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This article provides an overview of the basic concepts and state of the art of software
measurement. Software measurement is an emerging field of software engineering, since it
may provide support for planning, controlling, and improving the software development
process, as needed in any industrial development process. Due to the human-intensive nature
of software development and its relative novelty, some aspects of software measurement are
probably closer to measurement for the socia sciences than measurement for the hard
sciences. Therefore, software measurement faces a number of challenges whose solution
requires both innovative techniques and borrowings from other disciplines. Over the years, a
number of techniques and measures have been proposed and assessed via theoretical and
empirical analyses. This shows the theoretical and practical interest of the software
measurement field, which is constantly evolving to provide new, better techniques to support
existing and more recent software engineering development methods.
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1. Introduction

M easurement permeates everyday life and isan essential part in every scientific and
engineering discipline. Measurement allows the acquisition of information that can be
used for developing theories and models, and devising, assessing, and using methods
and techniques. Practical application of engineering in the industry would not have
been possible without measurement, which allows and supports

- production planning, from a qualitative and quantitative viewpoint,

- production monitoring and control, from a qualitative and quantitative viewpoint,
- decision making,

- cost/benefit analysis, especially when new techniques are proposed or introduced,
- post-mortem analysis of projects,

- learning from experience.

Likein all other engineering branches, industrial software devel opment requires the
application of software engineering methods and techniquesthat are effective, i.e., they
alow software organizations to develop quality software products, and efficient, i.e.,
they allow software organizations to optimize the use of their production resources.



However, software engineering differs from other engineering disciplines in a number
of aspects that have important consequences on software measurement. First, software
engineering is ayoung discipline, so its theories, methods, models, and techniques still
need to be fully developed and assessed. Other engineering branches rely on older,
well-consolidated scientific disciplines. These disciplines have developed a large
number of deep mathematical models and theories over the centuries and have long
identified the important concepts (e.g., length, mass) that need to be studied and have
long developed suitable tools to measure them. Second, Software Engineering isavery
human-intensive discipline, while other engineering branches are based on the so-called
hard sciences (e.g., Physics, Chemistry). Therefore, some aspects of software
measurement are more similar to measurement in the social sciences than measurement
in the hard sciences. For instance, in a number of software measurement applications,
repeatability of results may not be achieved. As a consequence, one cannot expect
software engineering measurement models and theories to be necessarily of the same
nature, precision, and accuracy as those developed for more traditional branches of
engineering. Third, there are several different types of software development, for
different application areas and purposes, so, software measurement models may not be
valid on ageneral basis, like those used in other engineering branches.

However, the very nature of software engineering makes measurement a necessity,
because more rigorous methods for production planning, monitoring, and control are
needed, otherwise the amount of risk of software projects may become excessive, and
software production may easily get out of industrial control. This would produce
obvious damages to both software producers (e.g., higher costs, schedule slippage) and
users (e.g., poor quality products, late product delivery, high prices). To be effective
and make good use of the resources devoted to it, software measurement should
address important devel opment issues, i.e., it should be carried out within a precise goal
of industrial interest. In this context, software measurement may serve severa
purposes, depending on the level of knowledge about a process of product. Here, we
list some of these purposes, from one that can be used when alimited or no amount of
knowledge is available to one that requires an extensive amount of knowledge.

- Characterization, i.e., the gathering of information about some characteristic of
software processes and products, with the goa of acquiring a better idea of
“what's going on."

- Tracking, i.e., the (possibly constant and regular) acquisition of information on
some characteristic of software processes and products over time, to understand if
those characteristics are under control in on-going projects.

- Evaluation, i.e., judging some characteristic of a software process or product, for
instance based on historical data in the same development environment or data
available from external sources.

- Prediction, i.e, identifying a cause-effect rel ationship among product and process
characteristics.

- Improvement, i.e., using a cause-effect relationship to identify parts of the
process or product that can be changed to obtain positive effects on some



characteristic of interest, and collecting data after the changes have been made to
confirm or disconfirm whether the effect was positive and assess its extent.

Therefore, the goal of software measurement is certainly not limited to deriving
measures. In addition to the above practical goals, one may say that, from a more
abstract point of view, the goal of software measurement is to build and validate
hypotheses and increase the body of knowledge about software engineering. This body
of knowledge can be used to understand, monitor, control, and improve software
processes and products. Therefore, building measures is a necessary part of
measurement, but not itsfinal goal.

Software measurement poses a number of challenges, from both a theoretical and
practical points of view. To face these challenges, we can use a number of techniques
that have been devel oped over the years and/or have been borrowed from other fields.

First, we need to identify, characterize, and measure the characteristics of software
processes and products that are believed to be relevant and should be studied. Thisis
very different from other engineering branches, where researchers and practitioners
directly use measures without further thought. In those disciplines, there no longer isa
debate on what the relevant characteristics are, what their properties are, and how to
measure these characteristics. In software engineering measurement, instead, we still
need to reach that stage. There is not as much intuition about software product and
process characteristics (e.g., software cohesion or complexity) as there is about the
important characteristics of other disciplines. Therefore, it is important that we make
sure that we are measuring the right thing, i.e., it is important to define measures that
truly quantify the characteristic they purport to measure. This step—called theoretical
validation—is a difficult one, in that it involves formaizing intuitive ideas around
which thereislimited consensus. To this end, one can use Measurement Theory, which
has been developed in the social sciences mainly in the last 60 years, or property-based
approaches, which have been used in Mathematics for along time.

Second, we need to show that measuring these characteristics is really useful, via
the so-called empirical validation of measures. For instance, we need to show if and to
what extent these characteristics influence other characteristics of industrial interest,
such as product reliability or process cost. It is worthwhile to measure them and use
them to guide the software development process only if they have a sufficiently large
impact. To this end, experiments must be carried out and threats to their internal and
external validity must be carefully studied.

In addition, the identification and assessment of measures may not be valid in
general. Nothing guarantees that measures that are valid and useful in one context and
for some specified goal are as valid and useful for another context and goal. Goal-
oriented frameworks that have been defined for software measurement can be used.

Before illustrating the various aspects of software measurement, we would like to
explain that the term “metric" has been often used instead of “measure” in the
software measurement field in the past. Asit has been pointed out, “metric" hasamore
specialized meaning, i.e,, distance, while “measure” isthe general term. Therefore, we
use “measure” in the remainder of thisarticle.



The remainder of this article is organized as follows. Section 2 describes a
framework for goal-oriented measurement (the Goal/Question/Metric paradigm).
Sections 3 and 4 introduce the basic concepts of software measurement. Sections 5 and
6 illustrate how Measurement Theory and axiomatic approaches can be used to carry
out the so-called theoretical validation of software measures, i.e.,, to show that a
measure actually quantifies the attribute it purports to measure. Section 7 describes
some of the measures that have been defined for the intrinsic attributes (e.g., size,
structural complexity) of the artifacts produces during software devel opment. Section 8
concisely reports on external software attributes (e.g., reliability, maintainability), i.e.,
those that refer to the way software relates to its development or operational
environment. Process attributes are discussed in Section 9. Remarks on the practical
application of software measurement are in Section 10. Possible future developments
arediscussed in Section 11.

Good surveys of the state of the art and on-going research can befoundin[1, 2].

2. Goal-oriented M easurement

It is fundamental that all measurement activities be carried out in the context of a
well-defined measurement goal. In turn, the measurement goal should be clearly
connected with an industrial goal, so the measurement program responds to a software
organization's needs. The Goal/Question/Metric (GQM) paradigm [3, 4] provides a
framework for deriving measures from measurement goals. The idea is to define a
measurement goal, with five dimensions, asfollows:

- Object of Sudy: the entity or set of entitiesthat should be studied, e.g., asoftware
specification, or atesting process;

- Purpose: the reason/the type of result that should be obtained: e.g., one may want
to carry out/obtain acharacterization, evaluation, prediction, or improvement;

- Quality Focus the attribute or set of attributes that should be studied, e.g., size
(for the software specification, or effectiveness (for the testing process);

- Point of View: the person or organization for whose benefit measurement is
carried out, e.g., the designers (for the software specification), or the testers (for
the testing process)

- Environment: the context (e.g., the specific project or environment) in which
measurement is carried out.

Thefollowing isan example of aGQM goal:

Analyze the testing process (object of study) for the purpose of evaluation (purpose)
with respect to the effectiveness of causing failures (quality focus) from the point of
view of the testing team (point of view) in the environment of project X (environment).

