Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34431UMIACS-TR-95-40 A VALIDATION OF OBJECT-ORIENTED DESIGNMETRICS AS QUALITY INDICATORS*Victor R. Basili, Lionel Briand and Walc�lio L. MeloAbstractThis paper presents the results of a study conducted at the University of Maryland in which weexperimentally investigated the suite of Object-Oriented (OO) design metrics introduced by[Chidamber&Kemerer, 1994]. In order to do this, we assessed these metrics as predictors offault-prone classes. This study is complementary to [Li&Henry, 1993] where the same suite ofmetrics had been used to assess frequencies of maintenance changes to classes. To perform ourvalidation accurately, we collected data on the development of eight medium-sized informationmanagement systems based on identical requirements. All eight projects were developed using asequential life cycle model, a well-known OO analysis/design method and the C++ programminglanguage. Based on experimental results, the advantages and drawbacks of these OO metrics arediscussed. Several of Chidamber&Kemerer�s OO metrics appear to be useful to predict classfault-proneness during the early phases of the life-cycle. We also showed that they are, on ourdata set, better predictors than �traditional� code metrics, which can only be collected at a laterphase of the software development processes.Key-words: Object-Oriented Design Metrics; Error Prediction Model; Object-Oriented SoftwareDevelopment; C++ Programming Language.

* V. Basili and W. Melo are with the University of Maryland, Institute for Advanced Computer Studies andComputer Science Dept., A. V. Williams Bldg., College Park, MD 20742 USA. {basili | melo}@cs.umd.eduL. Briand is with the CRIM, 1801 McGill College Av., Montr�al (Qu�bec), H3A 2N4, Canada. lbriand@crim.ca

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34432UMIACS-TR-95-401 . Introduction1 . 1 MotivationThe development of a large software system is a time- and resource-consuming activity. Even withthe increasing automation of software development activities, resources are still scarce. Therefore,we need to be able to provide accurate information and guidelines to managers to help them makedecisions, plan and schedule activities, and allocate resources for the different software activitiesthat take place during software evolution. Software metrics are thus necessary to identify where theresource issues are needed; they are a crucial source of information for decision-making [Harrison,1994].Testing of large systems is an example of a resource- and time-consuming activity. Applying equaltesting and verification effort to all parts of a software system has become cost-prohibitive.Therefore, one needs to be able to identify fault-prone modules so that testing/verification effortcan be concentrated on these classes [Harrison, 1988]. The availability of adequate product designmetrics for characterizing error-prone modules is thus vital.Many of product metrics have been proposed [Fenton, 1991; Conte et al, 1986], used, and,sometimes, experimentally validated [Basili&Hutchens, 1982; Basili et al, 1983; Li&Henry,1993], e.g., number of lines of code, MacCabe complexity metric, etc. In fact, many companieshave built their own cost, quality and resource prediction models based on product metrics. TRW[Boehm, 1981], the Software Engineering Laboratory (SEL) [McGarry et al, 1994] and HewlettPackard [Grady, 1994] are examples of software organizations that have been using productmetrics to build their cost, resource, defect, and productivity models.1 . 2 IssuesIn the last decade, many companies have started to introduce Object-Oriented (OO) technology intotheir software development environments. OO analysis/design methods, OO languages, and OO

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34433UMIACS-TR-95-40development environments are currently popular worldwide in both small and large softwareorganizations. The insertion of OO technology in the software industry, however, has created newchallenges for companies which use product metrics as a tool for monitoring, controlling andimproving the way they develop and maintain software. Therefore, metrics which reflect thespecificities of the OO paradigm must be defined and validated in order to be used in industry.Some studies have concluded that �traditional� product metrics are not sufficient for characterizing,assessing and predicting the quality of OO software systems. For example, based on a study atTexas Instruments, [Brooks, 1993] has reported that McCabe cyclomatic complexity appeared tobe an inadequate metric for use in software development based on OO technology.To address this issue, OO metrics have recently been proposed in the literature [Abreu&Carapu�a,1994; Bieman&Kang, 1995; Chidamber&Kemerer, 1994]. However, with a few exceptions[Briand et.al., 1994] and [Li&Henry, 1993], most of them have not undergone an experimentalvalidation. The work described in this paper is an additional step toward an experimental validationof the OO metric suite defined in [Chidamber&Kemerer, 1994]. This paper presents the results of astudy conducted at the University of Maryland in which we performed an experimental validationof that suite of OO metrics with regard to their ability to identify fault-prone classes. Data werecollected during the development of eight medium-sized management information systems basedon identical requirements. All eight projects were developed using a sequential life cycle model, awell-known Object-Oriented analysis/design method [Rumbaugh et al, 1991], and the C++programming language [Stroustrup, 1991]. In fact, we used an experiment framework that shouldbe representative of currently used technology in industrial settings. This study discusses thestrengths and weaknesses of the validated OO metrics with respect to predicting faults acrossclasses.1 . 3 . OutlineThis paper is organized as follows. Section 2 first presents the suite of OO metrics proposed byChidamber&Kemerer (1994), and, then, shows a case study from which process and product data

