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Abstract

Software effort estimates is an important part oftvgare development work and provides
essential input to project feasibility analysegjdimg, budgeting and planning. Analogy-based
estimates models emerge as a promising approacdh, ceimparable accuracy to arithmetic
methods, and it is potentially easier to understand apply. Studies show all the models are
sensitive to the quality and availability data, ghequiring a systematic data treatment. In this
paper, it is proposed a data pre-processing mdtragase in software effort estimate. The results
of it on applying on applying Case Based Reasonif@BR that enables us to enhance the
precision of the estimates.
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1 Introduction

Due to the great development of hardware and sodtvead with the advent of globalization, it hasréased the
competition between software enterprises. Thegedsnstant search for software every time moresphlwith bigger
quality, in agility in time with low cost.

An effective management of projects are crucialdorenterprise to reach the goals and to maintséff iin this
competitive market. Therefore it is necessary aplémentation of a group of activities, among thdrar¢ are the
making of size estimation, effort, cost and timedevelopment required to deliver a certain sofevar

An estimation of accuracy and concise effort (giaf men/hours required for the development & Hoftware)
are crucial for the effective management of thevgarfe project. However, the bibliographical canwzede by Young
and others [19] reveals worrying data, 59% to 76%he projects are delivered with an effort supetimn. And 35%
to 80% are delivered in delayed term. In Brazil temary is a little different, according to theeash made by the
Science and Technology Cabinet — STC, only 45,7%0ope estimates for software effort[12]. There aie specific
studies that identify the causes of the low indegftort estimates use, but the low levels of tinsthe models can be a
possible cause.



Despite of extensive researches, the software cantynig still challenged when it comes to effectegtimates. As
results of these researches several different mobdalle been suggest, which include: regressionysiaajl5],
COCOMO [7], Analysis Point per Function [3], estioa by analogies [16], clustering techniques [aa} artificial
neural nets — ANN [8, 14].

The results of a research using case based regspt]inabout the data group COCOMO [6] point ouhttla
preliminary analysis of the historical data ince=ashe trust of the estimates. Although the datyais has been
performed, it was not established a systematic quhoie, that other researchers can apply to thergme of their
models.

Considering what is exposed, it is necessary te lsasystematic approach that can be applied fgpehferming of
estimates with a higher level of precision. Thelgdathis study is to present a method data to etipihe data pre-
processing for software effort estimation. It wasfprmed a case study using reasoning based os, Gsaut the data
group ISBSG (International Software Benchmarkingn8ards Group) 10version [9] based on the group of variables
selected with the application of the method dats@nted.

The article is organized in six sections. In thetreection presents a brief description of the walated to the
application of different approaches for softwartneates, followed by a description of the CBR teghe. The method
the pre-processing data are then presented. ltatgl be presented a case study. The last segiresents our final
remarks.

2 Related Study

Techniques of data mining have been frequently teexkploratory data analysis in software engimegras observed
in the International Workshop about Software Repoigis Mining.

Several methods for exploratory data analysis tsaevn efficiency to the estimates executed, antbeg the
probabilistic models used by Sentas and others fiB]Ordinal Regression method — OR, clusterirnglieg in order to
perform software quality estimates [20]. In thiadst, it is applied ANOVA to verify the impact oféhindependent
categorical variable over the dependent varialiés Mmethod adjusts itself to situations in whicé ttata group presents
a large number of categorical variables.

Over the thirty years it was already suggestetl e analogy formed a good base of forecastingstifevare
effort [7]. Therefore a tendency has been estatddiskhen referring to the application of CBR to soproblems related
to management of software projects. The developmkatsystem, based on CBR, similar to a softwaezislist and
with accuracy bigger than the model for estimat€@COMO [7] or points per function [3], was propodadVicinanza
[18]. This system was named Estor. However, as# eonceived it is necessary the acknowledge péaialist so as to
derive rules of estimates and create a Case Basahér project based on CBR to perform estimatés the FACE
(Finding Analogies for Cost Estimating) [6].

Studies show that CBR presents advantages wheparethto other management techniques of knowledde a
paradigm of Artificial Intelligence [1]. Thereforthe use of CBR brings reductions to the problensaated to
specifying and codification of knowledge, manipidatof cases that failed and makes it easier ferugers to identify
situations apts to a high risk. Another factor thratrcome the sympathy of the users is the fatttheaCBR is similar
to the way a human solves the problems.