GQM goals help clarify what needs to be studied, why, and where. Based on the
goal, the relevant attributes are identified via a set of questions (an intermediate
document between the goal and the questions, the Abstraction Sheet, has been recently



introduced to provide a higher-level view of the questions). As a simple example, a
question related to the study of testing effectiveness may ask: How much is defect
density? Each question is then refined into measures that can be collected on the field.
For instance, defect density may be defined as the ratio of the number of defects found
to the number of lines of code. Figure 1 shows this top-down refinement of goals into
measures. Figure 1 also shows that several measurement goals may be pursued at the
same time, and questions and measures may be reused across goals, thus decreasing the
effort for adding further goals to an existing set of goals, questions, and measures.
Conversdly, interpretation of results proceeds bottom-up, i.e., the measures collected
are used and interpreted in the context and for the objectives that have been initialy
defined. The GQM paradigm has been successfully used in many industrial
environments to increase the knowledge of software organizations about their own
practices and lay the quantitative foundations for improvement of software processes
and products.

goal goa2 goa3

SN TN

ql

NI/

Fig. 1. A sample GQM.
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The GQM paradigm is a part of an organized approach to the improvement of
software products and processes, the Quality Improvement Paradigm (QIP), which can
be concisely described as an instantiation of the scientific method tailored for the needs
of Software Engineering. The QIP is based on the idea that improvement can be
achieved and quantified via the acquisition of knowledge on software processes and
products over time. The Experience Factory (EF) is another central aspect of the QIP.
The EF isthe organizational unit that collects, stores, analyzes, generalizes, and tailors
information from software development projects, so it can be used in future ones.

3. Entitiesand Attributes

We now introduce the basic concepts of measurement. First, we identify the object
of measurement. To this end, measurement is based on the following two concepts [1].
Entity. An entity may be a physical object (e.g., a program), an event that occurs at a
specified instant (e.g., amilestone) or an action that spans over atimeinterval (e.g., the
testing phase of asoftware project).



Attribute. An attribute is a characteristic or property of an entity (e.g., the size of a
program, thetime required during testing).

Both the entity and the attribute to be measured must be specified, because
measurement should not be used for entities or attributes alone. For instance, it does not
make senseto “measure a program,” since the attribute to be measured is not specified
(it could be size, complexity, maintainability, etc.), or to “measure size," since the
entity whose size is to be measured is not specified (it could be a specification, a
program, a development team, etc.). Instead, one can *“measure the size of aprogram.”

Entities in software measurement can be divided into two categories: products and
processes. Product and process entities may be of different kinds. For instance,
requirements, specifications, designs, code, test sets are al product entities and their
parts are product entities as well. On the other hand, single phases, activities, and
resources used during a project are process entities. Product and process entities have
specific attributes. For instance, product attributes include size, complexity, cohesion,
coupling, reliability, etc. Process attributes include time, effort, cost, etc.

Attributes are usualy divided into internal and externa attributes. An interna
atribute of an entity depends only on the entity. For instance, the size of a program
may be considered an internal attribute, since it depends only on the program. An
externa attribute of an entity depends on the entity and its context. For instance, the
reliability of a program depends on both the program and the environment in which the
program is used. Externa attributes are usually the ones whose measures have
industrial interest. For instance, it is important to measure the reliability of a program
during its operational use, so as to assess whether its quality is sufficiently high.
However, external attributes are usually difficult to measure directly, since they depend
on the environment of the entity. Internal product attributes are easier to measure, but
their measurement is seldom interesting per se, at least from a practica point of view.
Internal product attributes are measured because they are believed to influence the
external attributes (e.g., coupling is believed to influence maintainability) or process
atributes (e.g., program complexity is believed to influence cost).

4. Measurement and Measure

We introduce a distinction between measurement and measure, as follows.
Measurement. Measurement is the process through which values are assigned to
attributes of entities of the real world.

Measure. A measure isthe result of the measurement process, so it isthe assignment of
avalueto an entity with the goal of characterizing a specified attribute.

Therefore, ameasure is not just avalue, but it is a function that associates a value
with an entity. In addition, the notion of value is by no means restricted to real or
integer numbers, i.e., a measure may associate a symbol with an entity. For instance, a
measure for the size of programs may associate the values ““small”, “"medium,” and



“large" with programs. These values cannot be used for arithmetic or agebraic
manipulations, but they can be used to obtain useful results through a variety of
statistical techniques.

Because of the distinction between internal and external attributes, measures for
internal attributes of an entity can be computed based only on the knowledge of the
entity, while measures for external attributes also require the knowledge of the context
of the entity.

Not al functions that associate a value with an entity are sensible measures for an
attribute of that entity. For instance, if we intuitively rank a program P as longer than
another program P, we expect that a sensible measure of program size gives program
P avalue greater than the valueit gives program P".

Measuresthat make sense on an intuitive level are an obvious precondition in every
measurement application. The measures used in many scientific fields (especially inthe
hard sciences) are usualy taken for granted, i.e., they are considered intuitively valid
for the attributes they purport to measure. For instance, there is no debate about the
measures used to quantify the volume of an object. The reason is that there is a
consolidated consensus about which measures can be considered intuitively valid. This
consensus has been built over centuries and is so well established that the question
hardly ever arises whether a measureis a sensible one for an attribute. However, thisis
not the case in software engineering measurement. Because of the novelty of the field,
a sufficient degree of consensus still needs to be reached about which measures make
sense on an intuitive level. Moreover, there is no widespread agreement on the
attributes themselves, i.e, how can we define attributes unambiguously? which
atributes are redlly relevant?

These questions are important from an engineering point of view, because methods
and techniques are devised with reference to attributes of software entities. For
instance, it is commonly accepted that software systems should be composed of
modules (entities) with high levels of inner cohesion (attribute) and low levels of
coupling (attribute) among them. These software systems (entities) are believed to
have, for instance, a high degree of maintainability (attribute). This is one of the
reasons why object-oriented programming is believed to lead to better software systems
than other techniques. However, this hypothesis (i.e., there is an influence of module
cohesion and coupling on the maintainability of a software system) cannot undergo a
real scientific examination until unambiguous definitions are provided for cohesion,
coupling, and maintainability, and until measures are defined that are consistent with
these definitions when applied to software modules and systems. Thisis not to say that
module cohesion and coupling have no impact on software system maintainability or
that object-oriented programming has not been beneficia in software development.
However, in a sound engineering approach we need to ascertain

- whether the evidence is sufficient for usto draw reliable conclusions (e.g., isthe
evidence only anecdotal or do statistical procedures such asthetest of hypotheses
confirm the hypothesis?)



- the absence of other influencing factors (e.g., has maintainability improved
because of the adoption of object-oriented programming or because of the
improvement in the education of programmers or the adoption of CA SE tools?)

- the extent of the impact of the influencing attributes on the influenced attribute
(e.g., does module cohesion influence software maintainability more than module
coupling does? what is the impact of a variation in module coupling on
maintai nability?)

If we had information on these three points above, we would be able to use
software techniques more effectively.

We now describe two approaches (Representational Measurement Theory and
property-based approaches) that help identify those measures that make sense. It isto
be borne in mind that, in both cases, we are actually modeling intuition, and intuition
may vary across different people. For instance, one person may not agree with another
person on how programs should be ranked according to their size. However, the value
added by either approach is to spell out one's own intuition in mathematical,
unambiguous terms, which can be used as a basis for discussion about the measures for
an attribute and, eventually, to reach widespread consensus.

5. Representational Measurement Theory

Representational Measurement Theory [5] (see also [1, 6]) formalizes the
“intuitive,” empirical knowledge about an attribute of a set of entities and the
““quantitative,” numerical knowledge about the attribute. The intuitive knowledge is
captured via the so-called empirical relational system (described in Section 5.1), and
the quantitative knowledge via the so-called numerical relational system (Section 5.2).
Both the empirical and the numerical relational systems are built by means of set
algebra. A measure (Section 5.3) links the empirical relational system with the
numerical relational system in such a way that no inconsistencies are possible, as
formalized by the Representation Condition. In general, many measures may exist that
quantify equally well one's intuition about an attribute of an entity (e.g., weight can be
measured in kilograms, grams, pounds, ounces, etc.). The relationships among the
admissible measures for an attribute of an entity are illustrated in Section 5.4. As we
will see, this leads to classifying measures into different categories, as described in
Section 5.5. " Objectivity" and ~"subjectivity" of measures are discussed in Section 5.6.

5.1. Empirical Relational System.

An empirical relational system for an attribute of a set of entities is defined through
the concepts of set of entities, relations among entities, and operations among entities.
Therefore, an empirical relational system is defined as an ordered tuple

ERS:(E, Rl,__.,Rn,ol,...,om) , aswe now explain.

E isthe set of entities, i.e., the set of objects of interest that are subject to
measurement with respect to that attribute.



R.... R, are empirical relations: each empirical relation R has an arity n,, so
RI E",ie, R isasubset of the cartesian product of the set of entities
E"E"..” E n times.

© 0,,..,0, are binary operations among entities: each binary operation o; is a
function o, :E" E® E. Therefore, its result is an entity, so we have
€; = €0;6, (infix notationisusually used for these operations). As an additional
assumption, all binary operations o; 's are closed, i.e., they are defined for any
pair of entities (g;,&,).

As an example, suppose that we want to study the size (attribute) of program
segments (set of entities). A program segment is defined as a sequence of statements.
To characterize the size attribute, we may define the binary relation ““longer than," i.e.,
longer _thani E~ E . Therefore, given two program segments g and e,, we may

have (g ,e,)1 longer _than (i.e., our intuitive knowledge is that €, is longer than
e,) or (g,e,)1 longer _than (i.e, our intuitive knowledge is that € is not longer
than e,). If we were interested in another attribute, e.g., complexity, we would

charecterize the complexity attribute via a different relation, e.g.,
more_complex_thani E” E. A binary operation may specify how program

segments may be built based on other program segments, e.g., by concatenating
program segments. For instance, e, =€, A e, may represent the fact that program

segment e, isbuilt by concatenating program segmentse, and e, .