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34434UMIACS-TR-95-40were collected allowing an experimental validation of this suite of metrics. Section 3 presents theactual data collected together with the statistical analysis of the data. Section 4 compares our studywith other works on the subject. Finally, section 5 concludes the paper by presenting lessonslearned and future work.2 . Description of the Study2 . 1 . Experiment goalThe goal of this study was to analyze experimentally the OO design metrics proposed in[Chidamber&Kemerer, 1994] for the purpose of evaluating whether or not these metrics are usefulfor predicting the probability of detecting faulty classes. From [Chidamber&Kemerer, 1994],[Chidamber&Kemerer, 1995] and [Churcher&Shepperd, 1995], it is clear that the definitions ofthese metrics are not language independent. As a consequence, we had to slightly adjust some ofChidamber&Kemerer�s metrics in order to reflect the specificities of C++. These metrics are asfollows:¥Weighted Methods per Class (WMC). WMC measures the complexity of an individual class.Based on [Chidamber&Kemerer, 1994], if we consider all methods of a class to be equallycomplex, then WMC is simply the number of methods defined in each class. In this study, weadopted this approach for the sake of simplicity and because the choice of a complexity metricwould be somewhat arbitrary since it is not fully specified in the metric suite. Thus, WMC isdefined as being the number of all member functions and operators defined in each class.However, "friend" operators (C++ specific construct) are not counted. Member functions andoperators inherited from the ancestors of a class are also not counted. This definition isidentical the one described in [Chidamber&Kemerer, 1995]. The assumption behind this metricis that a class with significantly more member functions than its peers is more complex, and byconsequence tends to be more fault-prone.

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34435UMIACS-TR-95-40Churcher&Shepperd (1995) have argued that WMC can be measured in different waysdepending on how member functions and operations defined in a C++ class are counted. Webelieve that the different counting rules proposed by [Churcher&Shepperd, 1995] correspondto different metrics, similar to the WMC metric, and which must be experimentally validated aswell. A validation of Churcher&Shepperd�s WMC-like metrics is, however, beyond the scopeof this paper.¥Depth of Inheritance Tree of a class (DIT) — DIT is defined as the maximum depth of theinheritance graph of each class. C++ allows multiple inheritance and therefore classes can beorganized into a directed acyclic graph instead of trees. DIT, in our case, measures the numberof ancestors of a class. The assumption behind this metric is that well-designed OO systems arethose structured as forests of classes, rather than as one very large inheritance lattice. In otherwords, a class located deeper in a class inheritance lattice is supposed to be more fault-pronebecause the class inherits a large number of definitions from its ancestors.¥Number Of Children of a Class (NOC) — This is the number of direct descendants for eachclass. Classes with large number of children are difficult to modify and usually require moretesting because the class potentially affects all of its children. Thus, a class with numerouschildren has to provide services in a larger number of contexts and must be more flexible. Weexpect this to introduce more complexity into the class design.¥Coupling Between Object classes (CBO) — A class is coupled to another one if it uses itsmember functions and/or instance variables. CBO provides the number of classes to which agiven class is coupled. The assumption behind this metric is that highly coupled classes aremore fault-prone than weakly coupled classes. So coupling between classes should beidentified in order to concentrate testing and/or inspections on such classes.¥Response For a Class (RFC) — This is the number of methods that can potentially be executedin response to a message received by an object of that class. In our study, RFC is the number

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34436UMIACS-TR-95-40of functions directly invoked by member functions or operators of a class. The assumptionhere is that the larger the response set of a class, the higher the complexity of the class, and themore fault-prone and difficult to modify.¥Lack of Cohesion on Methods (LCOM) — This is the number of pairs of member functionswithout shared instance variables, minus the number of pairs of member functions with sharedinstance variables. However, the metric is set to 0 whenever the above subtraction is negative.A class with low cohesion among its methods suggests an inappropriate design, (i.e., theencapsulation of unrelated program objects and member functions that should not be together),which is likely to be fault-prone.Readers acquainted with C++ can see that some particularities of C++ are not taken into account byChidamber&Kemerer�s metrics, e.g., C++ templates, friend classes, etc. In fact, additional workis necessary in order to extend the proposed OO metric set with metrics specifically tailored toC++.2 . 2 Experimental frameworkIn order to experimentally validate the OO metrics proposed in [Chidamber&Kemerer, 1994] withregard to their capabilities to predict fault probability, we ran a controlled study over four months(from September to December, 1994). The population under study was a graduate level classoffered by the Department of Computer Science at the University of Maryland. The students werenot required to have previous experience or training in the application domain or OO methods. Allstudents had some experience with C or C++ programming and relational databases and thereforehad the basic skills necessary for such an experiment.The students were randomly grouped into 8 teams. Each team developed a medium-sizedmanagement information system that supports the rental/return process of a hypothetical videorental business, and maintains customer and video databases.