3 Case Based Reasoning - CBR

CBR is a technique, based in analogy, that wilvesatew problem getting answers from previous pmokleln the
reasoning by analogy it is searched the identificabf similar characteristics in earlier and catrproblems, with the
goal of evaluating answers to develop a bettertisoluto the new problem. Considering that the quadf a CBR
system which is strongly related to its experierinepther words, it depends on the number on relecases that
composes a data base. According to Aamodt and Plazthe knowledge referred to previous experisn(mses) is
used to solve new problems, considering what atisolis found through the recovering of a similase in the past.
The cases are described as a group of charaatsriatiributes, such as the size of a file, the bemof interfaces or
development method. CBR solves the new case vieetfvery and adaptation of earlier cases (solvediqusly).

The CBR process is described by Aamodt and Plgzanid consists of four steps: codification, recgyeeuse and
retention. These four items constitute a cycliccpss. So that, whenever a new problem is presehisdjecoded in a
vector of attributes (or descriptions of the probjeand effects the search in the repository’s mgmitre bigger the
degree of attributes overlapping, the more effectiill be the similarity measurements and the casevery. The goal
is to make a decreasing classification of simyjatit the new case and to use solutions known @fcthserk cases.
Therefore, the solutions derived from the recoverasks can be adapted to be better adjust to @amawsing rules, a
human specialist or simply a statistic procedure.tkis last case, the system is called Nearegjtibeir Technique (K -
Nearest Neighbor — NN). When this new case is cetadlit is incorporated to the cases base.



Therefore, the cases base grows with time and tghnew knowledge acquired. It is of extremely im@oce a
maintenance of the cases base, because the higg#ra better will be. It is relevance to thesewf new cases.

4 A Method Data Proposed

When an enterprise participates in a contract hgldir even develops a software in the own orgapizamake effort
estimation is a critical activity. The problem cmesed in this article is the development of a rodtdata that can help
some projects manager to predict the quantity fofefised to development of a new software.

If an enterprise already has a group of itemsect#d in its historic database, it can be usedrédigt a new
software effort estimate and whether it does nehduld create a measurement program to collecstord a historic
data of its projects.

Thus, before collecting data about the parameteen estimate model it must be carefully defindthwfactors
influence the effort of projects in a determinedanization. Besides that, it is important to hameidea of how the
parameters must be used to produce effective estima

The method data presented in the First Figurenstituted of three steps: the data preparati@nptlk-processing
of data and the making of effort estimates.

Six sefs of trainingand festing

Analysisofvariance

T

Figure 1: Method data developed

Selection of variables: the selection of vamasbWill occur through knowledge expressed in therdiure about
factors that influence the software effort and ewelty it will be able to be used the previous kiedge of the project
manager to help the selection.

1. Analysis and treatment of lost data: an occueenf lost data forbids the application of sométégues of
prediction, about the data group. To solve thidfmm lots of researches have been performed inasiigate
on the application of lost data treatment technidgneother words, the blank space in the variabfeaong



these techniques there are some contrasts: omiggibniques [13], imputation techniques [17] arehteque
of lost data tolerance[2].

2. Normalization of numerical variables: when ajpudya statistics technique, it is common to verifiyether the
numerical variables is close to a normal curve.rétae different ways to decide if a group of valtrave
normal distribution: a) the formal tests of normalR1]; b) simple visual methods such as normabpbility
graphic. When a variable stabilization is requirgahatural transformation, in other worttsy in thee base, is
effective; for more information about transformascsee Hoaglin et al. [9]. Thus, when a non-nottyalicurs
in numerical variables it is suggested a logaritramsformation.

3. Division of the group of data in subgroups it tend training: it has been done the same proeeshiin [11]
with the goal of investigating the precision ofestimation built in this study. Kitchenham develd@esimple
procedure to investigate the precision of the téttis done by his model over the COCOMO datalBased
in this process, it was omitted a subgroup of mtsj€the group of test data), after that it wasetigyed a
model with the remaining projects (the group ofriiregy data) and finally it was evaluated the priecisof the
predictions of a model over the test data grourdlby, it was created six pairs of training and gesups. The
training group was built to remove every sixth ptj beginning from the first project. Each remowizda
group represents the respective test data group.

