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In this paper we present a new method for the application of data mining tools on the
management phase of software development process. Speci cally , we describe two tools,
the rst one based on supervised learning, and the second one on unsupervised learning.
The goal of this method is to induce a set of management rules that make easy the
development processto the managers. Depending on how and to what is this method
applied, it will permit an a priori analysis, a monitoring of the project or a post-mortem
analysis.
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1. Intro duction

In spite of its great di®usion in the last years, the application of data mining
techniquesto the "eld of software engineeringhas not beenvery much used, never-
theless, it is preseried asa task that can o®ergreat advantagesand possibilities to
this area. One of the possibilities in this respect, although not the only one, consists
in the application of data mining techniquesto databaseson Software Developmert
Projects (SDP). Thus, if we could have a databasewith the possiblevalues of the
initial parameters of a software project and the results at the end of the project,
with regardto cost, time and quality for ead one of thesevalues, the data mining
techniquescould induce a set of rules that should permit to relate the initial param-
eterswith the results of the project. It is obvious that this set of rules would o®er
to the project manageran extraordinary knowledgethat would make easyboth, the
decisionsto take in order to undertake new projects and the actions to realisein a
dewvelopmert project or the analysis of an already nished project.
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This idea hasnot arisen spontaneously; but asa necessiy requestedby the soft-
ware engineering. All of us know the "crisis" or chronic aziction, asit is described
by Diehl [1], that has su®eredthe software developmert: a great amount of the
undertaken software developmert projects has not ful Tled the initial expectations
of delivery time, cost and quality.

This situation is due, mainly, to the estimations or managemen policies that
the managerof the project must carry out at the beginning of the project. Sincethe
developmen of software projects beganon a great scale,one of the main concerns
for the managershas beento optimise the attributes that measurethe viabilit y
of the nal process. At the beginning, sudch task was not easyto carry out, since
the manager himself was who, basing on his own experience, estimated the values
where the attributes (managemen policies) that a®ectthe dewvelopmen process
had to move. The main problem in this case,lies in the amount of attributes
that must be estimated, and besides,it is not enoughto establish their valuesin
an independert way, but it is also necessaryto know the in°uence of oneson the
others.

With the incorporation of the simulation of the developmert processby dynamic
models[2], a quite signi cant advancein the managemen of SDP wasachieved, since
these are simulated, without any risk, before undertaking the real project. Thus,
the manager of the project decidesthe valuesfor the attributes and simulates the
processto verify its behaviour. Obviously, this meansan improvemert, but again,
the amount of existing possibilities does not permit an exhaustive veri cation of
the process.

Data mining techniquescan be usedto solve this problem. In this case,the task
of data mining techniquesis to give the manager of the SDP a knowledge where
to be basedon. This knowledge helpsthe managerto estimate which are the most
appropriate values,wherethe attributes that have an in°uence on the project must
move, in order to obtain the desiredvaluesat the end of the project with regard to
delivery time, costand quality.

It is necessaryto emphasisethat the application of data mining techniquesto the
software developmert processhas an added problem that does not exist in other
“elds: the lack of real databaseswith information on the parameters that have
conditioned the developmert of other software projects. Nowadays, such de ciency
is solved thanks to the existenceof powerful simulation systemsand to the possibility
of constructing dynamic models for the simulation of software projects. For that,
the manager establishesthe rangesfor the doubtful attributes of the project, and
by meansof the simulator a databasewith the possiblevaluesfor theseparameters
and with the result of the project (time, cost and quality) is generated.

In this paper we o®era vision of the application of data mining techniques to
SDP with the aim of giving to the manager a new method capable of providing
a knowledge that will help him in the managemenm of the project. This method
will permit the manager,depending on its application, to have a priori information
in the caseof starting a new project, to have information for the following of a
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project in progressor information for the ewvaluation and analysis of an already
“nished project. This project usesas SDP simulation model the one described in
[3]and the tools GAR [4] for unsupervisedlearning and ELLIPSES [5] for supervised
learning. Nowadays, similar works are using datamining tools for the induction of
managemen rules for software developmen project [6].
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Fig. 1. Knowledge Discovery in Database.

1.1. Process of Know ledge Disc overy: Data Mining

The knowledgediscovery in databasecan be de ned, in an informal way [7], asthe
non trivial processfor the induction, departing from a set of data, of previously
unknown, recert, potentially useful and understandable patterns (knowledge). As
“gure 1 shaws, it is a processmade up of seweral stepswhere data are selected,pre
processedand transformed before we can discover the knowledge. Next, we o®era
brief description of the goal to be coveredin ead step.