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34437UMIACS-TR-95-40The development process was performed according to a sequential software engineering life-cyclemodel derived from the Waterfall model. This model includes the following phases: Analysis,Design, Implementation, Testing, and Repair. At the end of each phase, a document was delivered:Analysis document, design document, code, error report, and finally, modified code, respectively.Requirement specifications and design documents were checked in order to verify that theymatched the system requirements. Errors found in these first two phases were reported to thestudents. This maximized the chances that the implementation began with a correct OOanalysis/design. The testing phase was accomplished by an independent group composed ofexperienced software professionals. This group tested all systems according to similar test plansand using functional testing techniques. During the repair phase, the students were asked to correcttheir system based on the errors found by the independent test group.OMT, an OO Analysis/Design method, was used during the analysis and design phases[Rumbaugh et al, 1991]. The C++ programming language, the GNU software developmentenvironment, and OSF/MOTIF were used during the implementation. Sparc Sun stations wereused as the implementation platform. Therefore, the development environment and technology weused are representative of what is currently used in industry and academia.The following libraries were provided to the students:a)MotifApp. This public domain library provides a set of C++ classes on top of OSF/MOTIF formanipulation of windows, dialogs, menus, etc. [Young, 1992]. The MotifApp library providesa way to use the OSF/Motif widgets in an OO programming/design style.b)GNU library. This public domain library is provided in the GNU C++ programmingenvironment. It contains functions for manipulation of string, files, lists, etc.c)C++ database library. This library provides a C++ implementation of multi-indexed B-Trees.No special training was provided for the students in order to teach them how to use these libraries.However, a tutorial describing how to implement OSF/Motif applications was given to the

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34438UMIACS-TR-95-40students. In addition, a C++ programmer, familiar with OSF/Motif applications, was available toanswer questions about the use of OSF/Motif widgets and the libraries. A hundred small programsexemplifying how to use OSF/Motif widgets were also provided. Finally, the code sources and thecomplete documentation of the libraries were made available. It is important to note that thestudents were not required to use the libraries and, depending on the particular design theyadopted, different reuse choices were expected.We also provided a specific domain application library in order to make our experiment morerepresentative of the "real world". This library implemented the graphical user interface forinsertion/removal of customers and was implemented in such a way that the main resources of theOSF/Motif widgets and MotifApp library were used. Therefore, this library contained a small partof the implementation required for the development of the rental system.2.3. Data CollectionWe collected: (1) the source code of the C++ programs delivered at the end of the implementationphase, (2) data about these programs, (3) data about errors found during the testing phase andfixes during the repair phase, and (4) the repaired source code of the C++ programs delivered atthe end of the life cycle. GEN++ [Devanbu, 1992] was used to extract Chidamber&Kemerer�s OOdesign metrics directly from the source code of the programs delivered at the end of theimplementation phase. To collect items (2) and (3) , we used the following forms, which havebeen tailored from those used by the Software Engineering Laboratory [Heller et. al, 1992]:¥Defect Report Form.¥Component Origination Form.In the following sections, we comment on the purpose of the Component Origination and DefectReport forms used in our experiment and the data they helped collect.

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-34439UMIACS-TR-95-402.3.1Defect Report FormThis form was used to gather data about (1) the defects found during the testing phase, (2) classeschanged to correct such defects, and (3) the effort in correcting them. The latter includes: ¥how long it took to determine precisely what change was needed. This includes the effortrequired for understanding the change or finding the cause of the error, locating where thechange was to be made, and determining that all effects of the change were accounted for.¥how much time it took to implement the correction. This includes design changes, codemodification, regression testing, and updates to documentation.2.3.2 Component Origination FormThis form is used to record information that characterizes each class under development in theproject at the time it goes into configuration management. First, this form is used to capturewhether the class has been developed from scratch or has been developed from a reused class. Inthe latter case, we collected the amount of modification: none, slight (less than 25% of codechanged) or extensive (more than 25% of code change) that was needed to meet the systemrequirements and design as well as the name of the reused class. Classes reused withoutmodification were labeled: verbatim reused.In addition, the name of the sub-system to which the class belonged was also collected. In ourstudy, we had three types of sub-systems: graphical user interface (GUI), textual user interface(TUI), and database processing (DB).3 . Analysis of Experimental ResultsIn this section, we will attempt to assess experimentally whether the OO design metrics defined in[Chidamber&Kemerer, 1994] are useful predictors of fault-prone classes. This will help us assessthese metrics as quality indicators and how they compare to common code metrics. We intend toprovide the type of empirical validation that we think is necessary before any attempt to use such

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344310UMIACS-TR-95-40metrics as objective and early indicators of quality. Section 3.1 shows the descriptive distributionsof the OO metrics in the studied sample whereas Section 3.2 provides the results of univariate andmultivariate analyses of the relationships between OO metrics and fault-proneness.3 . 1 . Analysis of DistributionsFigure 1 shows the distributions of the analyzed OO metrics based on 180 classes present in thestudied systems. Table 1 provides common descriptive statistics of the metric distributions. Theseresults indicate that inheritance hierarchies are somewhat flat (DIT) and that classes have, ingeneral, few children (NOC) (this result is similar to what was found in [Chidamber&Kemerer,1994]). In addition, most classes show a lack of cohesion (LCOM) near 0. This latter metric doesnot seem to differentiate classes well and this may stem from its definition which prevents anynegative measure. This issue will be discussed further in Section 3.2.