The empirical relations do not involve any values or numbers. We are not
comparing the values obtained by measuring €, 's and e, 's sizes, but we are just stating

our intuitive understanding and knowledge on g 'sand e, 's sizes and that e, is the
concatenation of g and e, . Since this knowledge is intuitive, empirical relational

systems are built in a somewhat subjective way, asintuition may very well vary across
different individuals.

5.2. Numerical Relational System.

The intuitive knowledge of the empirical relational system is translated into the
numerical relationa system, which predicates about values. A numerical relational
system is defined as an orderedtuple NRS=(V, S ,...S, /" 1,-.-; ), aSWe show.

-V istheset of valuesthat can be obtained asresults of measures.
S ... S, are numerical relations: each numerical relation S has the same arity
n of theempirical relation R, s0 S | V" ,i.e, S isasubset of the n, -times
cartesian product of the set of values.



are binary operations among values. each binary operation - . is a
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function -;:V"V ® V. Therefore, its result is a value, so we have
V3=V, -V, (infix notation is usually used for these operations). As an
additional assumption, al binary operations - ; 'sare closed, i.e., they are defined

for any pair of values (v;,\, ) .

For instance, the set V' may be the set of nonnegative integer numbers. A binary
relation may be “greater than," i.e., >, so >l V~ V. A binary operation may be the
sum between two integer values, i.e., v, =V, +V, . Therefore, the numerical relational

system initself does not describe anything about the entities and the attribute.

5.3.Measure

Thelink from the empirical relational system and the numerical relational systemis
provided by the definition of measure, which associates entities and values, and scale,
which associate the elements of the tuple of the empirical relational system with
elements of the numerical relational system. A measureisafunction m: E® V that
associates avalue with each entity.

As defined above, a measure establishes a link between the set of entities and the
set of values, regardless of the relations and operations in the empirical and numerical
relational system. Therefore, a measure for the size of program segments may be
inconsistent with our intuitive knowledge about size as described by the relation
longer _than. For instance, we may have three program segments g, e,, and e,

such that (g;,e,)1 longer _than, (e,,&;)1 longer _than, m(e)<mle,), and
m(e,) > m(e,). This shows that not all measures are sensible ways for quantifying

intuitive knowledge. The Representation Condition places a constraint on measures, so
they do not exhihit thiskind of counterintuitive behavior.

Representation Condition. A measure m: E ® V must satisfy these conditions

"il 1.0 <el €, >T E" (R (el,...,eni)l] S, (m(el) n(eni )))
"i1 Lt (e,e)1 E E(meo,e)=me)-, me,))

Thefirst condition requiresthat atuple of entities be in the relation R, if and only
if the tuple of measures computed on those entities is in the relation S that
corresponds to R . Therefore, if the relation > is the one that corresponds to
longer _than we have (g, ,&,)1 longer _than if and only if m(g,)>m(e,), as one

would intuitively expect. The second condition requires that the measure of an entity



obtained with the binary operationo; from two entities be obtained by computing the

corresponding binary operation - . on the measures computed on those two entities.

j
Scale. A scaleisatriple (ERSNRS ), where ERS = (E, R,,.... R,,0,...,0,) isan

empirical relational system, NRS:(V, L eees Sn,-l,...,-m) is a numerical relational
system,and m: E ® V isameasurethat satisfiesthe Representation Condition.

For simplicity, we aso refer tomasascale in what follows.

5.4. Uniqueness of a Scale

Given an empirical relational system and a numerical relational system, two issues
naturally arise, i.e., existence and uniqueness of a scale that maps the empirical
relational system into the numerical relational system. We do not dea with the
existence issue here, so we assume that a scale exists that links an empirical relational
system and anumerical relational system. Asfor uniqueness, many different scales can
be used given an empirical relational system and a numerical relationa system. Thisis
well known in everyday life or scientific or engineering disciplines. For instance, the
distance between two points may be measured with different scales, e.g., kilometers,
centimeters, miles, etc. All of these are legitimate scales, i.e, they satisfy the
representation condition, so it does not really matter which scale we choose. Using one
instead of another isjust amatter of convenience, since there exists a transformation of
scale (multiplication by a suitable proportionality coefficient) from a scale to another
scale. However, multiplication by a suitable proportionality coefficient is also the only
kind of transformation that can be applied to adistance scale to obtain another distance
scale. Other transformations would not lead to a distance scale, since they would
“distort" the original distance scale. For instance, given a distance scale m, using

m'= m? as a distance measure would distort the original distance scale, so we cannot

use m? asalegitimate distance measure.
In general, this leads to the notion of admissible transformation, i.e, a
transformation that leads from one scale to another scale.

Admissible Transformation. Given a scale (ERS NRS, m), a transformation f is
admissibleif (ERS NRS m) isascale, where m'= f o m is the composition of f and
m

As a different example, suppose that we want to study failure severity, whose
empirical relational system is defined by the set of failures F and the relationship
more _ severe_than. Suppose we have ascalem, with values 1, 2, and 3. In this case,

we can obtain a new measure m by simply mapping these three values into any three
values, provided that an order is defined among them and that the measure preserves
that order. For instance, we can use the numeric triples 2, 4, 6, or 6, 15, 91, to obtain a



new scale. The set of admissible transformationsin this case is broader than the set of
admissible transformations for the distance between two points, since we are not forced
tousing only proportional transformationsto obtain new scales. We could even usethe
triplesa, b, c, or g, r, w, with the usua alphabetical ordering, or the three values low,
medium, high, with the obvious ordering among them.

A broader set of admissible transformations means a broader choice of measures,
but this comes with aprice. All that our knowledge on failure severity allows usto tell
is whether a failure is more severe than another, but nothing about the relative
magnitude of severity. Therefore, it does not make senseto say that afailureistwice as
severe as another failure, since thetruth value of this statement depends on the specific
scale used. For instance, one could say that medium severity failures are twice as
severe as low severity ones according to the scale with values 1, 2, 3, or even the scale
with values 2, 4, 6, but this would no longer be true according to the scale with values
6, 15, 91, let adone the scales with values a, b, ¢, or e, r, w. Instead, it makes sense to
say that the distance between two points is twice as much as the distance between two
other points. This statement does not change its truth value regardless of the scale
chosen. Thisisameaningful statement, according to the following definition.

Meaningful Statement. A statement about the values of ascale is meaningful if itstruth
value does not change if the scale is transformed according to any of its admissible
transformations.

As an additional price to pay, we cannot use the values of the measure for failure
severity aswe would use the values we obtain for the distance between two points. For
instance, we can sum the values we compute for distance measures, but it does not
make sense to sum the values we obtain for failure severity.

5.5. Scale Types

The set of admissible transformations, the set of meaningful statements, and the set
of operations that can be used on the values are related to each other. Specificaly, the
set of admissible transformation defines the measurement level of a scale. In general,
the narrower the set of admissible transformations, the smaller the number of scales,
and the more informative the scale we choose. In Measurement Theory, five
measurement levels are usually used. Here, we describe them, from the least to the
most informative one. They are summarized in Table 1 along with their properties.

5.5.1. Nominal Scale.

A scale is anominal one if it divides the set of entities into categories, with no
particular ordering among them. For instance, the programming language used for a
program is a nominal measure, since it allows programs to be classified into different
categories, and no ordering among them is available. The set of admissible
transformationsis the set of all one-to-one transformations, since the specific values of
the measures do not convey any particular information, other than the fact that they are



different, so they can be used as labels for the different classes. For instance, a
transformation that changed all the names of the programming languages would be
acceptable, as long as different names are transformed into different names. We could
have also used numbers to identify the programming languages, as long as different
programming languages are encoded with different numbers. It is obvious that we
cannot carry out any arithmetic operations on these numbers, sinceit makes no senseto
sum or multiply them, and it does not make sense to order them, since there is no
ordering of programming languages.

Nominal scales are the least informative ones, but they may well provide important
information. For instance, a scale for the gender of people is a nominal one. However,
scientific research has shown that gender may be related to diseases (e.g., the people of
one gender may be morelikely to have a disease than the peopl e of the other gender) or
to immunity to diseases. Therefore, nominal measures do provide important pieces of
information. For instance, the programming language used is fundamenta in
interpreting models built on the number of lines of code.

5.5.2. Ordinal Scale.

A scale is an ordinal one if it divides the set of entities into categories that are
ordered. For instance, an ordina scale is the one that divides programs into small,
medium, and large ones. The difference with the nominal scale is therefore that we
have an additional piece of information, i.e., we know how to order the values of the
measure. The set of admissible transformations is the set of strictly monotonic
functions, i.e., those functions that preserve the ordering among the values of the
measure, since we do not want to lose this piece of information. These functions are a
subset of the one-to-one transformations, which are admissible for nominal scales. For
instance, we can use the values a, b, and ¢ with the usual aphabetical ordering instead
of small, medium, and large. We might as well use the values 1, 2, and 3, with the
usual, trivial ordering of integers. However, these values must then be used with
caution. Unlike in the nominal case, we can compare these values, but we till cannot
use them for arithmetic operations. For instance it would make no sense to sum the
values 1 and 1 to obtain 2 and claim that 2 isthe value of the size of aprogram segment
obtained by putting together the two program segments whose values are 1 and 1. (Just
imagine summing 3 and 3: the result would not even be defined.)

