7%

Table 7. Rough Sets: assessment indices.

Based on the experimental results, the maintainers have to makedecisions on which modules
should undergo further verification activities. There are two ways in whichthe maintainers may
take into account the information obtained by means of the above analysis.

Case a. The maintainers may decide that dl unclassified modules do not deserve any further
trestment. In other words, unclassified modules are treated as nonfaulty ones. Table 8 shows
the corresponding classification results.

Predicted NonFaulty 6.1 Predicted Faulty 6.1 Total
Actual NonFaulty 6.1 87.7% 3.8% 91.5%
Actua Faulty 6.1 6.2% 2.3% 8.5%
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Total | 93.9% | 6.1% | 100%

Table 8.Rough Sets-Case a: new classification results.

The new values for the three assessment parametersarein Table 9.

Overall Completeness Faulty Module Completeness Faulty Module Correctness

90% 27.1% 37.7%

Table 9. Rough Sets-Case a: hew assessment indices.

Case b. The maintainers decide that al unclassified modules—and al modules classified as
faulty—should be further verified. Therefore, it is as though the maintainers classify as faulty
all those unclassified modules. Table 10 shows the corresponding classification results.

Predicted NonFaulty 6.1 Predicted Faulty 6.1 Total

Actua NonFaulty 6.1 86.9% 4.6% 91.5%
Actual Faulty 6.1 3.9% 4.6% 8.5%
Tota 90.8% 9.2% 100%

Table 10.Rough Sets-Case b: new classification results.

The new values for the three assessment parametersare in Table 11.

Overall Completeness Faulty Module Completeness Faulty Module Correctness

91.5% 54.1% 50%

Table 11. Rough Sets-Case b: new assessment indices.

Concluding, the results in Tables 6 and 7 are the ones that more closely conform to the ideas
behind the classification indices we use. On the other hand, the resultsin Tables 10-11 are those
that maintainers are more likely to use for practica purposes. For notational convenience, in
what follows, we will use the abbreviation RS(a) to denote the results in Tables 8 and 9, and
RS(b) to denote the resultsin tables 10 and 11. Results intables 6 and 7 will be referred to as
RS(0).

Comparison.

Before proceeding into the details of the comparison between the two technigques, we want to
warn the reader that it is clearly impossible to extract conclusive and genera evidence about
strengths and weaknesses of the two approaches from only onedata set. Many more numerical
and comparative studies are necessary for drawing reliable conclusions. At any rate, based on
the above experimental results, these are the preliminary comparisons that we may draw from
our experience.

1. RS(0), RS(a), and RS(b) dl classify modules as ether faulty or nonfaulty better than
Logistic Regression. However, the difference in Overall Correctnessis quite small.

2. RS(0) and RS(a) perform much worse than Logistic Regression in terms of Faulty
Module Completeness, and RS(b) till performs worse than Logistic Regression.These
results are only partialy due to the fact that, in the Logistic Regression analysis, each
faulty module was weighted by the number of faults it contained. Actually, the fact that
Logistic Regression provides more accurate results for faulty modules by weigh-ting
modules as we did may be considered an advantage of Logistic Regression, since faulty
modules are the important ones for our application purposes. Weighting modules by the
number of their faults will not change the classification results obtained by the Rough
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Sets approach. Only relative strength of rules and number of occurrences of attributes in
rules are affected.

In addition, a reclassification such as that of Case b may be practicaly used when the
number of unclassified modulesis not high. If this is not the case, the maintainers may
not decide to further verify large numbers of modules about whose correctness the
Rough Sets approach provides no information. Therefore, the Rough Sets approach ap-
pears less effective in identifying those module that may be considered the most critical
ones.

On the other hand, RS(0), RS(a), and RS(b) perform better than Logistic Regression in
terms of Faulty Module Correctness. Therefore, the Rough Sets data analysis alows the
maintainers to verify a smaler number of modules that will turn out to be nonfaulty,
therefore reducing the cost for additional verification.

The Rough Sets approach uses many more explanatory variables than Logistic Regres-
sion. Data collection is an expensive and time-consuming activity. Therefore, one
should aso take into account this cost in the evaluation of thetechniques, in addition to
the costs due to the failures caused by those faulty modules have not been identified as
such and the unnecessary verification activities for those nonfaulty modulesthat have
been erroneously identified as faulty. However, not al of the explanatory variables that
appears in the rules obtained by means of Rough Sets may require additiona data col-
lection effort. For instance, Reuse, which appears in the Rough Sets rules and does not
appear in the Logistic regression equation, can be computed based on data that are aso
used for the computation of Deletedl OC. On the other hand, the computation of Differ-
entBlocks requires data that are not used to compute other explanatory variables appear-
ing in the rules. Therefore, the difference in data collection cost may not be too large.

Logistic Regression and Rough Sets agree on some of the most important factors. Modi-
ficationRate appears as an important explanatory variable in both of them. By examining
correlations between explanatory variables, one finds that AddedLOC and DeletedL OC
are highly correlated (linear correlation = 0.91). One of them appears in RS and the
other one appears in LR% The most important differences are due to thefact that
ModuleK nowledge appears in the Logistic Regression multivariate model as an impor-
tant explanatory variable, while it is not as important in the Rough Sets anaysis, and
that ReuseRate does not appear as a variable in the Logistic Regression multivariate
model.

The Rough Sets approach does not provide reliable indications on the significance of
prediction, while the Logistic Regression approach is able to evaluate the confidence
with which results have to be considered.

A weakness of RS is its dependency on discretization methods, which may influence
results considerably. One contribution to this problem is to devise automatic discretiza-
tion methods, e.g, based on clustering techniques or the minimal class entropy method
[CG94]. Independently, inclusion of experienced people from the application domain is
mandatory for interpreting experimental datain Software Engineering.

The fact that the both techniques agree on some of the important attributes may be thought en-
couraging, for smal data sets, for which the results obtained by Logistic Regression may not
have high significance. Overal, the fact that LR performs better should be expected anyway,
since the data set was not of a particularly small size.

4Building the Logistic Regression multivariate model requires checking for correlations or associations between
explanatory variables. If two highly correlated explanatory variables are used in the same multivariate mode,
then their coefficients are likely to be unstable and not to be both significant. Thisis aside effect of the fact that
both explanatory variable actually capture the same phenomenon.
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6. Summary and Conclusions

We have studied and compared Logistic Regression and Rough Set, two techniques for the
analysis of software measurement data. Our study shows that both techniques are able to iden-
tify asimilar set of relevant factors. This meansthat we may have greater confidence in the re-
sults provided by either technique, dl the more since the two techniqueshave very different
mathematical bases. This provides us with greater confidence in making decisions based on the
experimental results. We have compared the two techniques by means of their classification
ability, and we have discussed their strengths and weaknesses. At any rate, it must be kept in
mind that the primary am of our empirica study was not to build a very accurate predictive
model. Instead, our main objective was to get better insights into the maintenance environment,
as the purpose field of our GQM goa says. We believe that it would have been unredlistic to
start a measurement program with aprediction goal. This is possible only after the important
factors that affect the studied phenomenon have been identified. In turn, this is possible only
after several empirical studies, each of which refines the previous ones, have been carried out.

From our empirical study a strong preference between the two techniquescan not be derived.
Both techniques, and others, will have to be studied and compared in different appliction envi-
ronments and on data sets with different sizes and characteristics. Therefore, our future activi-
ties will encompass further empirical studies, to assess strengths and weaknesses of Logistic
Regression, Rough Sets, and other data analysis techniques.
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