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Chapter X1V

Softwar eM easur ement

Theproblem of measurement i n softwareengineering hasbeen addressed by
many authors, and oneof themost common questionsis, “ Canwelearnfrom
measurement in physicsand can wetransformthisto software engineering
measurement?’ (Zuse, 1997, 1998).

Anengineering measure, fromthephysical point of view, isrelevantif it can
guantify theobject under measurement, sincequalitativemeasuresusually are
considered too coarse. The problem arises when we shift this concept in
softwareengineering, wherenearly all the possiblemeasurementsarequalita-
tiveones. All of thecharacteristicsdefined by | SO9126 (1991) arequalitative
and not directly related to precise physical or tangiblephenomena.

Ontheother hand, awide skepticismof using numerical valuesisdiffused,
becauseit can behardto givetherequested semanticto the number.

Metrics, that are the measures performed on code, can be split into two
categories: metricsfor softwarecomplexity/sizemeasurement and effort esti-
mation, and metricsfor qualitativecharacteristicsevaluation. Inthefirst part of
thechapter, theformer typeof metricsisdiscussed, whileinthesecond part,
ageneral overview of quality inuseby metricswill beperformed. Apartfrom
thisgeneral distinction, amoreaccuratetaxonomy of thesoftwaremetricsis
reportedinorder toclassify themonthebasisof theapplicability fieldinwhich
they can be adopted.
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Metric Taxonomy

Metricscanbeclassifiedaccordingtodifferent criteria. A first classificationcan
be performed on the basis of its capability to predict and/or to evaluate a
posteriori system characteristics.

Themaindifference betweenthesetwo classesof metricsisintheuseor not
of thefunctional code. Ingeneral, predictivemetricsareeval uated only onthe
basisof theclassinterface(e.g., C or C++ Header files, Javaclassdefinition,
without inline code, etc.), while a posteriori metrics also need class code
(methodimplementation).

Ingeneral, aposteriori metricsconsider all classaspects— attributes, methods
interface, and method implementation (both locally defined and inherited).
Predictivemetricsal so canbeevaluated, if theimplementati on phase hasnot
been performedyet, suchasintheearly phaseof system development. These
metricsal so can beused to predict theadapti vemaintenanceeffort by knowing
only theinterfacethat classeswill haveat theend of thesystem adaptation. This
canbevery useful for eval uating theadaptivemaintenanceeffort needed during
itsplanning phase.

A metriciseither ableto measuredirectly asoftwarecharacteristic or not; thus,
itcanbeclassifiedasdirect or indirect. Direct metricsshould produceadirect
measureof parametersunder consideration; for example, thenumber of Lines
of Code (LOC) for estimating the program length in terms of codewritten.
Indirect metricsusually arerelatedto high-level features; for example, the
number of system classes can be supposed to be related to the system
compl exity by meansof amathematical relationship, whileLOC (asanindirect
metric) isrelatedtypically todevelopment effort. Thus, thesamemeasurecan
beconsidered asadirect and/or anindirect metric, depending onitsadoption.
Indirect metricshaveto bevalidated for demonstratingtheir rel ationshipswith
thecorresponding high-level features. Thisprocessconsistsof (1) evaluating
parametersof metrics(e.g., weightsand coefficients) and (2) verifying the
robustnessof theidentified model against real cases. Themodel canbelinear
or not, and it must beidentified by using both mathematical and statistical
techniques (Briand, 2000a, 2000b; Nesi, 1998; Rousseeuw, 1987;
Schneidewind, 1992, 1994).

Metricsarefrequently reclassified onthebasi sof thephaseinor for whichthey
canproducesignificant estimations; therefore, adistinction canbemadeamong
analysis, design, and codemetrics. Anexact classification of metrics, according
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