010203040506070809010001234567890102030405060708090100110012345678910111213NOC

050100150200250300350400450LCOM

051015202530CBOWMCDITRFC

Figure 1: Distribution of the analyzed OO metrics

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344311UMIACS-TR-95-40WMCDITRFCNOCLCOMCBO

Maximum99.009.00105.0013.00426.0030.00

Minimum1.000.000.000.000.000.00Median9.500.0019.500.000.005.00Mean13.401.3233.910.239.706.80Std Dev14.901.9933.371.5463.777.56

Table 1: Descriptive statistics of the analyzed OO metrics.Descriptive statistics will be useful to help us interpret the results of the analysis in the remainder ofthis section. In addition, they will facilitate comparisons of results from future similar studies.3 . 2 The Relationships between Fault Probability and OO Metrics3 . 2 . 1 Analysis MethodologyThe response variable we use to validate the OO design metrics is binary, i.e., was a fault detectedin a class during testing phases? We used logistic regression to analyze the relationship betweenmetrics and the fault-proneness of classes. Logistic regression is a classification technique[Hosmer&Lemeshow, 1989] used in many experimental sciences based on maximum likelihoodestimation. In this case, a careful outlier analysis must be performed in order to make sure that theobserved trend is not the result of a few observations [Dillon&Goldstein, 1984], even thoughlogistic regression is deemed to be more robust for outliers than least-squares regression.In particular, we first used univariate logistic regression, to evaluate the relationship of each of themetrics in isolation and fault-proneness. Then, we performed multivariate logistic regression, toevaluate the predictive capability of those metrics that had been assessed sufficiently significant inthe univariate analysis (e.g., p < 0.25 is considered a reasonable heuristic). This modeling processis further described in [Hosmer&Lemeshow, 1989].

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344312UMIACS-TR-95-40MetricsCoefficientDypR2Classes

WMC (1)-0.02298%0.06070.007ALL

WMC (2)-0.08692%0.000350.024New-ExtWMC (3)-0.027103%0.06560.0154DBWMC (4)-0.094491%0.00190.0467UIDIT (1)-0.48562%0.00000.0648ALL

DIT (2)-0.86842%0.00000.1314New-ExtDIT (3)-0.47562%0.0430.0187DBDIT (4)-0.2975%0.0240.017UIRFC (1)-0.08592%0.00000.0648ALL

RFC (2)-0.08792%0.00000.2477New-ExtRFC (3)-0.07793%0.00000.188DBRFC (4)-0.10890%0.00000.3624UINOC (1)3.38483000%0.00000.1426ALL

NOC (2)3.623734%0.00110.362New-ExtNOC (3)2.05777%0.00000.0826DBCBO (1)-0.14287%0.00000.068ALL

CBO (2)-0.07992%0.0170.02New-ExtCBO (3)-0.08692%0.0060.034DBCBO (4)-0.28475%0.00000.17UI

Table 2: Univariate Analysis - Summary of experimental results.In its simplest form, a multivariate logistic regression model is based on the following relationshipequation (the univariate logistic regression model is a special case of this, where only one variableappears):log(p1˚-˚p

) = C0 + C1X1 + C2X2 + ÆÆÆ + CnXn(1)where p is the probability that a fault will be found in a class during the validation phase, and theXi’s are the OO metrics included as predictors in the model (called covariates of the logisticregression equation). In the two extreme cases, i.e., when a variable is either non-significant orentirely differentiates fault-prone classes, the curve (between p and any single Xi, i.e., assumingthat all other Xj’s are constant) approximates a horizontal line and a vertical line respectively. Inbetween, the curve takes a flexible S shape. However, since p is unknown, the coefficients Ci willbe estimated through a likelihood function optimization [Hosmer&Lemeshow, 1989]. Thisprocedure assumes that all observations are statistically independent. When building the regression

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344313UMIACS-TR-95-40equations, each observation was weighted according to the number of faults detected in each class.The rationale is that each detection of a fault is considered as an independent event: Classes whereno faults were detected were weighted 1.Coefficientp

Intercept3.130.0000

DIT-0.500.0004

RFC-0.110.0000NOC2.010.0178RFC-0.130.0072CBO-0.2380.0001Origin-1.840.0000

Table 3: Multivariate Analysis with OO design metricsTables 2 and 3 contain the results we obtained through, respectively, univariate and multivariatelogistic regression on all of the 180 classes. We report those related to the metrics that turned out tobe the most significant across all eight development projects. For each metric, we provide thefollowing statistics:¥Coefficient (appearing in Tables 2 and 3), the estimated regression coefficient. The larger thecoefficient in absolute value, the stronger the impact of the explanatory variable on theprobability p of a fault to be detected in a class.¥D y (appearing in Table 2 only), which is based on the notion of odd ratio[Hosmer&Lemeshow, 1989], and provides an evaluation of the impact of the metric on theresponse variable. More specifically, the odds ratio y(X) represents the ratio between theprobability of having a fault and the probability of not having a fault when the value of themetric is X. As an example, if, for a given value X, y(X) is 2, then it is twice as likely that theclass does contain a fault than that it does not contain a fault. The value of Dy is computed bymeans of the following formula:

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344314UMIACS-TR-95-40Dy= y(X+1)y(X)

(2)Therefore, Dy represents the reduction/increase in the odds ratio (expressed as a percentage inTable 2) when the value X increases by 1 unit. This is designed to provide an intuitive insightinto the impact of explanatory variables.¥The statistical significance (p, appearing in Tables 2 and 3) provides an insight into theaccuracy of the coefficient estimates. It tells the reader about the probability of the coefficientbeing different from zero by chance. Historically, a significance threshold of a = 0.05 (i.e.,5% probability) has often been used to determine whether an explanatory variable was asignificant predictor. However, the choice of a particular level of significance is ultimately asubjective decision and other levels such as a = 0.01 or 0.1 are common. Also, the larger thelevel of significance, the larger the standard deviation of the estimated coefficients, and the lessbelievable the calculated impact of the explanatory variables. The significance test is based on alikelihood ratio test [Hosmer&Lemeshow, 1989] commonly used in the framework of logisticregression.Based on equation (1), the likelihood function of a data set of size D is:L = �i=1Dp(xi)(3)where:p(xi) = e(Co˚+C1•Xi1˚+˚...˚+˚Cn•Xin)•Yi˚1+e(Co˚+C1•Xi1˚+˚...˚+˚Cn•Xin)

(4)where Yi is assigned the value 1 if the class does not contain any fault, 0 otherwise. The n-dimensional vectors Xi contain the OO design metrics characterizing each of the D observations.Also, p(Xi) represents the estimated probability for a class to contain (or not, depending on which

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344315UMIACS-TR-95-40is the case) a fault. The coefficients that will maximize the likelihood function will be the regressioncoefficient estimates. For mathematical convenience, l = Ln[L], the log-likelihood, is usuallymaximized.¥One of the global measure of goodness of fit we will use for logistic regression models is R2, astatistic defined as:R2= (l0˚-˚ln)(l0˚-˚ls) where¥l0 is the log-likelihood function without using any covariate (just the intercept),¥ln is the log-likelihood of the model including the n selected design metrics as covariates,¥ls is the log-likelihood of the saturated model, i.e., where Yi, (0 or 1) is substituted for eachprobability p(Xi) in l. The log-likelihood ls is the maximum value that can be assigned to l.The higher the R2, the more accurate the model. R2 may be described as a measure of theproportion of total uncertainty that is attributed to the model fit. However, as opposed to the R2 ofleast-square regression, high R2’s are rare for logistic regression because ln rarely approaches thevalue of ls since the computed p(Xi)’s in ln rarely approach 1.3 . 2 . 2 Univariate AnalysisIn this section, we analyze the six OO metrics introduced in [Chidamber&Kemerer, 1994] (thoughslightly adapted to our context) with regard to the probability of fault detection in a class during testphases. In our case, it is equivalent for the logistic model to calculate the probability of a singlefault to be detected in a class.¥Weighted Methods per Class (WMC) was shown to be somewhat significant (p = 0.06)overall. For new and extensively modified classes and for UI (Graphical and Textual User

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344316UMIACS-TR-95-40Interface) classes, the results are much better: p = 0.0003 and p = 0.001, respectively. Asexpected, the larger the WMC, the larger the probability of fault detection. These results can beexplained by the fact that the internal complexity does not have a strong impact if the class isreused verbatim or with very slight modifications. In that case, the class interface propertieswill have the most significant impact.¥Depth of Inheritance Tree of a class (DIT) was shown to be very significant (p = 0.0000)overall. As expected, the larger the DIT, the larger the probability of defect detection. Again,results improve (Logistic R2 goes from 0.06 to 0.13) when only new and extensively modifiedclasses are considered.¥Response For a Class (RFC) was shown to be very significant overall (p = 0.0000).Predictably, the larger the RFC, the larger the probability of defect detection. However, thelogistic R2 improved significantly for new and extensively modified classes and UI classes(from 0.06 to 0.24 and 0.36, respectively). Reasons are believed to be the same as for WMCfor extensively modified classes. In addition, UI classes show a distribution which issignificantly different from that of DB classes: the mean and median are significantly higher.This, as a result, may strengthen the impact of RFC when performing the analysis.¥Number Of Children of a Class (NOC) appeared to be very significant (except in the case of UIclasses) but the observed trend is contrary to what was expected. The larger the NOC, thelower the probability of defect detection. This surprising trend can be explained by thecombined facts that most classes do not have more than one child and that verbatim reusedclasses are somewhat associated with a large NOC. Since we have observed that reuse was asignificant factor in fault density [Basili et al, 1995], this explains why large NOC classes areless fault-prone. Moreover, there is some instability across class subsets with respect to theimpact of NOC on the probability of detecting a fault in a class (see Dy’s in Table 2). This maybe explained in part by the lack of variability on this measurement scale (see distributions inFigure 1).

