Applications of Fuzzy Logic to Software Metric Models for

Development Effort Estimation

Andrew Gra y

Software Metri cs Research Laborator y

Department of Information Science

Universit yof Otago, PO Box 56, Dunedin,

New Zealand

Agra y@commerce.ot ago.ac.nz

Stephen MacDonell

Software Metri cs Research Laborator y

Department of Information Science

Universit yof Otago, PO Box 56, Dunedin,

New Zealand

Stevemac@commerce.otago.ac.nz

Abstract

Software metrics are measurements of the software development process and product that can be used as variables (both dependent and independent) in models for project management. The most common types of these models are those used for predicting the development effort for a software system based on size, complexity, developer characteristics, and other metrics. Despite the financial benefits from developing accurate and usable models, there are a number of problems that have not been overcome using the traditional techniques of formal and linear regression models. These include the nonlinearities and interactions inherent in complex realworld development processes, the lack of stationarity in such processes, over-commitment to precisely specified values, the small quantities of data often available, and the inability to use whatever knowledge is available where exact numerical values are unknown. The use of alternative techniques, especially fuzzy logic, is investigated and some usage recommendations are made.

1. Introduction

In order to effectively develop soft ware in an increasinglyco mpetitive and co mplex environment many organizatio ns are making more and more use of so ftware metrics as part of their project management process.

Software metrics are aspects of software develop ment

(either the so ftware product itself, or the develop ment process producing that product) that can be measured [1].

T hese measurements can then be used as variables (both dependent and independent) in models for predicting or estimating so me aspect(s) of the develop ment process or product that are of interest. Models mayalso be

developed in the same manner and used for classification or control tasks.

T he most co mmo n application of software metrics is to develop models that predict the effort (often measured in person-hours or person-days) that will be required to complete certain stages o f a soft ware system´s develop ment. Generallyspeaking, such models are developed once the users´ requirements have been ascertained and the specifications outlining the systemare completed. It is at this point that mo st traditional software metrics can be derived fro mthe available infor mation.

T hus, the stages in the develop ment life cycle that are modeled are usually the physical design, programming and testing p hases. T here has also been so me work to wards even earlier modeling o f effort based on requirements alone, such as [2].

Such models are of considerable importance to a number of diverse stakeholders, for a wide range of reasons. For the developer, manager, and user of any software product the prediction of project effort requirements is an extremely important activity[3,4].

T he estimate arrived at freq uentlyfor ms the basis for contract negotiations, resource and personnel allocation over the schedule, and charging for the project. It enables the project manager to plan, mo nitor and control the subseq uent develop ment process. It may have r un-on effects for the user, in that their operations maybe planned around the deliver yo f a particular supporting software product. Clearlythen an accurate and robust effort estimation model is desirable fro mall perspectives.

T here are many other applications o f software metric models, such as assessing reusability, predicting maintenance costs, and measuring system reliability. T he remainder of this paper is concerned with predicting develop ment effort, but the results presented here applyin general to other prediction tasks, and classificatio n and control models as well.

2. Software metric models for effort prediction

As an example of the use of software metrics in an effort prediction system, the size of a co mp uter system could be measured in ter ms o f the number of lines o f source code, or the number of screens and reports contained in the specification. Similarly, the co mplexity maybe measured in ter ms of the str ucture of the system, such as call paths or, for object-oriented systems, inheritance hierarchies. Other metrics that may be of interest include the qualityo f developers wor king on the system, as may perhaps be assessed in ter ms o f years of experience, and the types o f develop ment and support tools being used. T hese descriptive measures of the systemand the develop ment process are software metrics.

In the same way, the potential variables o f interest here such as the required developer effort for programming and testing are also so ftware metrics. Such a model is sho wn in Figure 1.