Selection. It isthe stepwheredata that are object of interest are chosendeparting
from the data initially available.

Pre-pro cessed. Selecteddata are processedwith the aim of removing noise (out-
liers) and of treating the absen values.

Transformation. The pre-processeddata are treated for the reduction of at-
tributes or instances, fact that will make easythe application of the mining
algorithm.

Data Mining. This step takesthe previously treated data and inducesthe set of
patterns.

Evaluation and Interpretation. The induced patterns are analysedby part of
the experts with the aim of deducing useful knowledge.
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Despite that all the stepshave an important in°uence on the process,the data
mining phaseis, in our opinion, the most important within the whole process. In
this phase, it is necessaryto decidethe task and the algorithm to employ on the
data. There are two tasks of special interest in the mining step: classi cation and
assciation.

The aim of classi cation is to induce a set of rules that permits to predict,
departing from a data set, the classof a future instance [8]. In a more accurate
way, given a data set D (training set), composedby attributes X = fXx1;X2; i Xq0
and a classE that takesthe discrete valueses; ey;::;; g, it hasasgoal to induce a
classi cation model depending on the attributes x1;Xx»;:::; Xq, that permits to assign
a determined label e;; e;;:::; g, for the future instances, previously unknown with
a certain degreeof certainty.

Even though the assa@iation conceptis quite wide and includes di®erert forms
of represerting and interpreting the knowledge (correlations, sequetial patterns,
negative assaiations, etc.), assaiation rules has beenthe most outstanding ones
within data mining. The aim of the mining assaiation rules processconsists, basi-
cally, in discovering if the presenceof a set of pairs attribute-v alue that it is found
in a determined number of records can be usedto induce the presenceof another
set of pairs attribute-v alue in the sametransactions [9]. In a more formal way, if
X = fXy1;Xz;::5;Xqg is the set of all the attributes of a databaseD, an assaiation
rule is an implication C,; * C,, whereCy;Co, u X and C;\ C, = A . C; and C,
are respectively called anteceden and consequeh of the rule and it is read "if C;
then Cy".

The probability of a given assaiation rule to be ful'lled is known with the
name of con dence. Besidesthis measure,that shows, up to a certain point, the
importance of a rule, there is another one to indicate the covering of the rule, that
is to say, the percerntage of recordsin which the rule is ful'lled, and hasthe name
of support.

2. Data Mining Techniques

The selection of the algorithm or tool to be usedin the data mining step is an
essetial elemen in sud step. In this paper we usetwo tools that o®erdi®eren
visions of the knowledge we want to obtain. Thus, we use an assaiation rule
algorithm, named GAR [4] and a classi cation algorithm named ELLIPSES [5],
both basedon Evolutionary Algorithms [10].

In this paper we o®erthe details of eat one of thesealgorithms, without study-
ing in depth the implementation details.

2.1. GAR: Association Rules

GAR is a algorithm that discovers assaiation rules in databasesthat have nu-
meric attributes. The core of the algorithm is an ewlutionary processthat is in
chargeof "nding, in an automatic way, the most suitable intervals for ead attribute
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that forms part of the rule. This is the main advantage of this technique with re-
gard to others, sinceit is not necessaryto carry out a previous discretization of the
cortin uous domains.

if Xa 2 [lai;las]and Xy 2 [lyi;lps] and ¢¢¢and X, 2 [l 125] 1)
then X 2 [lki;lks] and ¢¢¢and X2 [|j i |j s]

The model of rule we present hasthe format described in equation 1, where X
are the attributes that form the rule and [I;;ls] are the minimum and maximum
valuesof the interval discovered by the algorithm.

The tness of a rule is determined by se\eral factors:

2 Supp ort . This parameter rewards rules with a high value of support.

2 Con dence . It is the other most used parameter to evaluate the quality
of assaiation rules together with support. Therefore, it is also a positive
parameter that makes that the seart processtend to nd rules with high
valuesof con dence.

2 Before covered cases (recov). It is usedto indicate that an attribute of a
record has previously beencovered by a rule, that is to say, it belongto one
of the rules discovered by the algorithm. With this, we get that the algorithm
tend to discover di®erert rules in later seardes.

2 Num ber of attributes (natrib). Asscciation rules with a high number of
attributes give an information with more quality to the "nal user. But we are
also aware that, in many casesit is dizcult to nd rules with a high number
of attributes or that the useris only interestedin "nding assaiations among
a limited number of attributes. The parameter natrib rewards the number of
attributes that hasa rule.

2 Amplitude (ampl). This parameter controls the amplitude of the intervals
of the attributes that form the rules. It is a negative parameter that penalises
individuals with very wide intervals.