5.5.3. Interval Scale.

In an interval scale, the distance between two values is the basis for meaningful
statements. For instance, it makes sense to say that the distance in time between the
start of a software project and its completion is three times as much as the distance
between the start and the end of the implementation phase. This statement makes sense
regardless of the origin of time we adopt (e.g., foundation of Rome, first Olympic
games) and the unit used (e.g., seconds, hours). The set of admissible transformationsis
a subset of the monotonic functions that are admissible for ordinal scales, the set of



functions of the kind m'=am+b, where b is any number (i.e., we can change the
origin of the measure) and a >0 (i.e., we can change the unit of the measure). Thus,
not only can we order these distances, but we can establish truly numerical relations on
them that are meaningful. What we cannot do is establish numerical statements of the
same kind on the values of the measures. For instance, it does not make sense to say
that the time at which a software project ended was twice as much as the time the
project started. However, it makes sense to subtract values of aninterval measure.

5.5.4. Ratio Scale.

A ratio scale allows the definition of meaningful statements of the kind ““twice as
much" on the single values of the measure. For instance one can say that a program
segment is twice as long as another program segment. In this case, we can no longer
choosethereference origin arbitrarily, asin the interval scale case. Thereferenceorigin
isfixed, and itsvalueis 0. On the other hand, we may change the unit without changing
the meaningfulness of statements. For instance, when measuring the volume of objects,
we can use liters, centiliters, gallons, etc. The truth value of a statement that says that
the volume of an object is twice as much as the volume of another object does not
change depending on the unit adopted. The set of admissible transformations is
therefore a subset of the set of admissible transformations for the interval case, as the
origin is now fixed. The set of admissible transformations is of the kind m'=am,
where a >0, since we can only change the unit of the measure. It makes sense to add
and subtract ratio measures, and to multiply and divide them by constants.

5.5.5. Absolute Scale.

Absolute scales are the most informative ones, but they are aso seldom used in
practice. For instance, consider the attribute ““number of lines of code" of a program
segment. (This attribute is not the same as size, since we may want to measure size
through different measures.) There is only one possible measure for this attribute, i.e.,
LOC, so thereis only one admissible transformation, i.e., the identity transformation.
Therefore, the set of admissible transformation, m'=m, is a subset of the admissible
transformations for ratio measures.

5.5.6. Scale Typesand Statistics

The above classification of scales has a very important impact on their practical
use, in particular on the statistical techniques and indices that can be used. For instance,
as an indicator of ““central tendency" of a distribution of values, we can use the
following different statistics, depending on the measurement level of the scale. For
nominal scales, we can use the maode, i.e., the most frequent value of the distribution.
(Severa modes may exist.) For ordinal scales, we can use the median, i.e., the value
such that not more than 50% of the values of the distribution are less than the median
and not more than 50% of the values of the distribution are greater than the median. In
addition, we can still use the mode. (There may be one or two—adjacent—medians.)



For interval scales, in addition to the median and the mode, we can use the arithmetic
mean. For ratio and absolute scales, in addition to the arithmetic mean, the median, and
the mode, we can use the geometric mean. Therefore, the higher the level of
measurement of a scale, the richer the set of indicators of central tendency. More
importantly, the higher the level of measurement, the more powerful the statistical
techniques that can be used, for instance, for ascertaining the presence of statistical
rel ationships between measures [7]. In particular, parametric statistical techniques may
be used only with interval, ratio, and absolute scales, while only nonparametric
statistical technigques may be used with nominal and ordinal scales. Without going into
the details of these two kinds of statistical techniques, we can say that parametric
dtatistical techniques may use additional information than nonparametric ones,
specifically information about the distance between values that is available in interval,
ratio, and absolute scales, but that cannot be derived in ordinal or nominal scales. Thus,
fewer data are needed to reach a statistically-based conclusion with parametric
techniques than nonparametric ones.

Table 1. Scaletypesand their properties.

ScaleType Admissible Examples Indicators of Centra
Transformations Tendency
Nominal Bijections Name of programming | Mode
language (attribute:
““programming language")
Ordinal Monotonically A ranking of fallures (as a| Mode + Median
increasing measure of failure severity)
Interval Positive linear Beginning date, End date of | Mode + Median +
activities (asmeasures of time) | Arithmetic Mean
Retio Proportionality LOC (asameasurefor program | Mode + Median +
size) Arithmetic Mean +
Geometric Mean
Absolute Identity LOC (as a measure of the | Mode + Median +
attribute ““number of lines of | Arithmetic Mean +
code") GeometricMean

5.6. Objective vs. subjective measures.

A distinction is sometimes made between ““objective" and ““subjective’ measures.
The distinction is based on the way measures are defined and collected. Objective
measures are defined in a totally unambiguous way and may be collected through
automated tools, while subj ective measures may |eave some room for interpretation and
may require human intervention. For instance, ranking afailure as catastrophic, severe,
non-critical, or cosmetic may be done based on human judgment. As a consequence,
subjective measures are believed to be of lower quality than objective ones. However,
there are a number of cases in which objective measures cannot be collected, so
subjective measures are the only way to collect pieces of information that may be
important and useful. Efforts must be made to keep the discrepancies among the values




that are provided by different people as small as possible. Guidelines can be provided

for limiting the amount of variability in the values that different people can give to a
measure. As an example, the definition of values for an ordinal measure should be
accompanied by an explanation of what those values really mean. So, if we have asize

measure with values, small, medium, and large, we need to explain what we mean by

each of the three values. Otherwise, different people with different intuitions may

providetotally different values when ranking a program according to that measure.

6. Property-based Approaches

Representational Measurement Theory is not the only way the properties of the
measures for software attributes have been modeled. In recent years, afew studies have
proposed to describe the characteristics of the measures for software attributes via
mathematical properties, in the same way as other concepts have been described in the
past (e.g., distance). Based on an abstract description of a software artifact, each
atribute is associated with a set of propertiesthat its measure should satisfy. A few sets
of properties have been defined [8, 9], which address single software attributes, e.g.,
complexity, or general properties for software measures [10]. Here, we summarize the
proposal of [11] because it addresses several different software product attributes. The
proposal is based on a graph-theoretic model of a software artifact, which is seen asa
set of elements linked by relationships. Theideaisto characterize the propertiesfor the
measures of a given software attribute via a set of mathematical properties, based on
this graph-theoretic model. We describe the basic concepts of the approach and the sets
of propertiesfor the measures of four internal software attributes of interest.

System, Module, and Modular System. A software artifact is modeled by a graph
S=(E.R), caled system, where the elements of a software artifact are modeled by

the nodes, and the relationships by the edges. Thesubgraph that representsthe elements
and relationships of aportion of the artifact is called amodule. So, m :(Em, Rn> isa
module of Sif and only if E_ I E, R 1 E,” E,,and R I R. A module is
connected to the rest of the system by external relationships, whose set is defined as
OuterRm) = {(el,ez) (&1 E,Ue,i E,)U(gT E,Ue1 E,)}. A modular
system is one where all the elements of the system have been partitioned into different

modules. Therefore, the modules of amodular system do not share elements, but there
may be rel ationships across modul es.

Figure 2 shows a modular system with three modulesm,, m,, m,.



Fig. 2. A modular system.

Because of its generality, this graph-based model may be applied to several
different kinds of software artifacts, including specifications, designs, code, etc. For
instance, when modeling software code, elements may represent statements,
relationshipstransfers of control from one statement to another, and modules functions.

A few additional definitions of operations and properties of modules have been

defined, asfollows (M, =(Ey,Ry), M, =(Ey Ry ), and m=(E,.R,)).

- Inclusion. Module m, is included m, (notation m, i m,) if and only if
E,l E,adR I R .

- Union. Module m isthe union of modules m, and m, (notation m=m, Em,)
ifandonlyif E=E_EE _,and R=R_ER ..

- Intersection. Module m is the intersection of modules m and m, (notation
m=m Cm,)ifandonlyif E=E CE ,andR=R_ CR.,.

- Empty module. Module m (notation m=/A4) is empty if and only if
m= (ﬁEA:;) . The empty moduleisthe “"null" element of thissmall algebra.

- Digoint modules. Modulesm, and m, aredigjointif andonly if m, ¢ m, = A.

We describethe properties for theinternal attributes size, complexity, cohesion and
coupling. Size and complexity may be defined for entire systems or modules of entire
systems. Cohesion and coupling may be defined for entire modular systems or modules
in a modular system. For simplicity, we only show the properties for the measures of
cohesion and coupling of modules, and not of entire modular systems.