The second step of the method data refers to #@nucessing of a treated data group. The pre-psotg must be
done to identify a subgroup of variables that hawégger significance over the effort. Previousegshes developed by
authors [4] and [5], show that the data pre-prdogdsave a very significant impact in the precismmestimate models
of data effort. The approach of pre-processing uaddpted from Kitchenham [11], is constitutedha following steps:

1. If necessary, to transform the variable corredpa to the effort to enhance a normality, in jgattr, the
variance stability. Logarithms transformations agenerally, effective. To obtain more informatiohoat
logarithms transformations consult [4] or [17].

2. Apply simple variance analysis (ANOVA) using eaelttbr (to variables of nominal or ordinal scales)d
simple regression analysis to each variable oflabesgcale.

1. Identify the most significant factor, in otheomds, from a group of factors that have a statiificsignificant
effect over the effort, chose the one that hasthellest mistake term.

2. Remove the effect of the most significant fadtior other words, for each level of the factorsktould be
reduced the medium factor value from the projefttiref’alue) and obtained the residues.

3. Apply ANOVA using each remaining factor over tresidues. It should be reduced the levels-of-beed
applied to a mistake term (because K-1's levelfr@fdom were used to remove the impact of the most
significant effort, in which K is the number of kg of the most significant factor).

4. Eliminate the redundant factors. The factors Wexre considered significant in an original analybut did not
have a significant effect over the residues,they @nfused with the most significant factor of poes
analysis. Confused factors must be identified axdueed from a subsequent analysis. Although tletbe
risk of a factor being removed without need, itngortant to recognize that over the use of thizcpdure it
can be obtained an acceptable model. It reducessthef occuring certain analysis problems ancoitild be
the base for some future researches, but as ary atlalysis technique, it cannot guarantee therggoe of a
real model.

5. lIdentify the next most significant effort. Ontlge factors that have a significant effort basedvariance
analysis over the residues must be consideredagaih, if there are lots of candidate factors, ehthe one
that has the smallest mistake term.

6. Remove the most significant factor effect anthimbthe second residue.

7. Repeat the analysis procedure until all theiggmt factors are removed, or until there is easbugh levels-of-
freedom to continue. It must be assured that theeeat least four levels-of-freedom available famiatake
term rather than ten.

Factors of the absolute and interval type can Isdyemcluded in the analysis procedure. Their iotpaver the
variable answer can be evaluated using linear ssgne and calculating the medium square due toregeession
equation. If a factor of an absolute or intervaldys considered as the most significant, its €8bould be removed and
the residues analysis should continue. In this,daselevels-of-freedom attributed to the mistadart in the subsequent



analysis must be reduced to one. It is importanhate that in statistic, the variable and factamte are used
indistinctly.

The third step it is the application and it refexdhe making of the software effort estimate usintgchnique to be
chosen according to the abilities and knowledg¢hefteam responsible for the estimates, for exan(@ése Based
Reasoning — CBR, Artificial Neural Nets — ANN, s&ttits techniques, among others.

5 Case Study

In this section it is presented the data group uisetis analysis, the preparation and approachnigaes followed to
construct and evaluate cases.

To make this study it was used the ISB@@lobse, tenth version [9], and it was applied theé method data
described in the first Figure, which consists ofpee-processing of the stored data in this repertand
afterward evaluation of the variables that inflceetthe case.

5.1 The Data Group

The data group used was the ISBSG (Internationétiv@&oe Benchmarking Standards Group), 10th verdi@h,that

consists of a total of more than 4100 projectginated from the enterprises located in 24 diffe@yuntries. Due to
the fact of being a data group containing projéetislemented less than 9 years ago and using s@&tdevelopment
with modern techniques, it is widely used by thedmmic community for the making of several resesscim the
software estimate area ([8]) and others).

5.2 Data Preparation
In this subsection it is described a sequenceeaggration of the original data group.

5.2.1Variables Selection
The initial process of variables selection it iséd on literature studies about variables thatiénfte the effort [5]. It
was selected 14 independent variables (Table 1jlendependent variable: (Summary Work Effort).