Equation 2 shaws how the "tness of a rule is obtained.

Fitness = (support aws) + (confidenceraw.) j (recovew,)+
+(natribaw,) i (amplaw,)

)

Since, it is very ditcult to establish some xed valuesvalid for the solving of
all the problems, ead parameter of the function is weighed up to increaseor to
decreaseits e®ect.

Besidesof preseriing the rule in the format "if-then”, we o®era graphic repre-
sentation by meansof a parallel coordinate system[11] of ead discoveredrule. In
this systemonly appear the attributes that form part of the rule. By meansof this
represenation we shaw, in a graphic way, the intervals of the attributes, in suc a
way that a qualitativ e reading of the rule can be done.
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2.2. ELLIPSES: Classic ation Rules

ELLIPSES is a classi cation system basedon an ewlutionary algorithm. The
ewlutionary process,iterated for ead rule to be induced, has as goal function to
nd the best region in ead iteration. The induced regions are elliptical spaces,
within the seart area, described by equation 3.

(ai o)? | (i &), .., (Xai G)?

1 ()
a? a2 a3
Fitness = clasif | nclasif | recovafrc+ vol 4)

The "tness of aregionis determined by the number of instancesthat exist inside
it and by its volume (vol). As for the instances,we have to distinguish betweenthe
instances(success)of the majority class,establishedas classof the region (clasif ),
the instances (errors) of other class (nclasif ) and the instances (before covered
cases)of the classpreviously covered by other rules (recov).

This last term can be weighted up (f rc 2 [0; 1]) by the expert, depending on its
necessitieswith regard to the rules overlapping. If f rc takesvaluesnear to one, the
rule overlapping will be much lesserthan if this takesvaluesnear to zero. In this
way, the "tness of a region is determined by equation 4.

if Xxi(c1;a1) and xz(cz;a2) and ¢¢¢ and Xq4(cq; aq) then g (5)

8
% Largeif a > 40%A4
MLarge if 25%A, < a - 40%A,

h(xi; &) = Medium if 15%A, < a - 25%Ay (6)
MShort if 5%Ay < a - 15%A,
Short if a - 5%A,
if X1(c1; E1) and xz(cz; E2) and ¢¢¢ and x4(cq; En) then g @)

The information is preseried by two models of rules: quantitativ e and semi-
qualitativ e, and alsoby a graphic represertation. The quartitativ e model is directly
deducedfrom equation 3. Thus, arule in the quartitativ e model will havethe format
described in equation 5, where ¢; and a represen, respectively, the certre and the
amplitude for attribute i ; and e; the classor majority label in the region.

In the semiqualitativ e model, the information of the amplitude for ead attribute
is replacedby a label obtained dependingon it, accordingto equation 6. In equation
7 we shaowv the format of this model, where E; are the labels which represen the
amplitude.

The graphic represenation we o®er,the samethat in GAR, consistsin a system
of parallel coordinates for ead rule. The di®erenceis that the represertation for
ELLIPSES shows all the parameters of the model, and we can distinguish in it
thosethat do not in°uence on the decisionbecausethey can take any value of their
domain.
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3. Software Engineering, Dynamic Systems and Data Mining

A priori, the designof a method for the union of thesethree conceptscan seem
complex. But, the application of dynamic systemsto SDP is somethingquite known
and usedsincethe early 90s. Simply, what we needis to incorporate the term "data
mining"” to this formula.

On the other hand, data mining is a task that is giving huge benets in a
courtless amount of knowledge “elds, so the tness seemsto be easy And, so
it is. With the pair dynamic systemsand SDP we can get to obtain a data set
that describes,depending on the initial parameters(input) of the project, how this
ewlves, according to its expected results of cost, time and quality. This database
is the link and departing point for data mining.

In the following sectionswe o®er,in a more exhaustive way, the relation between
this three conceptsand we detail the in°uence of ead one of them on the method
proposedin this paper.

3.1. Dynamic Systems for Softwar e Development Pr ojects

The software developmert processcan be de ned as a set of tools, methods
and practices that are usedto produce software. As any other organisation, those
dewoted to software developmernt keep among their main aims the production of
software according to the initial planning, besidesa constart improvemert, with
the purposeof achieving the last three goalsof any production process:high quality
and low costin the least time.

The reduction of the software developmen cycle without risking the quality of
the nal product has becamea basic goal. Not only for being an advantage from
the point of view of the customer but for o®ering, according to [12], a seriesof
important bene ts among which we can emphasize: a larger commercial life of
the product and the possibility of beginning to produce as later as possibleending
within the limit, what permits to employ the last technological advancesavailable
at the momert.