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344317UMIACS-TR-95-40¥Lack of Cohesion on Methods (LCOM) was shown to be insignificant in all cases (this is whythe results are not shown in Table 2) and this should be expected since the distribution ofLCOM shows a lack of variability and a few very large outliers. This stems in part from thedefinition of LCOM where the metric is set to 0 when the number of class pairs sharingvariable instances is larger than that of the ones not sharing any instances. This definition isdefinitely not appropriate in our case since it sets cohesion to 0 for classes with very differentcohesions and keeps us from analyzing the actual impact of cohesion based on our data sample.¥Coupling Between Object classes (CBO) is significant and more particularly so for UI classes(p = 0.0000 and R2 = 0.17). No satisfactory explanation could be found for differences inpattern between UI and DB classes.It is important to remember, when looking at the results in Table 2, that the various metrics havedifferent units. Some of these units represent "big steps" on each respective measurement scalewhile others represent "smaller steps". As a consequence, some coefficients show a very smallimpact (i.e., Dy’s) when compared to others. This is not, however, a valid criterion to evaluate thepredictive usefulness of such metrics.Most importantly, besides NOC, all metrics appear to have a very stable impact across variouscategories of classes (i.e., DB, UI, New-Ext, etc.). This is somewhat encouraging since it tells usthat, in that respect, the various types of components are comparable. If we were consideringdifferent types of faults separately, results might be different. Such a refinement is, however, partof our future research plans.3 . 2 . 3 Multivariate AnalysisThe OO design metrics presented in the previous section can be used early in the life cycle to builda predictive model of fault-prone classes. In order to obtain an optimal model, we included thesemetrics into a multivariate logistic regression model. However, only the metrics that significantlyimprove the predictive power of the multivariate model were included through a stepwise selection

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344318UMIACS-TR-95-40process. Another significant predictor of fault-proneness is the level of reuse of the class (called�origin� in Table 3). This information is available at the end of the design phase when reusecandidates have been identified in available libraries and the required amount of change can beestimated. Table 3 describes the computed multivariate model. Using such a model forclassification, the results shown in Table 4 are obtained by using a classification threshold ofp(Fault detection) = 0.5 for the probability of detecting a single defect in a given class, i.e., whenp > 0.5, the class is classified as faulty and otherwise as non-faulty. As expected, classespredicted as faulty contain a large number of faults (250 faults on 48 classes) because those classestend to show a better classification accuracy.We now assess the impact of using such a prediction model by assuming, in order to simplifycomputations, that inspections of classes are 100% effective in finding faults. In that case, 80classes (predicted as faulty) out of 180 would be inspected and 48 faulty classes out of 58 wouldbe identified before testing. If we now take into account individual faults, 250 faults out of 258would be detected during inspection. As mentioned above, such a good result stems from the factthat the prediction model is more accurate for multiple-faults classes. To summarize, results showthat the studied OO metrics are useful predictors of fault-proneness.Predicted

ActualNo FaultFaultNo Fault9 0 3 2

Fault10 (18)48 (250)

Table 4: Classification Results with OO Design Metrics. The figures before parentheses in the rightcolumn are the number of classes classified as faulty. The figures within the parentheses are thefaults contained in those classes.In order to evaluate the predictive accuracy of these OO design metrics, it would be interesting tocompare their predictive capability with the one of the usual code metrics, that can only be obtainedlater in the development life cycle. Three code metrics, among the ones provided by the Amadeus

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344319UMIACS-TR-95-40tool1 [Amadeus, 1994], were selected through a stepwise logistic regression procedure. Table 5shows the resulting parameter estimations of the multivariate logistic regression model where:MaxStatNext is the maximum level of statement nesting in a class, FunctDef is the number offunction declarations, and FunctCall is the number of function calls. However, based on the wholeset of metrics provided by Amadeus, other multivariate models yield results of similar accuracy.This model happens to be, however, the model resulting from the use of a standard, stepwiselogistic regression analysis procedure.Coefficientp

Intercept0.390.0384

MaxStatNest-0.2860.0252FunctDef0.1660.0010FunctCall-0.02770.0000

Table 5: Multivariate Analysis with Code MetricsIn addition to being collectable only later in the process, code metrics appear to be somewhatpoorer as predictors of class fault-proneness (see Table 6). In this case, 112 classes (predicted asfaulty) out of 180 would be inspected and 51 faulty classes out of 58 would be detected. If we nowtake into account individual faults, 231 faults out of 268 would be detected during inspection.Three more faulty classes would be corrected (51 versus 48) but 32 more classes would have to beinspected (112 versus 80). Moreover, the OO design metrics are better predictors of classescontaining large numbers of faults since 19 more faults (250 versus 231) would be detected in thatcase. Therefore, predictions based on code metrics appear to be poorer.

1 The Amadeus tool provides 35 code metrics, e.g., lines of code with and without blank, executable statements,declaration statements, function declaration, function definitions, functions calls, cyclomatic complexity, loopstatements, maximum class depth and width in a file, number of method declarations, definitions and average numberof methods.