Table 1: Independent Variables

ABBREVIATION VARIABLES

TAMEQ Max team size

SDB Data base system
FERRCASEUS CASE tool Used
METOADQ How methodology acquired
TECNDESV Development technique
LINGPROG Programming language
PLATFDES Development plataform
TAM Adjusted Function Points
TIPDESEV Development type
AQTTRA Architecture

TIAPLIC Application type
TIPLING Language Type

SISOP Operating System

5.2.2 Analysis and treatment of Lost Data

Due to a big quantity of lost data contained initBBSG repository, what means the blank spacdseivariables, the
prediction becomes difficult. Thus, to solve thimldem, it was considered an omission in thiglgtudue to its
simplicity. For example, all of the registers reget to the variable Development Techniques, whichndt contain
any data were eliminated. After this procedure, rdgultant data group used in this study was coegpdry 403
projects.

As most part of the variables selected containiatpgorical data, it has being necessary to preegsothe
registered data. Therefore, it was attributed nigakvalues for each factor, in each project. Besjdt was applied a
procedure to convert the adjusting factors forlgvaccording to the illustration in Table 2.



Table 2: Independent Variables

VARIABLES

TAMEQ

CATEGORY
1-5
6-10
11-25

NIVEL
1

SDB

ACESS

ADABAS

DATACOM

DB2

IMS

ORACLE

SQL SERVER; MS SQL
SERVER

IDMS-DB

Others

NOURAWN Ry

o ®

FERRCASEUS

Yes
No
uninformed

METOADQ

Developed Inhouse;
Purchased;

CombinedDeveloped/Purchased;

2

LINGPROG

others 42 generation
COBOL
Outras ApG
Access
ORACLE
Java-C#--C++
C

NATURAL
SQL

ABAP

Visual Basic
PL/I

TELON
PowerBuilder

TECNDESV

Very low
low
middle
high

PLATFDES

MF

MR
PC

TIPDESEV

New Development
Enhancement
Re-development

AQTTRA

Client Server
Stand alone
Mult-tier

TIPAPLIC

System (application)
network
Secutity/ critical

WNERPWNRPWNREI[WON RPINWDN R

MERCDEST

In-house for internal business
unit;
Outsourced for internal Busines

S

unit;




Continuos Table 2:Independent Variables

In-house for external business 3
unit;

External for external business
unit;

4GL

3GL

ApG

BCIS, DOS, WINDONS, IMS,
0S/2; VMS V6; .NET; SAP
AIX;HP UX
904;MSP;MVSESA;UNIX,
SUN,PICK;SINIX;SOLARIS
HP UX; WINDOWS NT4; 3
MVS; WINDOWS; MVS; MS
DOS; V5; MVS; 0S/2;
WINDOWS; OS/2;Unix

MERCDEST

SN

TIPLING

PlwN e

N

SISOP

Variance analysis — ANOVA is a method, generallplegal to decide whether different levels of a facéfect the
answer of a variable (in this case, effort). Tmslgsis permits to test if there is a significaiffedlences between the
medium levels in each factor. It restricts to trediums of levels from each factor for the proposshis study.

Each one of the categories variables were subntittéldle ANOVA process of only one factor to verifie impact
of each factor over the original dependent varialnié to identify the categories that need to baeoted in each factor.
Through these tests it was possible to compare eatelgory (level) of a factor with all of the othmategories in the
same factor and determine the significance of tifilerdnce. Based on the result obtained from thialysis, the
categories of each independent variable which a significantly different were connected and restdin
homogeneous groups for each factor.

5.2.3 Normalization of the Numerical Variable

It was verified that a numerical variable, Summ@fgrk Effort and Adjusted Function Points, it didti@ve a normal
distribution for them to be applied to a static Inoets, such as regression analysis and variancgsial\s these are
parametric statistic methods and require an appraté normal distribution, the first step is to exaé if the effort (the
answer variable given by the Summary Work Effod} la normal distribution. The second Figure shdweseffect of
producing a graphic representation of normal proipakio the values of gross effort of the seconeup of data
training.

The diagram of data scattering is clearly not linddereby, it is reasonable to assume that thee diatnot have a
normal distribution. To enhance the normality itsvepplied a normal transformation, in other wotdg,in the e basis.
The third figure shows the diagram of normal pralitgbafter the application of a logarithm transfeation over the
effort values of the second training group.

Figure 2: Diagram of the normal probability for the raw aat

It is easy to note that the data scattering diageamore linear. Therefore, the analysis procedhmvn in the
case studies was done over the transformed datavdieble Summary Work Effort (workers effort/ nionand
points per function adjusted were transformed ttaece the normality.