Most of the advancesproduced in the Software Engineering "eld, directed to
the reduction of the dewelopmert cycle, try to achieve their goalsby a substartial
improvemen of the developmert technology employed. Sudh asit is assumedin the
model CMM (Capability Maturit y Model) of the SEI (Software Engineering Insti-
tute) and in the proposalof the norm 1SO 9000. The CMM model classi essoftware
developmert organizationson a scalefrom oneto "v e resting on the maturit y of the
processthat take placein them. According to [13] we can assurethat as a software
dewelopmen organization progressfrom a level to the one immediately superior,
the length of the dewelopmert cycle diminish, always guaranteeing the quality of
the "nal product.

Traditionally , we have tried to facethe known problem of the software crisis from
the point of view of the developmert technology used. Thus, signi cant advances
relating to the useof new methodologiesand developmert approaces, CASE tools,
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code reuse, etc, have been produced. At the beginning of the 90s, a signi cant
leap in the managemen of software developmert projects is produced with the
appearanceof the rst dynamic model applied to this “eld [2], which models the
processcarried out in the managemenm of sudch projects.

In the last years, a signi cant advance in the "eld of tools for project man-
agemen and in the advice for the complex processof decision making has taking
place, with the appearanceof dynamic models for SDP and powerful simulation
ernvironment (Stella, Vensim,iThink, PowerSim, etc.). Thesetools have beencalled
"Software Project Simulators” (SPS), and allows the managerof the project to test
with di®erert managemenm policies without cost, making easythe most adequate
decisiontaking [14].

The making of dynamic models can constitute a formal methodology according
to which we can expressthe knowledge on the system. Besides,the own model
building processforcesthe researdhers to have a high knowledge about which are
the key parametersand how they are related amongthem.

The potential of simulation modelsfor the education and training of the project
managersis stated in [1], [15],[3]. Thanks to the simulation ervironment, the man-
agerscan be placed in front of real situation they can 'nd in practice and that
permit them to acquire experiencewithout risk. Besides,the formal character of
the dynamic model allows the managersto sharetheir viewpoints in a not ambigu-
ousway and to harmonisethe mental models of the process.De nitiv ely, a software
project simulator allows to carry out the following analyses:

2 An apriori analysisof the project: consistingin simulating the project before
starting the developmert. Thesesimulations canbe carried out under di®erert
managemen policies and/or di®erent estimations of initial resourcesand/or
di®erent developmert technologies. The knowledgeof thesemanagemen rules
can be obtained before starting the project performance and it is going to
guarantee the obtaining of good results for the variables that the project
manager considersof interest (delivery time, cost, quality,...). Besides,the
obtaining of managemen rules permits the managerto analysewhich are the
most signi cant managemen policies in order to achieve the initials goals
de ned in the SDP and to know if these policies can be applicable or not.

2 Monitoring of the project: simulation of the project during its development
to adapt the realisedestimation to its real ewolution. For this application it is
necessaryto have a metric systemthat permits to pick up the real situation
of the project and its comparisonwith the results of the simulation.

2 A post-mortem analysis of the project: simulation of an already nished
project in order to know how the obtained results could have beenimproved.

In other words, by meansof the SPSwe can answer questionssuc as "What
would happensif...?", beforebeginningthe project, "What is happening..?", during
its developmert, and "What would have happensif...?" oncethe project is nished.
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Fig. 2. Classication of the attributes of a dynamic model for SDP.
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3.2. Data Mining in Softwar e Development Pr ojects

Once we have arrive at this point we can ask: Could be possiblefor the project
managerto carry out all the possiblesituations and to analysetheir results? The
answer is no, unlessthe manager could spend all his life doing this. Thus, it is
necessaryan automatic mecanism able to induce somepatterns that describe the
behaviour of the project in a global way. In order to do that, we will use data
mining together with dynamic models.

Dynamic models for SDP include a set of attributes that allows us to de ne
the managemen policiesthat can be applied to the projects, both those related to
the project environment and thoserelated to the developmert organization and the
maturit y level of the organization (see gure 2).

Inside the group "Pro ject ervironment"”, we insert the attributes related to the
initial estimations of the project and to the complexity of the same. In the group
named "Organization ervironment", appear the attributes related to the di®eren
managemen policies that can be applied to SDP and with the maturity degreeof
the own developmert organization. Within the subgroup”Managemern policies" we
collect the di®eren parametersand tables (attributes) that de ne the managemen
policies related to e®ort assignmen , managemem policies related to personnel
(hiring, dismissal,adaptation, etc.) and managemen policiesrelated to restrictions
on the project delivery time. On the other side, the subgroup "Maturit y degree",
fundamentally includes the attributes bound to the averagetime in which certain
activities of the project are realised and the nominal values used. The subgroup
"Others..." contains the attributes related to the maturit y degreeof the organization
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but that are ditcult to insert in the previous sections.