Software

Metri c

Model

Effort

(Person

Hours)

System

Size

Developer

Characteristics

System

Complexity

Figure 1 . Softw are metric model for effort estimation

A so ftware metric model may no w be developed using data that contains so me measures of systemsize and complexity, and developer abilityin order to predict the effort required for various stages o f the develop ment life cycle. T his is a fairly simple example of a model of what is an immenselyco mplex and d ynamic system (the process of developing software). Many other variables could be added, such as the reuse o f previous systems, the demands and requirements for the system (such as maximum response time), the tools available, incentive schemes, the size of the team, and even the leadership style o f the project manager. It should be noted that effort is the sum of developers´ time spent on the project, and is distinct fro mthe duration o f the project.

Such predictive models are usuallydeveloped using linear regression analysis o n available historical data for sufficientlysimilar projects, although there has been increasing use o f other techniques, mo st notablyfuzzy logic models [5], regression trees [6], neural networks [7], and case-based reasoning [8]. A useful summar yof these techniques and their application to so ftware metric modeling can be fo und in [9]. Predictions can then be made for new systemdevelopment projects using the

resulting model as the independent variables are estimated or become kno wn for certain.

3. Difficulties with current models using software metrics

A number of difficulties with the current use of for mal and linear regression models can be identified. So me o f the major problems are discussed belo w.

3.1. Providing exact valuesf or inputs

A major problemthat exists with such models is the difficulty project managers face in specifying the exact values for the metrics used as inp uts. Often they must use values that they anticipate will eventuate, since for many metrics the actual value is never kno wn with certainty until the project is completed. Accurate specification of such independent variables is next to impo ssible for lo wer -level metrics such as source code length. Even higher level metrics such as the number of screens and reports can change greatly during develop ment as the users´ requirements are refined and better understood, or for so me reason simply change. Using such models therefore demands a level o f accuracyin prediction fro m project manager s that is rarelypossible earlyin the project life cycle, the ver ytime that planning is mo st crucial.

3.2. Over commitment

T he outputs fro msuch models are almost al ways crisp values and this o ften leads to overconfidence in both the accuracyand precision of the results. When, for example, the dependent variable is predicted as 7120 developer hours (or even worse as 7121.6 developer hours), there is a risk that this value beco mes sacred. T his can lead to develop ment time being wasted in the event o f an overestimate, and requirements remaining unfulfilled or the project going over schedule to an even greater extent where the effort is underestimated. While confidence intervals can be developed, this is rarelyundertaken, and given the small data sets available, often with skewed distributions, the intervals are often questionable in any event. T he practice of rounding such values can be used, but the more precise values are still generally available, and even rounded values can be taken as accurate even though precision is remo ved.

3.3. The size of data sets

T he next problemto be discussed here is that o f the small data set size that is generally available for developing such models. While a larger organization may develop hundreds of systems in a year, they will often be so heterogeneo us that relatively few can be used for predicting for certain types of systems. In addition, the non-stationarity of the contemporarysoftware develop ment process ensures that new programming languages, develop ment environments, hard ware platfor ms, and methodologies will emer ge on a constant basis, making the available data less relevant. When high qualitydata is available in sufficient q uantities, its proprietarynature generally leads to organizations being reluctant to allo wits disseminatio n.

Manyo f the data sets used for software metrics are collections of projects fro mdifferent organizations, thereb yintroducing additional so urces of variation. Even where a large number of data sets mayhave been collected on sufficientlysimilar systems to per mit a proper model develop ment process, the data is o ften contaminated b youtliers (either through measurement error or unusual systemor project characteristics) and inaccuracies.

T hus the developer of a software metric model is faced with the need to develop, calibrate, and validate a model of an exceptio nally co mplex process witho ut the benefit of large quantities of accurate or representative data.

3.4. Interpretability of models

T he final problemdiscussed here is that o f specifying models in such a waythat they retain so me intuitiveness while including a sufficient subset o f influential independent variables, and their interactio ns, to provide the required level of accuracy. T he intuitiveness o f a software metric model is often vital for it to gain acceptance b yproject managers. In order to provide the necessar ylevel of co mprehensibilitymodels in the past have o ften been linear equations with a small number of independent variables. T hese models usuallyignore the potential non-linearity of the relationship s, the interactions between the independent variables, and the less important, but nonetheless influential, variables that cumulatively maybe capable of explaining considerable variation in the dependent variable.