Sze. The basic idea is that size depends on the elements of the system. A measure
Sze(S) of thesizeof asystem S=(E,R) is

* non-negative: S'ze(S)3 0



- null if Eisempty: E=/EP SizdS)=0
- equal to the sum of the sizes of any two of its modules m, =(E,,Ry),

m, =(E,,,R,) such that {E,,E,} is a pattion of E:
E=E,EE,,UE,CE,, =/&P SzdS)=Sze(m )+Sze(m,)

Complexity. Complexity depends on the relationships between elements. A measure
Complexity(S) of the complexity of asystem S=<E, R > is

- non-negative: Complexity(S)3 0

- null if Risempty: R= /&P Complexity(S):O

- not less than the sum of the complexities of any two of its modules
m =(Eq,Ry). M =(E,,R,) without common relationships:
R.,CR,,=/A&P Compl exity(S)? Complexity(ml)+ Complexity(mz)

- equal to the sum of the complexities of two digoint modules:
m Cm,=/&P Complexity(S) = Compl exity(ml)+CompI exity(mz)

Cohesion. Cohesion is based on the interna relationships of modules. A measure
Cohesior(m) of the cohesion of amodule m=(E,,,R,,) of amodular systemis

- non-negative and with an upper bound: 0 £ Cohesi on(m) £ Max

- nulif R, isempty: R = /P Cohesion(m)=0

- non-decreasing if relationships are added to the set of relationships of a module:
given two modules m =(E,,Ry), m =(E.R,), we have
R I R,p Cohesion(m )£ Cohesion(m,)

- non-increasing if two modules that are not linked by any relationships are
grouped in a single module:
Outer R(ml) C OuterR(mz) =/EP Cohesi on(m1 E m2)£ Cohesi or(ml) +Cohesion(m2)

Coupling. Coupling depends on the relationships that link a module to the rest of the
system. A measure Coupling(m) of the coupling of a module m :<Em,Rn> of a
modular systemis

- non-negative: Coupling(m)3 0

- null if OuterR(m) isempty: OuterR(m) =&EDb Coupling(m) =0

- non-decreasing if relationships are added to the set of external relationships of a
module: OuterR(m,) i OuterR(m,)P Couplingm, ) £ Coupling(m, )



- not less than the sum of the couplings of any two of its modules
M, =(En, Ru), M, =(En, Re)
Coupling(m1 E mz) £ Coupling(ml) +Coup|ing(m2)

- equal to the sum of the couplings of two modules that are not linked by any
relationships:

OuterRm )G OuterRm,) = &b Couplindm, E m,) = Couplindm, ) + Couplindm,)

Sets of properties such asthe one described above may be used to

- model intuition about the properties that measuresfor an attribute should possess

- show similarities and differences among the measuresfor different attributes

- check whether a given measure is consistent with intuition: if a measure satisfies
the set of properties for an attribute does not imply that that measure is valid for
the attribute it purports to measure, but as supporting evidence. On the other
hand, if a measure does not satisfy the set of properties for the attribute it
purports to measure, then it is not ameasure for that attribute.

7. Measuresfor Internal Product Attributes

Many software measures have been defined over the last few years, mainly for
programs. There are two reasons for this. Programs are the main products of software
development, so they are always built during software development. The other artifacts
may not always exist or they may not be explicitly and completely recorded. The
second reason is that software code is a totaly forma artifact, so it can be
automatically processed to extract measures. |nstead, the other software artifacts (e.g.,
requirements, specifications, etc.) are seldom fully formal, so they cannot usualy be
processed as easily in an automated way. In addition, human intervention may be
required, so the measures obtained are more subjective than those for software code.
Nevertheless, measures for artifacts other than software code exist, since measurement
should be used in all phases of the software process, especialy in the early ones, which
are believed to have the biggest influence on the entire software process.

In what follows, we concisely describe a number of measures that have been
defined for different software artifacts to measure a number of software attributes.
Before proceeding, it is necessary to say that these measure have been seldom defined
according to the concepts of Measurement Theory or the property-based approaches.
This makestheir adherence to intuition questionable in some cases.

7.1. Regquirements

Measures for the early development phases would be the most useful ones, since
the early phases and the artifacts they produce are believed to have the largest impact
on the entire software development process and the final product. However, few



measures have been defined for the artifacts produced during the early phases. One of
the reasons is that these artifacts are hardly ever formal in nature, and, therefore, it is
hardly ever possible to analyze them in an automated fashion. Nevertheless, due to the
need for early measures, measuresfor requirements have been defined.

7.1.1. Requirements Count

A widely used measure isrequirements count, which isintended to measurethe size
of a software application. As such, it can be used to come up with at least a rough
estimate of the size of the final product and, more importantly, time and effort required
for developing the software product. This latter estimation may be carried out through
mathematical estimation models (e.g., based on the average productivity in previous
projects, interpreted, for instance, as the average time required for coding a
requirement), or based on personal experience. The variationsin the requirementscount
over time has aso been used to quantify the volatility of requirements, which is a
frequent phenomenon inindustrial software development. Good definition and practical
application of requirements count require that al requirements be of the “same size,"
i.e., there shouldn't be requirements with intuitively different sizes, or, alternatively,
requirementswith intuitively different sizes should be given different ““weights."

7.1.2. Function Points

Another measure has emerged over the years and is commonly used: Function
Points. The aim of Function Points (FP) [12] is to measure software functionality. On
an intuitive level, the more functionality in a program, the higher the number of
Function Points. The attribute ~“functionality," however, is quite elusive, so Function
Points have been often taken as an operational definition of a measure for
functiondity, without much formal consideration on the intrinsic characteristics of the
functionality attribute.

Function Points abstract from the specific languages used to specify, design, and
implement a software system, so they are not ameasure of the size of the final product.
Due to the informal nature of requirements, Function Points are a subjective measure.
Function Points are now used for several purposes, including contracts and pricing.

The computation of FPis carried out in two steps. First, Unadjusted Function Points
(UFP) are computed. Second, a correction factor, Technical Correction Factor (TCF), is
computed. The value of FPisthe product FP = UFP XTCF .

Unadjusted Function Points are computed based on element types belonging to the
five categories below, which are used to summarize the input/output behavior of the
software system and the internally handled data:

- externa input types: each unique (different format or different processing logic)
user data or control input type that enters the external boundary of the application
and addsor changesdatain alogical interna file type (include transactions from
other applications);



- external output types: each unique user data or control output type that leavesthe
external boundary of the application (include reports and messages to the user or
to other applications);

- logical internal file types: each major logical (from the viewpoint of the user)
group of user data or control information that is generated, used, maintained by
the application;

- externd interface file types: files (mgor logical group of user data or control
information) passed or shared between applications (outgoing externa interface
filetypes are aso counted as logical internd file types);

- externd inquiry types: each unique input/output combination, where an input
causes and generatesan immediate output (theinput datais entered only to direct
the search and no update of logical internal file type occurs).

Each element type of the software system (e.g., each different external inquiry type)
isranked on athree-valued complexity scale with values low, medium, high. A weight
W, ; isassociated with each element type i and complexity value j. Table 2 shows the
values, which were determined by ““trial and error." Each element type therefore
contributes to UFP according to its weight, so the value of UFP is obtained by
summing al the products given by the number of elements types of kind i and

complexity j timesW,

UFP = § & #ElementTypes, ,\W,;

i11.5)11.3

Table2. Weights for the computation of Unadjusted Function Points.

Complexity Low Average High
Function Types
External inputs 3 4 6
External outputs 4 5 7
Internal logical files 7 10 15
External interfacefiles 5 7 10
External inquiries 3 6

The value of UFP is multiplied by a correction factor called Technical Complexity
Factor (TCF), which accounts for 14 different General System Characteristics GSC, of

the software system: data recovery and back-up, data communication, distributed
processing, performance issues, heavily used configuration, advanced data entry and
lookup, online data entry, online update of master files, complex functionality, internal
processing complexity, reusability, installation ease, multiple sites, modifiability. These
characteristics are ranked according to their degree of influence DegGSC, from



“"None" to "Essentia" and are accordingly associated with avaluein the 0 — 5 range.
Thevalue of TCFisobtained asfollows:

[}
TCF = 0.65+0.01 g DeyGSC,

ki 1.14

The idea is that the impact of each GSC, on FP has a 5% range, the sum of the
DegGSC, 'sismultiplied by 0.01 (i.e., 1%). In addition, if the influence of al GSC, 's

israted as " Essential” thevalue of 0.01 é DegGSC, is0.7. At the other extreme, if

ki1.14
al theinfluenceof all GSC, 'sisrated as "None" the value of 0.01 é DegGSsC, is
ki 1.14
0. Therefore, there is a 70% oscillation interval, which explains the number 0.65 in the
formulafor TCF, since TCF variesin the [0.65,1.35] range.

Function Points are therefore computed based on subjective considerations. The
extent of the discrepancies in the counting of Function Points by different people has
been studied in afew works (e.g., [13]). At any rate, the International Function Points
Users Group (IFPUG), an international organization with local chapters, periodically
provides and refines existing guidelines to reduce the extent of subjectivity.

Severa variants of Function Points have been defined. Among them, Feature Points
[14] introduce Algorithmic Complexity as an additional element type and modify some
values of the original complexity weights. Mark Il Function Points [15] simplify the set
of element types. A system is viewed as a set of " transaction types," composed of
input, processing, and output, used to compute the Unadjusted Function Points are.
Then, Mark Il Function Points are computed by multiplying the Unadjusted Function
Points by a correction factor which takes into account 19 General System
Characteristics.