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. April 1995.CS-TR-344320UMIACS-TR-95-40PredictedActualNo faultFault

No Fault6161

Fault7 (37)51 (231)

Table 6: Classification Results based on codemetrics shown in Table 5ModelAccuracyOOmetricsCodemetrics

Completeness88% (93%)83% (86%)

Correctness60% (92%)45.5% (86%)

Table 7: Classification Accuracies based onOO and code metrics shown in Table 3 andTable 5Table 7 confirms that result by showing the values of correctness (percentage of classes correctlypredicted as faulty) and completeness (percentage of faulty classes detected). Values betweenparentheses present predictions’ correctness and completeness values when classes are weightedaccording to the number of faults they contain (classes with no fault are weighted 1).4 . Related Work[Li&Henry, 1993] and [Briand et al, 1994] have attempted to experimentally validate OO metrics(see Table 8). In [Briand et al ,1994], metrics for measuring abstract data type (ADT) cohesion andcoupling are proposed and are experimentally validated as predictors of faulty ADT’s. The maindifferences and similarities between our work and [Briand et al, 1994] are as follows. They did notexperimentally validate their metrics on OO programs in a context of inheritance but they used asimilar validation approach. In both cases, statistical model were built to predict component (i.e.,ADT’s and classes, respectively) fault-proneness (i.e., likelihood of fault detection) by usingmultiple logistic regression.On the other hand, [Li&Henry, 1993] performed a validation of Chidamber&Kemerer�s OOmetrics studying the number of changes performed in two commercial systems implemented withan OO dialect of Ada. According to this work, Chidamber&Kemerer�s OO metrics appeared to beadequate in predicting the frequency of changes across classes during the maintenance phase. Theyprovided a model to predict the number of modifications in a class, which they assume isproportional to change effort and is representative of class maintainability.

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. August 1995.CS-TR-344321UMIACS-TR-95-40[Li&Henry, 1993]�s work is comparable to our work in the following ways. They used the samesuite of OO metrics we used. They also used data from products implemented in an OO languagewhich provides multiple inheritance, overloading and polymorphism. On the other hand, we usedthe likelihood of fault detection as the dependent variable of our statistical model. Thus, our goalwas to assess whether Chidamber&Kemerer�s OO metrics were useful predictors of fault-proneclasses. In addition, [Li&Henry, 1993] used (multivariate) least-square linear regression to buildtheir predictive model whereas we used logistic regression (i.e., a classification technique forbinary dependent variables). The nature of our dependent variable (i.e., (non) occurrence of faultdetection) has led us to use logistic regression which is very popular in several other experimentalsciences [Hosmer & Lemeshow, 1989].VALIDATION WORK

CRITERIA[Briand et al, 1994][Li&Henry, 1993]Our work

Suite of MetricsADT Cohesion andCouplingCK metricsCK metrics

Type of productsAdaOO dialect of AdaC++

Dependent variablefault occurrence inADT’snumber of changes incomponent’sfault occurrence inC++ classes

Statistical techniquelogistic regressionleast-square regressionlogistic regression

Table 8: Some differences and similarities between [Briand et al, 1994], [Li&Henry, 1993] andour work5 . Conclusions and further workIn this experiment, we collected data about defects found in Object-Oriented classes. Based onthese data we verified experimentally how much fault-proneness is influenced by internal (e.g.,size, cohesion) and external (e.g., coupling) design characteristics of OO classes. From the resultspresented above, five out of the six Chidamber&Kemerer�s OO metrics appear to be useful topredict class fault-proneness during the early phases of the life-cycle. This empirical validationprovides the practitioner with some empirical evidence demonstrating that most of these metrics canbe useful quality indicators. In addition, most of these metrics appear to be complementary

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. August 1995.CS-TR-344322UMIACS-TR-95-40indicators which are relatively independent from each other. The results we obtained providemotivation for further investigation and refinement of Chidamber&Kemerer�s OO metrics.We also showed that Chidamber&Kemerer�s OO metrics seem to be better predictors than the bestset of �traditional� code metrics provided on our data set, which, in addition, can only be collectedat a later phase of the software development processes.Our future work includes:¥replicating this study in an industrial setting: a sample of large-scale projects developed in C++and Ada95 in the framework of the NASA Goddard Flight Dynamics Division (SoftwareEngineering Laboratory). This work should help us better understand the prediction capabilitiesof the suite of OO metrics described in this paper. By doing that, we intend to:�build models and provide guidance to improve the allocation of resources withrespect to test and verification efforts,�gain a better understanding of the impact of OO design strategies (e.g., simpleversus multiple inheritance) on defect density and rework. In this study, because ofan inadequate data collection process, we were unable to analyze the capability ofOO design metrics to predict rework. We believe that this drawback could beovercome by refining our data collection process in order to capture how mucheffort was spent on each class individually.¥studying the variations, in terms of metric definitions and experimental results, betweendifferent OO programming languages. The fault-proneness prediction capabilities of the suite ofOO metrics discussed in this paper can be different depending on the used programminglanguage. Work must be undertaken to validate this suite of OO design metrics across differentOO languages, e.g., Ada95, Smalltalk, C++, etc.