4. A fuzzy-logic approach to software metrics and models

T he solution that is suggested here to, at least partially, overco me the previo usly mentio ned problems is to use fuzzy logic variables for the metrics and models. In general it is considered that project managers can fairly readilyspecify independent variables in software metrics models using linguistic labels, such as a large number of screens and a low level o f system co mplexity, in the early stages of estimation. It is also considered that such models provide considerable benefits in ter ms o f reducing commitment, making full use o f kno wledge, and improving interpretability. In [5] the bold statement is

made, that not onlyis fuzzy logic useful for effort prediction, but that it is essential in order to improve the qualityo f current estimating models.

4.1. Fuzzy labels as independent variables

Since many of the independent variables in soft ware metric models are either difficult to quantify (for example complexity), or are onlykno wn to a rough degree (such as systemsize), the use of fuzzyvariables seems intuitively appealing. It is our conjecture here that project managers are in fact able to classify systems using fuzzy variables with reaso nable levels of both accuracy and consistency.

While co mplexitycan be defined in an algebraic sense, and in fact it has been defined in a lar ge number of ways in the past, such for mal definitio ns are always to so me extent arbitrary. T he software metrics literature is filled with debates as to the relative merits, and demerits, of various definitions. It is instead suggested here that complexity is a multifaceted concept, but that experienced project manager s wo uld be able to make fairlyconsistent classificatio ns of projects in ter ms of one or a small number of types of co mplexity. T his has the added advantage of reducing the numb er of variables used as inputs into the model. T his point is discussed further later in the paper in ter ms of work in progress.

4.2. Reducing commitment through fuzzy outputs

Particularlyat the ver yearly stages of a software develop ment project, estimating to within one personhour or person-dayis simp lynot realistic. Instead, a fuzzy systemmay be used to transfor mlinguistic labels, or numerical values, indicating systemsize and complexity, personnel experience, and other factors of influence into an equally imprecise (but adequate for its purpose) label indicating predicted effort, for example very high . While this approach maywell be imprecise, this is justified and should ensure that personnel associated with the project do not attach unwarranted accuracyto the figures produced. As the project progresses and a greater degree of certaintyis established in relation to the scope of the project (and also as data starts to beco me available), then more precise indicators of effort maybe for mulated, either through more and smaller member ship functio ns or allo wing for numerical defuzzificatio n. T here is an inherent trade-off in the develop ment o f effort estimatio n models; is it better to be approximatelycorrect most o f the time or precisely inaccurate all o f the time?

4.3. Better use of knowledge and data

Since a fuzzy logic model can be initialized with expert rules, and given that the mo vement of membership

T o appear in Proceedings of NAFIPS´97 functio ns and rules can be limited, it is possible that such a model will perfor msignificantlybetter than alter natives such as regression and neural networ k models given small quantities of data.

4.4. Model interpretability

One final point that deser ves mention is that the application of fuzzylo gic to the estimation problem allo ws for model transparency . A fuzzysystemprovides the potential for those involved to view, evaluate, criticize, and even adapt the models. T his is not always possible in statistical or other machine learning modeling approaches.

5. Empirical case study

T he case stud ybelo w is based on actual project data fro m[10]. T he data set includes measures o f:

� project effort

� project duration

� levels o f experience with eq uip ment

� levels o f experience in project management

� numbers of basic transactio ns

� numbers of data entities

� rawand adjusted function point co unts, which are

a standard method for counting the functio nal size

of a system, with adjustments for co mplexityalso

possible.