Figure 3: Diagram of the normal probability for the transfeed data
5.2.4  Subdivision of the Data Group

Based on the technique presented in the fourthosedhere were built six groups of test and tragniThereby the test
data group 1 was built removing the projects: 113, 19, 25, 31 (...), the test data group 2 wast beihoving the

projects: 2, 8, 14, 20, 26, 32(...), this process wepeated for the selection of six test groupgvwing that all of the

403 projects of the ISBSG data group [9] were usetbnstruct the model the learning data group towith 5 groups

containing 335 projects and one with 336 projects.

5.3 Pre-processing of variables

The approach (adapted from Kitchenham, [11]) wadiegh over six learning data group derived from lBBSG data
group. This section explains the approach followtkd selection of these variables which will bedigfter in the
application of CBR in the pre-processed group.

5.3.1 Variables selection

The problem in the estimate using a data group avibtig number of categorical variables (factors) lba solved using
a procedure based in combined statistics technigoest was described in the fourth section.

The variables selected in each one of the trgigimups were used to make estimates over therpoegsed
data group. The variables selected in each traisufigroup were: TAM, LINGPROG, and PLATFDES.

5.3.2 Make Effort Estimates

To make a software effort estimates it was choBerOBR technique in the recovery of similar cassfg the K-NN
similarity algorithm (K — Nearest Neighbors). To slo, it was used the WEKA software. For each talsgoup it was
searched the similar cases within the databaskeofraining group, providing then the estimate rffor each test
project.

5.3.3 Precision Analysis and Estimates Evaluation

Different mistake measurements have been used figredit researchers, but for this study it was used
measurements of the precision of the model: thenMiéagnitude of Relative Error (MMRE) (2) and the EHIR(X) (2).
MMRE is the medium of the absolute percentage srror

M., — M
MREI — B:t| -ﬂC-‘t| {1]
L P
n _MRE;| =+ 100
MMRE = iy i )

n

In whichn is the number of projects, Mis the real effort observed and.js the estimated effort.

The Pred(x), on the other hand, is an indicatoaaduracy that shows the percentage of measuremitth the
MRE is smaller than x. According to the definitioh McConnell [22] to evaluate if an organizationshdone good
estimates it has to commit mistakes up to 25% W 8bthe cases, in other words, PRED (25%5%.

PRED(x) = 1/m+¥,(i=1)"n= [ {,(0 others)'(1 if MRE,i < x) G¢)1



The third and fourth Tables summarize the MMRE fbdior the subgroups of gross and pre-processedatiza
CBR application. In this dimension, the performaafter the proposed method data application igivelg better than
when applying the CBR to the gross data.

Table 3: Accuracy after application CBR of Data Raw

CONJUNTOS
1 2 3 4 5 6
MMRE 357,8 | 302,14 303,838 1721 2985 2069

PRED(25) | 13,2 7,5 11,9 59 | 164 | 194

Table 4: Accuracy after application CBR of Data Pre-proedss

CONJUNTOS
1 2 3 4 5 6

MMRE 291,9| 1654 292 124,y 345/4 152,16
PRED(25) | 14,7 | 25,4|16,4| 22,4 149 10,4

This experience illustrates two points, the fissthat the method data selected in a consistenh@ndhe variables
that influence the effort, and the second showslih CBR application the results were enhancecthore than 80%
the subgroups.

6 Suggestions for Beginners

This article shows a data pre-processing method, dakecifically used to select a subgroup of véembelated to the
software effort estimate, from a software projeatatbase. This method data was instantiated andmiesswith a case
study, in which is used the ISBSG project datalamskthe CBR technique to make a software effoinase.

In this study models of effort estimate were calibd and tested to present approaches that caseoehy an
organization of software development which wantagply estimate models in its project managing.

CBR applied over the pre-processed data had a sadigfactory development, when the method datgjsied
over a data group without the pre-selection ofwheable subgroup. The improvement in terms of MM&d€urred in
80% of the subgroups and when analyzing the PRED) i{2s observed that the success rate enhancetl of the
subgroups. The fact of the cases base being mdciced through the application of lost data treatrtechnique, could
have hampered the location of similar cases ardeined the result to the other data group.

Therefore, new studies are being conducted to figags if this hypothesis, applying a new technigfi¢dost data
treatment, providing thereby an increase in thecasse.
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