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. August 1995.CS-TR-344323UMIACS-TR-95-40¥extending the experimental investigation to other OO metrics proposed in the literature (e.g.,[Abreu&Carapu�a, 1994]) and develop new metrics, e.g., more language specific.ReferencesF. B. Abreu and R. Carapu�a (1994). "Candidate metrics for object-oriented software within ataxonomy framework". Journal of System and Software, 26(1):87—96.Amadeus Software Research, Inc. (1994). �Getting Started with Amadeus.� AmadeusMeasurement System.V. Basili; G. Caldiera; F. McGarry; R. Pajerski; G. Page (1992). �The Software EngineeringLaboratory: An Operational Software Experience Factory�. In Proc. of the 14th Int�l Conf. onSoftware Engineering.V. Basili and D. Hutchens (1982). �Analyzing a syntactic family of complexity metrics�. IEEETrans. on Software Engineering, SE-9(6):664—673.V. Basili; R. Selby; T.-Y. Philips (1983). �Metric Analysis and Data Validation AcrossFORTRAN Projects�. IEEE Trans. on Software Engineering, SE-9(6):652—663.V. Basili; L. Briand; W. Melo (1995). "Measuring the Impact of Reuse on Quality andProductivity in Object-Oriented Systems." Technical Report, University of Maryland, Dep. ofComputer Science, Jan. 1995, CS-TR-3395.J. M. Bieman and B.-K. Kang (1995). �Cohesion and Reuse in an Object-Oriented System�. InProc. of the ACM SIGSOFT Symposium on Software Reusability, Seattle WA. pages 259—262.L. Briand; S. Morasca; V. Basili (1994). �Defining and Validating High-Level Design Metrics�.CS-TR-3301, University of Maryland, Dep. of CS, College Park, MD, 20742.I. Brooks (1993). �Object-oriented metrics collection and evaluation with a software process�.Presented at OOPSLA�93 Workshop on Processes and Metrics for Object-Oriented SoftwareDevelopment, Washington, DC.S. R. Chidamber and C. F. Kemerer (1994). �A metrics suite for object-oriented design�. IEEETrans. on Software Engineering, 20(6):476—493.S. R. Chidamber and C. F. Kemerer (1995). �Authors Reply�. IEEE Trans. on SoftwareEngineering, IEEE Trans. on Software Engineering, 21(3):265.N. I. Churcher and M. J. Shepperd (1995). �Comments on �A Metrics Suite for Object-OrientedDesign� �. IEEE Trans. on Software Engineering, 21(3):263—265.S. D. Conte; H. E. Dunsmore; V. Y. Shen (1989). Software Engineering Metrics and Models. TheBenjamin/Cummings Publishing Company.P. Devanbu (1992). �GENOA/GENII — a customizable language and front-end independent codeanalyzer�. In Proc. of the 14th Int�l Conf. on Software Engineering, Melbourne, Australia.J. Devore (1991). �Probability and Statistics for Engineering and Sciences.� Brooks/ColePublishing Company.W. Dillon and M. Goldstein (1984). �Multivariate Analysis: Methods and Applications.� Wiley.

Technical Report, Univ. of Maryland, Dep. of Computer Science, College Park, MD, 20742 USA. August 1995.CS-TR-344324UMIACS-TR-95-40W. Harrison (1988). �Using software metrics to allocate testing resources.� Journal ofManagement Information Systems. 4(4):93—105.W. Harrison (1994). �Software measurement: a decision-process approach�. Advances inComputers, volume 39, pp. 51—105.G. Heller; J. Valett; M. Wild (1992). Data Collection Procedure for the Software EngineeringLaboratory (SEL) Database. SEL Series, SEL-92-002.D. Hosmer and S. Lemeshow (1989). �Applied Logistic Regression.� Wiley-Interscience.N. E. Fenton (1991). �Software Metrics: A Rigorous Approach�. Chapman&Hall.E. Gamma; R. Helm; R. Johnson; J. Vlissides (1995). �Design Patterns: Elements of ReusableObject-Oriented Software�. Addison-Wesley.W. Li and S. Henry (1993). �Object-oriented metrics that predict maintainability�. Journal ofSystems and Software. 23(2):111—122.F. McGarry; R. Pajersk; G. Page; S. Waligora; V. Basili; M. Zelkowitz (1994). �SoftwareProcess Improvement in the NASA Software Engineering Laboratory�. Carnegie MellonUniversity, Software Engineering Institute, Technical Report, Dec. 1994. CMU/SEI-95-TR-22.J. Rumbaugh; M. Blaha; W. Premerlani; F. Eddy; W. Lorensen (1991). �Object-OrientedModeling and Design.� Prentice-Hall.B. Stroustrup. �The C++ Programming Language�. Addison-Wesley Series in Computer Science,1991. 2nd edition.D. A. Young (1992). �Object-Oriented Programming with C++ and OSF/MOTIF.� Prentice-Hall.