The original justifications of Function Points were founded on Halstead's Software
Science (see Section 7.4.2). Over the years, Function Points have been used as a
measure of severa attributes [16], including, size, productivity, complexity,
functionality, user deliverables, overal behavior, or as a dimensionless number.
Despite these theoretical problems, Function Points are widely spread and used asa de
facto standard.

7.2. Specifications

Few measures exist for the attributes of software specifications. However, it would
be important to have an early quantitative evaluation of the attributes of a software
specification, since the early phases and artifacts are commonly believed to be the most
influentia ones during software development. The lack of measures for specifications
is mainly due to the fact that specifications are usually written in plain text, so it is
difficult to build “"objective" measures that can be computed automatically. Measures



have been defined for formal or semi-formal specifications, since the measures can be
defined in an “objective’ way (i.e, no subjective assessments are required) and
computations can be automated. As an example, apreliminary study was carried out on
software specifications written in TRIO+ [17], a formal object-oriented specification
language. Another application of software measurement to specificationsisin[18].

7.3. Designs

A few measures have been defined for high-level and low-level design.

7.3.1. High-level Design Measures

In [19], measures have been defined for cohesion and coupling of the high-level
design of an object-based system, which differs from a full-fledged object oriented
system because objects are instances of typesthat are exported by modules, i.e., thereis
no real syntactic concept of class, and inheritance is not allowed.

At the high-level design stage, only the interfaces of modules of the system
(functionstypes, variables, and constants defined in the modul e interfaces) are known.

The measures are based on two kinds of interactions, which may relate datato data
or data to functions. There is an interaction between two data (DD-interaction) if one
appears in the definition of the other (e.g., atype appears in the definition of another
type, variable, constant, or function parameter). Thereis an interaction between apiece
of data and a function as a whole (DF-interaction) if the piece of data appears in the
definition of the function (e.g., atype appears as the type returned by the function or as
the type of a parameter). The notions of interaction are also transitive, so, for instance,
data A and C aso interact if A interacts with athird piece of data B that interacts with
C. Some interactions contribute to cohesion, other to coupling. The interactions
between data and functions of a module and the interactions between data of a module
(excluding the parameters of functions) are considered cohesive. The interactions
between data of a module and data of other modules are believed to contribute to
coupling. More specifically, some interactions contribute to import coupling of a
modul e (those in which data from some other module appears in the data definitions of
amodule) and othersto export coupling (those in which data from the module appear in
the data definitions of some other module).

Among the measures defined for cohesion, the Ratio of Cohesive Interactionsisthe
ratio of cohesive interactions existing in a module to the maximum number possible of
cohesive interactions for that module, based on its data. Among the coupling measures,
Import Coupling is the number of interactionsthat link data from other modulesto data
in amodule. These measures are consistent with the properties shown in Section 6 for
cohesion and coupling measures. In addition, it was shown that they could be used asa
part of modelsfor fault-proneness of the final software.

Among recent developments, measures have been proposed for object-oriented
systems [ 20, 21], some of which may be applied to software designs and software code.
The measures defined in [20] are explained in more detail in Section 7.4.4.



7.3.2. Low-level design measures

Based on the modularization of high-level design, low level design takes care of the
designing the parts of the single modules. Information Flow Complexity [22] is
probably the best-known measure for low-level design. The measure is based on the
communication flows to and from afunction. The input parameters and the global data
structures from which the function retrieves information are caled the fan-in. The
output parameters and the global data structures that the function updates are called the
fan-out. Information Flow Complexity is defined asfollows:

Informati mFlowComplexity = lengthx{ fanl nxfanOut)’

where length is a suitable size measure, and fanln and fanOut are the number of
parameters and data of the fan-in and fan-out, respectively.

7.4. Code

A very large number of measures have been defined for software code. Here, we
report on some of the best-known and widely used ones.

7.4.1. Lines of Code

The number of Lines of Code (abbreviated as LOC) is the oldest and most widely
used measure of size. It is commonly used to give an indication about the size of a
program and in several models for the prediction of effort, fault-proneness, etc. The
success of LOC is due to the fact that it is easy to understand and to measure. A few
variations exist, though. For instance, one needs to decide whether to count only
executable lines, as was done when LOC was first introduced, or declaration lines as
well. Also, one needs to decide whether comment lines and blank lines should be
counted. However, in the vast majority of cases, there isavery high linear correlation
between the values of LOC obtained with or without comment and blank lines.
Therefore, the predictive power is not really affected by these decisions. Nevertheless,
it is sensible, in a specified development environment, to define a consistent
mechanism for counting LOC, so the measures collected are comparable.

7.4.2. Halstead's Software Science

Halstead's Software Science [23] was an attempt to build a comprehensive theory
for defining measures for several attributes of software code. The ideawasto identify a
set of basic elements of programs and measure them to build measures for a number of
attributes of software code. Software Science arguesthat aprogram is composed of two
basic types of elements, i.e.,, operators and operands. Operands are variables and
constants. Operators are symbols or combinations of symbols that affect the values of
operands. The basic measures computed on a program, on top of which Software
Science was built, are:



- hy : the number of distinct operators that appear in the program

- h, : the number of distinct operands that appeear in the program
N, : the total number of occurrences of operatorsin the program
N, : the total number of occurrences of operandsin the program

. h;: the number of conceptua input/output operands of in the program, i.e., the

input and output parameters that would be needed if the program was represented
asafunction

Therefore, the main assumption of Software Science isthat all measures for severa
attributes can be obtained based on these five measures. Through considerations
deriving from a number of sources, including Information Theory and
Thermodynamics, anumber of measures are defined, asfollows.

Program Length. A program is made only of operators and operands, so its length is
given by thetotal number of occurrences of operatorsand operands, N = N, + N, .

Length Estimator. Program length is known only upon program completion. However,
it is useful to know or estimate the length of a program at the beginning of coding for
prediction purposes, for instance to estimate the effort needed. Under the assumption
that the number of distinct operators and operands of aprogram can be estimated early
during coding, an estimator of length isderivedas N =h, log,h, +h, log,h,.
Volume. The volume of a program is the number of bits needed to represent it, so it is
another measure of size. It is computed asV = N Iogz(hl +h, ) .

Potential Volume. This is the minimal number of bits required to represent a program,
which would be attained if the function implemented by the program was aready
available. In that case, it is argued that the number of operators would be two (the name
of the function and a mechanism to group the function's parameters), the number of
operandswould be h; , and each operator and operand would appear only once, so the

potential volumeisV"™ = (2 +h;)logz(2 +h;).

Program Level. The level of the program (L) is an indicator of how close aprogramis
toits potential volume, so L =V/V" .

Estimator of Program Level. Since the vaue of h; may be difficult to compute, the

following estimator isintroduced for L: L = %, /(h,N,).

Effort. Effort is measured as the number of elementary discriminations (of the kind
yes/no) that a programmer must make to write a program. It is argued that this number

is E=V2/V" =V/L. Since L may be difficult to obtain, due to the fact that it is
computed based onhy, L may be used in the formula.



Time. The time (in seconds) needed to write a program is given by the number of
elementary discriminations divided by the number of elementary discriminationsthat a
programmer makes every second, assumed to be 18, so T = E/18.

The example in Figure 3 (in a Pascal-like language) shows how the computations
arecarried out.

Operators Occurrencies Operands Occurrencies
begi n begin ...end 2 max 4
max: =0; - 2 2
read(x); 5 X 5
whil e x<>0 do r ead 2
begi n
. () 3
Hhoxemax while ...do 1
t hen max: =x;
d(x) = L
' ea if ..then 1
end; 1
>
wite(nmax); -
wite 1
end;
h;:2(xandrrax) h, =10 N, =19 h,=3 N, =11

N=30,N=38,V=112,V =11.61,L = 0.1037 ,L = 0.0545 , E =1568 ,
T=87.1
Fig. 3. Example of computationsfor Halstead's Software Science.

Halstead's Software Science's theoretical foundations and derivations of measures
are somewhat shaky, and it isfair to say that not all of the above measures have been
widely used in practice. However, due to their popularity and the availability of
automated tools for computing them, some of the above measures are being used. Asan
example, a value V £ 4000 would be considered desirable for maintainability
purposes in some environments.

7.4.3. Cyclomatic Complexity

The Cyclomatic Complexity [24] of a program is a measure for the complexity of the
control flow graph of the program. The basic assumption is that the higher the number
of pathsin a program, the higher its control flow complexity. Since the number of paths
in a control flow graph is infinite if the program has at least one loop, Cyclomatic
Complexity only counts the so-called base paths, i.e., those paths from the start point to
the end point of a program whose linear combinations provide all the paths in the
program. Based on graph theory results, the number of base paths in a program is
computed asv(G) =e- n+2,wheree and n are the number of edges and nodes in



the control flow graph, respectively. If a program has one main routine and (p - 1)
subroutines, the val ue of v(G) is computed asv(G) =e- n+2p.

It is not necessary to build the control flow graph of a program to compute its
Cyclomatic Complexity. Mills theorem shows that v(G)=d + p, where d is the

number of decision pointsin the program including its subroutines (an n-way decision
point is countedn-1).

Figure 4 contains the control flow graph for the software code in Figure 3, for
which v(G)=7- 6+2=3.

Fig. 4. Control flow graph for the program of Figure 3.