Altho ugh the data is quite real, it is used here mainlyto

illustrate the capabilities and drawbacks associated with

the vario us analysis methods available. Four approaches

are compared: Function Point Analysis ( which is a for mal

model), regression techniques, feedfor ward neural

networks, and finally fuzzy logic. T he results for the

Function Point Analysis, regression models, and neural

network models have been previouslyreported in more

detail in [11].

T he issue of making the fullest use of infor mation

available, which is one area where fuzzylogic excels, is

difficult to illustrate in a post-hoc case stud y. Since fuzzy

variables are not available for earlier in the projects´ life

cycles, the accuracyo f such models can not be sho wn

here. It is regarded that such models wo uld have

performed co mparativelywell, since the other techniques

depend more on the availability o f data fro mlater in the

develop ment life cycle.

Manydifferent methods for estimating a model´s

goodness for prediction are available. T hese include the

many for ms o f correlation (R 2 , adjusted R 2 , R 2 adequate),

Akaike Infor matio n Criterion, Bayesian I nfor mation

Criterion, and mean sq uare error. A set of indicators is

commo nlyused in metrics analysis to indicate the

adequacyof a predictive model; namelythe mean

magnitude of relative error and the threshold-oriented pred measure. Both of these are used in this case stud yon

a validation data set (27 of the total 81 observations) for

each technique.

T he magnitude of relative error (MRE) is a measure of

the difference between the actual values of the dependent

variable ( V A ) and the predictions of the model ( V F ):

MRE

V V

V

A F

A

=

-

T he mean MRE (MM RE) is therefore the mean value

for this indicator over all observations in the sample. For

software develop ment project management relative errors

are often a better judge of the model´s accuracy.

T he pred measure provides an indication o f overall fit

for a set of data points, based on the M RE values for each

data point:

pred l i

n

( ) =

where l is the selected threshold value for MRE, i is the

number of data point with MRE less than or equal to l ,

and n is the total number of data points. As an

illustration, if pred (0.25) = 30%, then we can say that

30% of the fitted values fall within 25% of their

corresponding actual values.

T he various techniq ues for modeling are no w

discussed in so me detail with explanations provided as to

ho wthe final models were selected.

5.1. Function points

Function points are currently the mo st co mmonly used

for mal so ftware metric modeling technique. Function

Point Analysis (FPA) [12,13,14] provides a well-

established method for the relativelyearly (post

specificatio n) assessment of system scope. Several

versions of FP A have emerged, with specialized versio ns

also created for particular types o f systems. T hese are all

based on various transactio n-oriented system

requirements characteristics.

In manyrespects FPA alread yco ntains so me degree of

fuzziness, with levels of co mplexityrecognized for

functio ns. Although FPA is not without its potential

problems, especially inter-rater subjectivity which tends

to be veryhigh, it remains one of the mo st widelyused

methods for modeling so ftware develop ment.

T wo versions o f FPA are shown here. T he standard

use of FPA for effort prediction is to use the historical

mean effort per function point. T his is co mp lemented

here b ythe use of the median effort per function point,

which is a more robust estimator.

T o appear in Proceedings of NAFIPS´97

5.2. Linear regression

T wo for ms of linear regression are illustrated here.

Firstly, standard least squares (LS) is used as a

demo nstratio n of the most commo nly used technique for

developing software metric models. Seco ndly, least

median squares ( LMS, a robust regression technique that

uses weighted regression to remo ve outliers) is illustrated.

T he two cases differ only in ter ms of the goal function

that theyattempt to minimize, namelythe mean square

error and median sq uare error respectively.

In both cases step wise procedures were used to select

linearlyinfluential variables, with no interactio n ter ms

entered. Both models resulted in a simp le linear equation

involving a constant ter mand the unadjusted functio n

points.

5.3. Feed-f orward neural network

Neural net wor ks have been applied to software metric

modeling in a lar ge number of papers and the results have,

in general, been favorable to this particular technique

where sufficiently large data sets have been available.

T he Multi-Layer Perceptron (MLP) networks were

trained using two-thirds o f the 54 model-develop ment

observations for training, and one-third for a testing set.