“Rules of thumb" are sometimes used to curb the control flow complexity of
software modules. In different application environments, upper limits ranging between
7 and 15 have been suggested.

7.4.4. Object-oriented measures

Following the success of Object-Oriented techniques, several measures have been
proposed. The measures that have been most widely discussed and accepted are those
defined in [20], which we now concisely describe. Some of these measures can also be
used on object-oriented designs. We also provide arough idea of the median values for
them, based on the systems studied in [20, 25].

- Weighted Methods per Class (WMC). It is the sum of the complexities of the
methods of a class. Any complexity measure can be taken as the one to be used
for the single methods, i.e,, it is not fixed in the definition of the measure. By
assuming each method has a unit weight, median val ues range between 5 and 10.

- Number Of Children of a class (NOC), computed as the number of classes that
directly inherit from a class in the inheritance hierarchy. Median values are
around O.

- Depth of Inheritance Tree (DIT), which is the length of the longest path starting
from the root of the inheritance hierarchy to the terminal classes. Median vaues
range between 0 and 3.

- Coupling Between Object classes (CBO) , which isthe number of classesto which
aclassis coupled, i.e., those classes that use that class or are used by that class.
Median values may range around 5.



- Response For a Class (RFC), defined as the number of methods of a class that
can be executed when a class receives a message. Median values range between
15 and 20.

- Lack of COhesion in Methods (LCOM), computed as the difference between the
number of pairs of methods that do not share class variables (e.g., member data)
and the number of pairs of methods that share class variables, if thisdifferenceis
non-negative, otherwise LCOM is0. Median values range between 0 and 1.

Although their theoretical vaidation is not fully convincing, the above measures
(except LCOM) have been found generally useful in building models for various
attributes. Many other measures have been defined. A comprehensive setisproposed in
[21]. Surveys can be found in [26, 27].

7.4.5. Functional Cohesion

Three measures for functional cohesion are introduced in [28], based on the data
tokens (i.e., the occurrences of a definition or use of a variable or a constant) that
appear in a procedure, function, or main program. Each data token is on at least one
data dlice, i.e, a sequence of data tokens belonging to those statements that can
influence the statement in which the data token appears, or can be influenced by that
statement. Those data tokens that belong to more than one data slice are called glue
tokens and those that belong to all data slices are called super-glue tokens Given a
procedure, function, or main program p, the following measures SFC(p) (Strong
Functional Cohesion), WFC(p) (Weak Functional Cohesion), and A(p) (adhesiveness)
areintroduced for all the data dlicesthat refer to the results of the computations

_ #SuperGlueTokens \NFC( )_ #GlueTokens

# All Tokens P # All Tokens
0
a # 9icesContainingGlueTokenGT

A( p) — GTI GlueTokens
# All Tokenst DataSices

sFc(p)

It can be shown that SFC(p) £ A(p) £ WFC(p), so the measures for cohesion
define a range with lower bound SFC(p) and upper bound VVFC(p) and ““centra
value" A(p). Asan example, consider the function in Figure 5, which computes the
minimum and the maximum values of a series of n integer numbers (with n 3 1). The
procedure computes two outputs (min and max), so we are interested in the data dlices
for those two outputs. For each datatoken in the procedure, the tablein Figure 5 shows
the occurrence number and whether it belongs to the min or the max data dlice (YES or
NO in the corresponding column). There are two data dlices, so all gluetokensare also

super-glue ones and the vaues for the three cohesion measures coincide, i.e.,
SFC(p) = A(p) =WFC(p) =8/22=0.36.



DataToken | Occurrence | min max
n 1 YES | YES
min 1 YES NO
procedur e ni nmax max 1 NO | YES
(n: integer; i 1 YES | YES
var mn, max: integer); temp 1 YES | YES
var i: integer; temp 2 vES | YES
. tenmp: integer; min 2 YEs | NO
begi n temp 3 YES | NO
read(tenp); max 2 NO | YES
mn: ‘: enp: temp 4 NO | YES
max: =t enp; -
—-enp i 2 YES | YES
for i:=2 to n do
. 2 1 YES | YES
begi n
, n 2 YES | YES
read(tenp);
if tenp<nmin temp 5 YES | YES
then mn: =tenp; ter.np 6 YES | NO
if tenp>max min 3 YES | NO
then max: =tenp min 4 YES | NO
end temp 7 YES | NO
max 3 NO YES
max 4 NO YES
temp 9 NO YES

Fig. 5. Example of computations for cohesion measures.

7.5. Verification

Measures have been defined for the artifacts used during the verification phase.
Among these, the best known ones are coverage measures, which are used during
software testing to assess how thoroughly a program is exercised by a set of test data.
Coverage measures provide the percentage of elements of interest that have been
exercised during software testing. Below, we list afew coverage measures that can be
defined based on agiven program P and agiven set of test data TD.

- Satement coverage (also caled CO coverage), i.e., the percentage of statements
of P that are executed by at least onetestin TD.

- Branch coverage (also called C1 coverage), i.e., the percentage of branchesof P
that are executed by at least onetestin TD.

- Base path coverage, i.e., the percentage of base paths (see Section 7.4.3) of P
that are executed by at least one test in TD. Path coverage measures cannot be



used effectively, since the number of paths of the control flow graph of a non-
trivial program (i.e., one that contains at least one loop) is infinite. Therefore,
base path coverage or other measures are used instead.

- Definition-use path coverage, i.e., the percentage of definition-use paths of P
that are executed by at least onetest in TD. A definition-use path is defined as
the path between the statement in which a variable receives a value and the
statement in which that variable's valueis used.

8. Measuresfor External Product Attributes

Several externa attributes have been studied and quantified through measures.
External attributes are usually attributes of industrial interest, since they are related to
the interaction between software entities and their environment. Examples of these
attributes are reliability, maintainability, and portability. Despite their practical interest,
these attributes are often the least well-understood ones. One of the reasonsis that they
have several facets, i.e., there are several different waysto interpret them.

Reliability is one of the external software attributes that have received the most
attention, because it probably is one of the best-understood one, and the one for which
it is easiest to use for mathematical concepts. Reliability as an attribute has been
studied in severa other fields, including computer hardware. Therefore, avast literature
was available when software reliability studies began and an accepted definition of
reliability was available. For software engineering applications, reliability may be
defined as the probability that a specified program behaves correctly in a specified
environment in a specified period of time. As such, reliability depends on the
environment in which the program is used. For instance, it is to be expected that a
program'sreliability is different during testing than it is during operational use. Thereis
an important difference between software and other traditional fields in which
reliability has been studied. Software does not wear out, as does hardware, for instance.
Thus, software reliability studies have devised new reliability models that can be used
in the software field. Most of these models [29] provide an estimate of reliability based
onthetime series of thefailures, i.e., the the times at which failures have occurred.

Another important product attribute is the detectability of faults in a software
artifact. It is an externa attribute in that it depends on the environment (e.g.,
techniques) and the time span in which the software artifact is examined. Therefore, it
is not to be confused with the presence of faults in a software artifact. Faults may be
detected in al software artifacts, and the nature of the specific artifact at hand
influencesthe type of methods used to uncover faults. For instance, testing may be used
to uncover faults on formal artifacts, such as programs, but executable specifications as
well. As another example, inspections may be used with most sorts of artifacts. The
simplest measure of the detectability of faults is the number of faults uncovered in a
software artifact. This number may provide an idea of the quality of the artifact.
However, it isusually useful to identify different categories of faults, which can be for
instance classified according to their criticality from the user's viewpoint or the



software developers viewpoint. A problem may be the definition itself of a fault. For
instance, suppose that a variable is used in severa points of a program instead of
another one. Does the program contain one fault or is every occurrence of the incorrect
variable to be considered a single fault? Unambiguous guidelines should be provided
and consistently applied to prevent these problems. A related attribute is the
detectability of software failuresin software products.

9. Measuresfor ProcessAttributes

A number of process attributes are well understood, because they are closer to
intuition than product attributes. For instance, these attributes include development
effort, cost, and time. Process attributes often have an industria interest. Building
measures for these attributes is not a problem, as long as some consistent criterion is
used, so measures are reliable and comparabl e across projects or environments. Process
attributes are also used for tracking software project progress and checking whether
there are problems with its schedule and resources. A number of derived attributes are
of industria attributes. For instance, productivity is a popular attribute and may have
different facets depending on the process phase in which it is applied. As an example,
in the coding phase, one may interpret productivity in terms of the amount of product
or functionality delivered per unit time; in the verification phase productivity may be
interpreted in terms of the failures caused per unit time. These derived attributes may
pose a definition problem. For instance, measuring coding productivity as the number
of lines of code produced in the unit time may unjustly reward long programs. A more
genera problem that involves many process attributes is prediction, i.e., managing to
link their measures with measures for internal product and process attributes, especialy
those that are available in the early development phases. Examples on how measures
for process attributes may be used are shown in Section 10.3.

Software process measurement is an important part of improvement and maturity
assessment frameworks. An example of improvement framework is the QIP, as briefly
mentioned in Section 2. Several maturity assessment framework exist, among which
the Capability Maturity Modd (CMM) [30] is probably the best known one. The CMM
defines five maturity levels at which a software organization may be classified. At each
level, the CMM defines a number of Key Problem Areas KPAS), i.e., issues that a
software organization needs to address to progress up to the next maturity level.
Process measurement is one of the KPAs addressed at the CMM level 3 (Defined
Level), so the software organization may reach the CMM level 4 (Managed Level). The
reader may refer to [31] for further information on software process measurement.

10.Practical Application of Measurement

There are severa important aspects in the practical application of measurement, all of
which derive from the fact that measurement should be seen as an activity that provides
value added to the devel opment process.



10.1. Experimental Design

The measurement goals also determine the specific ~experimental design” to be
used. We have put ~“experimental design” in quotes, because that is the term used by
the scientific literature, but application of software measurement does not necessarily
entail carrying out a full-fledged scientific experiment, i.e., one where hypotheses are
confirmed or disconfirmed. What we mean here is that the measures to be defined, the
data to be collected, and the results that can be expected should be clearly specified,
and that a suitable measurement process should be put in place. At any rate, it isnot the
goa of this paper to describe the various experimental designs that can be used in
software measurement even when one wants to carry out a real scientific experiment.
We simply want to highlight that it isimportant to identify an experimental design that
is consistent with the defined goals and the expected results. This might seem obvious,
but problems sometimes have arisen in the scientific literature and practical
applications for a variety of reasons, e.g., the measures were not the right ones for the
quantification of the attributes, the specific experimental design could not lead to the
stated conclusions, other reasons could be found for the results obtained, hidden
assumptions were present, etc.

10.2. Data Collection

Data collection is not atrivia part of software measurement, and may well take a
large amount of time and effort. Therefore, data collection should be designed and
planned carefully. Based on the measures that have been defined, data collection
requiresthe identification of

- dl the points of the process at which data can and should be collected

- theartifactsthat need to be analyzed

- who isresponsiblefor collecting data

- who should providedata

- the ways in which data can/should be collected (e.g., via questionnaires,
interviews, automated tools, manual inspection)

Data collection should be aslittleinvasive aspossible, i.e., it should not perturb the
software development process and distract developers from their primary goals.
Therefore, al activitiesthat can be automated should be automated indeed. This can be
done by building automated analyzers for software code, to obtain data for the
measures of internal software attributes.

Moreimportantly, the collection of datathat involves human intervention should be
automated to the extent possible. For instance, electronic data forms should be used to
collect project data from the software devel opers and managers, instead of other kinds
of data collection. These forms should be

- complete but conciseg, i.e., ask for only for the information that is necessary to
collect from developers and managers so that they should not use much time
filling the forms out



- clear, i.e, the meaning of the information that is required should be
straightforward to developers and managers, so they can provide accurate and
precise answersin littletime

Automated collection has also the positive effect of feeding the data directly into
the database that contains the values, so they can be used for interpretation and
analysis.

Data collection should be timely. Sometimes, data are reconstructed a posteriori.
Though this procedure may provide useful pieces of information, there is a danger that
these dataare not reliable.

Not all the collected data can be used. Some data may be incomplete (e.g., some
important pieces of information are missing), inconsistent (e.g., they conflict with each
other), or incorrect (e.g., some values may be out of the admissible range). Before the
dataanalysis, al these data should be removed from the database and lessons should be
learned to prevent—to the extent possible—the reoccurrence of such problems.

10.3. Data Analysis

Dataanalysis can be used to carry out the so-called empirical validation of software
measures, i.e., show that a measure is useful towards some parameter of industria
interest (as opposed to the so-called theoretical validation of measures as described in
Sections 5 and 6, which entails providing sufficient evidence that a measure really
quantifies the attribute it purports to measure). Thisis obtained through the building of
models, based on anumber of techniques.

It would be well beyond the scope of this article to provide athorough examination
of the techniques that can be used to analyze software measurement data, since a vast
literature is available about data analysis. At any rate, we would like to point out that,
beside well-known and well-established statistical techniques such as linear regression
or principal component analysis [32], there are a number of other techniques that have
been used for data analysis in software engineering measurement. However, it is
necessary to point out a few problems of statistica analyses (e.g., see [33]). For
instance, the existence of a statistical correlation between two variables does not show
the existence of causal relation between them. In addition, given a large number of
variables, there is a high likelihood that at least two of them are linked by a statistical
correlation. Therefore, some care should be used in interpreting a statistical correlation
relation between variables.

New statistical techniques have been borrowed from other disciplines. For instance,
Logistic Regression [34] has been used originaly in medicine. In its simplest form,
Logistic Regression estimates the probability that an object belongs to either of two
classes, based on the values of measures of attributes of the object. Based on a
threshold value on the estimated probability, objects are classified as belonging to
either class. For instance, Logistic Regression has been used in software measurement
to predict whether a software module is faulty based on the values of measures
collected onthe module.



M achine-learning based techniques have been borrowed from artificial intelligence,
e.g., classification trees [35]. Other machine-learning techniques, e.g., Optimized Set
Reduction [36] have been defined in the context of software measurement. These
techniques divide aset of objectsinto subsetsin a stepwise fashion based on the values
of measures for classification purposes. The goal is to obtain subsets that are
homogeneous with respect to the val ues of a measure for some attribute of interest. For
instance, these techniques can be used to predict which modules arefaulty.

Models have been built that relate measures for interna product attributes and
process attributes, on the one side, to measures for external product attributes or
process attributes, on the other side. For instance, models have been defined that relate
anumber of measures such asLOC, v(G), etc., to software fault-proneness, cogt, etc. (a
review can be found in [1]). Among the best known ones, COnstructive COst MOdel
(COCOMO) [37] defines afamily of models that alow for the estimation of software
cost based on LOC and anumber of attributes belonging to four categories, i.e., product
atributes, computer attributes, personnel attributes, and project attributes. The
measures for these attributes are computed in a subjective way. COCOMO has
undergone severa changes over the years, with the new COCOMO 2[38].

At any rate, the derivation and use of sophisticated models may not be justified in
various application cases. For instance, suppose that software measurement isused in a
software project for tracking purposes and the focus is on elapsed time, to check
whether the project is being carried out according to the original schedule. A simple
comparison between the original schedule and the actual one will be probably sufficient
for identifying schedule slippage. Figure 6 shows the comparison between two simple
GANTT diagramsof aproject that isrunning behind its original schedule.

requirements  specification  design coding verification

e | I | N
time

requirements  specification design
ACTUAL i : : =i

time

Fig. 6. Smple GANTT diagrams for a project.

As another example, Figure 7 shows the number of failures (divided according to
their criticality level) found in a series of consecutive basdlines (i.e., intermediate
releases) through which asoftware product goes during coding and testing.
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Fig. 7. Failures per priority per baseline.

The data in Figure 7 may be used during coding and verification to monitor,
evaluate, and control the software process. For instance, Figure 7 shows that the
number of failures decreases in the last baselines, which suggests that the number of
faults in the software is decreasing too. The figure also shows that the number of
highest priority failures is kept under control. More information on the topic may be
found in[39, 40].

10.4. Interpretation and Use of Results

The final goal of measurement in industrial environments is not to validate
measures or build models, but to make the results obtained available to software
practitioners, who can use them in future projects. First, measurement results should be
interpreted by the software developers and managers of the environment(s) in which
the data have been collected. They are the ones that have the necessary knowledge to
understand and explain the phenomena that have been studied through measurement.
Researchers might provide tentative explanations and interpretations, but these can
hardly be conclusive if they are not validated by software practitioners. For instance,
only the knowledge of the software process and the specific project may explain why
there are few failures before baseline 4 in the project whose data are shown in Figure 7
and thereisapeak for basdine 7.

Second, it isimperative to understand how the measurement results are to be used.
It should be clear from the start of a measurement program that measurement will not
be used to judge people, but to help them. If thisis not clear, the measurement program



is doomed to failure, because a measurement program should always be seen as a part
of an improvement process, which entails providing better ways for software
practitioners to carry out their duties. In addition, there is a danger that software
practitioners will not cooperate in data collection or, if they do, provide reliable
information. Thus, the measurement program will be doubly unsuccessful, in that it
provides bad dataand results that are not used to improve software development [39].

10.5. Standards

Standards for software quality have been defined. The best known of these is
probably ISO/IEC 9126 [41], which defines software quality as composed of six
externa attributes of interest, namely, functionality, reliability, efficiency, usability,
maintainability, and portability. In turn, each of these qualities is refined into sub-
atributes. For instance, maintainability is refined into analyzability, modifiability,
stability, and testability. The “weights' of the externa attributes and sub-attributes
may vary according to the product whose quality is under evaluation. The main
problems with this standard and other quality models (e.g., see McCall's quality model
[42]) arethat it isnot clear

- whether the set of attributesis complete

- whether an attribute should be such or it should be a sub-attribute, and whether a
sub-attribute should be an attribute, instead

- what the definitions are for the attributes and their measures (as explained in
Sections 5 and 6).

11.Future Developments

Future work on software measurement will encompass both theoretical and
practica activities. On the theoretical side, studies are needed to better characterize the
relevant attributes to be studied and the properties of their measures. On the application
side, measurement needs to be introduced in traditional development environments and
in new ones, such as web-based applications.
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