T raining was stopped when the testing error was

minimized, and the lo west testing error was also used to

select the particular network architecture.

5.4. Fuzzy logic

A significant motivatio n for using fuzzy logic is not

under the circumstances o f the follo wing post-hoc

analysis, b ut rather in the ability to estimate required

effort much earlier in the develop ment process.

For this analysis, the two most influential variables

were selected as the raw function points count and the

associated co mplexityadjustment factor. T hese were

divided into three equi-spaced triangular membership

functio ns for small, medium, and lar ge size or co mplexity.

T he same procedure was then carried out for the effort

data. An experienced soft ware developer was then asked

to provide the initial set of nine rules, which were then

hand -adjusted in consultation with the expert to achieve a

better fit to the training data set.

5.5. Comparison of techniques

Each technique´s best model was then used to predict

for the remaining 27 observations in the validation set.

As can be seen in the results in T able 1 and Figure 2, the

mo st accurate model in ter ms of M MRE is the neural

network, follo wed b ythe fuzzy logic model. T his is to a

large extent due to the non-linearities and interactions present in the data set, which is barelylarge enough for

such features to be taken into account with regressio n

analysis. Ho wever, in ter ms of classificatio n accuracy,

the neural networ k model is fairly co mparable to the least

squares regression model after outlier removal fro mthe

training and testing data based on residual analysis.

T able 1 . Comparison of results

Method MMRE pred(10) pred(25)

FPA estimation

( mean-based)

0.70 4% 22%

FPA estimation

( median-based)

0.89 19% 41%

LS regressio n 0.86 15% 41%

LS regressio n

(no outliers)

0.88 30% 56%

LMS regressio n 0.85 7% 41%

Neural net wor k 0.44 26% 63%

Fuzzy logic 0.54 7% 30%

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

1.00

FP estimation (mean-based)

FP estimation (median-based)

LS regression

LS regression (no outliers)

LMS regression

Neural network

Fuzzy Logic

Technique

Value of Criteria

pred(10)

pred(25)

MMRE

Figure 2 . Comparison of results

Clearlythese perfor mance indicators are not in

themselves ver yencouraging and one wo uld hope for

much more accurate predictions in order to effectively

manage the develop ment process. T he objective of this

case stud y, ho wever, was to co mpare a selection of

analysis methods using the same data set, so as to

emphasize the potential of the various analysis options

and their capacityto provide effective general models for

estimation.

Again it is stressed that the numerical accuracyo f such

models is not the only selection criteria that should be

used. T he abilityof fuzzy logic to avoid over -

commitment to particular predictions and its

interpretabilityneeds to be kept in mind, as does the

simplicityo f the regressio n models.

T o appear in Proceedings of NAFIPS´97

6. Other aspects of using fuzzy variables for

software metric models under investigation

T he current stud y represents onlythe initial stage in a

longer -ter mproject to assess the suitabilityo f, and

develop models using, fuzzylogic in software metric

modeling. A range o f data sets has been collected and is

currently being analyzed using a varietyof modeling

techniques including fuzzy logic.

An important requirement for using models with

linguistic inputs is that project managers are indeed able

to specifysuch inputs in a reliable and consistent manner.

In order to assess the truth of this assumption a number of

experienced developers are being asked to describe

aspects of systems based on specification documentation.

T he onlykno wn stud y of the consistencyo f such rankings

is [15] where on a ver ysmall data set theyfound so me

consistency in metrics for source code analysis.

Work is also currently under wayto ascertain ho w best

to gather this infor mation from software develop ment and

project management experts. T hree main areas arise in

this problem: the selectio n of appropriate experts, the

techniques used to gather infor mation fro msuch experts,

and the approach to performing the kno wled ge acquisition

task [16]. T he techniq ue currentlyfavored is providing

the experts with so me understanding of fuzzylo gic, and

then walking them through the creation of membership

functio ns and matrices o f rules.

Finally, work on auto matically extracting the fuzzy

rules fro mthe available data and on fine-tuning expert-

provided rules using such data is being investigated.

7. Conclusions

T he idea of using fuzzy logic for defining so ftware

metrics as linguistic variables and for the modeling

process has been outlined in this paper. T he motivatio n

for this has been the difficulties faced bysoftware

metricians in ter ms of avoiding premature and costly

commitment, using all available kno wled ge, having only

small data sets to wor k with, and also the need for

transparent models.

Co mpared to other techniq ues the fuzzy logic model

developed for the case stud y sho ws good performance,

being out-perfor med in ter ms of accuracyonly b ythe

neural network model with considerablymore input

variables. Given the other advantages of a fuzzy logic

model this suggests that there is a place in the field of

software metrics for such models.

References

[1] N. Fenton. Software Metrics, a Rigorous Approach .

Chapman & Hall, London, 1991.

[2] T. Mukhopadhyayand S. Kekre. Software effort

models for earlyestimation of process control

applications . IEEE Transactions on Software

Engineering , 18(10) :915-924, 1992.

[3] A. L. Lederer, R. Mirani, B.S. Neo, C. Pollard, J.

P rasad, and K. Ramamurth y. Information systemcost

estimating: a management perspective. MIS Quarterly ,

159-176, June, 1990.

[4] B. Londeix. Deploying realistic estimation (field

situation analysis). Information and Software

Technology , 37:665-670, 1995.

[5] S. Kumar, B.A. Krishna, and P .S. Satsangi. Fuzzy

systems and neural networks in software engineering

project management . Journal of Applied Intelligence ,

4:31-52, 1994.

[6] R.W. Selbyand A. A. P orter. Learning fromexamples:

generation and evaluation of decision trees for software

resource analysis . IEEE Transactions on Software

Engineering , 14:1743-1757, 1988.

[7] K. Srinivasan and D. Fisher. Machine learning

approaches to estimating software development effort,

IEEE Transactions on Software Engineering , 21:126-

137, 1995.

[8] T. Mukhopadhyay, S.S. Vicinanza, and M.J. P rietula.

Examining the feasibilityof a case-based reasoning

model for software effort estimation. MIS Quarterly ,

16:155-171, 1992.

[9] A.R. Gray, and S.G. MacDonell. A comparison of

model building techniques to develop predictive

equations for software metrics. Information and

Software Technology , to appear, 1997.

[10] J.-M. Desharnais. Analyse statistique de la

productivitie des projects de development en

informatique apartir de la technique des points des

fontion . Master´s Thesis, Universite du Montreal,

1989.

[11] S.G. MacDonell and A.R. Gray. Alternatives

to regression models for estimating software projects.

In Proceedings of the IFPUG Fall Conference , Dallas

TX, IFP UG 279.1-279.15, 1996.

[12] A.J. Albrecht. Measuring application development

productivity. In Proceedings of the IBM Applications

Development Joint SHARE/GUIDE Symposium ,

Monterey, CA, 83-92, 1979.

[13] J.E. Matson, B.E. Barrett, and J.M. Mellichamp.

Software development cost estimation using function

points. IEEE Transactions on Software Engineering ,

20(4):275-287, 1994.

[14] J.J. Dolado. A studyof the relationships among

Albrecht and Mark II function points, lines of code

4GL and effort. Journal of Systems and Softwar e,

37:161-173, 1997.

[15] R.I. Kilgour, A.R. Gray, P .J. Sallis, and S.G.

MacDonell. A fuzzylogic approach to computer

software source code authorship analysis. Submitted to

The Fourth International Conference on Neural

Information P rocessing -- The Annual Conference of

the Asian P acific Neural Network Assembly

(ICONIP ’97).

[16] Y.I. Liou. Knowledge acquisition: issues, techniques

and methodology. DATABASE , 59-64, Winter 1992.

T o appear in Proceedings of NAFIPS´97