Once the attributes of the model are de ned, the manager of the project must
decide which are the variables that are going to be analysed. The usual options
are the variables that de ne the project developmert: delivery time, cost, number
of generatederrors, number of corrected errors, averagedevelopmen productivit y,
etc. Therefore, the managemen policies that the mining processcan nd will be
thosethat relate attribute valueswith the variablesover whosein°uence we want to
establishrules. Every time we assigna speci ¢ valueto ead attribute of the model,
this stay completely de ned and by its simulation we will obtain some values for
this variables.

To generatea set of training casesfor the mining process,the project manager
must choose a range of values for the attributes of the model over which there is
somelevel of uncertainty. For example,the managerof the project doesnot initially
know, if the averagededication of the technicians in the project will be exactly of
72% or 50%, but he knows for sure that the value will be between50% and 80%.

Tl =1}
Range for the Attributes [/ %} [ g})
of the Model == “Vé ==
N s

Srojoct |-s| Data Data
J Simulation Hage Mining
Goals of the project % g

Fig. 3. Processof obtaining management rules for a SDP.

Next, the simulation tool randomly generates,for every attribute, a value in
ead one of those intervals. Then, a tuple of valuesfor the variables resulting from
the simulation, will correspond to ead tuple of attributes sode ned,. In this way,
we generate a record for the database with the values of the attributes and the
values obtained for the variables of the project that we wish to analyze, that is to
say , a speci ¢ scenarioof the project. Doing again this processa certain number
of times, we can obtain a training Te that serwesas basefor the mining process.
This processis shown, in a graphic way, in "gure 3 [6].

In this case,the mining processmust nd behavior patterns that relate the
valuesof the attributes with the onesof the variables. Thesepatterns can be easily
interpreted by an expert and transformed into a knowledge on the project that is
being analyzed.

3.3. Processing of Data and Techniques

The databasegeneratedby the previous procedureconsistsof a set of parameters
or, input attributes, that take valuesin a cortinuous domain and seeral variables
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or, output attributes, that take valuesin a continuous domain depending on the
ewolution of the project for those parameters. Thus, the learning processwould be a
supervised learning processwith all the cortinuous attributes, where there is more
than oneoutput attribute.

If we analyze again the tools described in section 2, "Data mining techniques",
we can ched that the rst oneis an unsupervised learning technique and that the
secondoneis a supervisedlearning technique, wherethe input attributes take values
in a cortinuousdomain, but the output attribute or classmust be unique and takes
valuesin a discrete domain.

In this way, in order to analyst the databasegeneratedby the former simulation
processwith the proposedtechniques, it is necessaryto carry out an adjustment
both of the data and the GAR tool.

3.3.1. Adaptation in GAR

Next, we are going to detail which are the necessaryadjustments to adequate
the GAR algorithm to the particular caseof applying it to the databasegenerated
by the procedure described in the previous section and to achieve that it obtains
suitable results for the necessitiesof the managers. We have to remenber that this
databaseof simulations of the project is composedby a set of contin uous attributes
where part of them are input attributes and the rest are output ones.

As we have described previously, the goal of the GAR algorithm is to induce
assaiation rules hidden in the database using an unsupervised learning process,
without taking into accourt which attributes will take part in the anteceden and
which onesin the consequen

In this particular case,the rules of interest for the manager of the project are
those that relate the input attributes with the output ones. That is, GAR must
induce only thoserules that have as anteceden input attributes and as consequeh
output attributes. For this reason,it has beennecessaryto add to GAR the pos-
sibility of establishing the attributes that can take part of the antecedert and the
attributes that can take part of the consequen

Besides,most of the times, the project managersare only interestedin knowing
the rules that determine a "suitable" result (as for cost, delivery time and quality)
for the project. Howewer, GAR, in its original task, can obtain both, those asso-
ciation rules of interest for the managersand those that do not presen a suitable
result of the project, which, a priori, have no interest for the managers.

In this case,and in order to realize the tness of the tool, it is necessaryto rely
on the experienceof the project managers. Thus, the project managermust decide
the intervals of valuesof the output variablesthat make a project to be "suitable".
To decide these values, the managerde nes for ead output variable, a maximum
percertage over the value initially estimated. Thesepercertagesestablishthe limits
to considerthe project as suitable.

We are going to clarify this idea with an example. We supposethat the initial
value estimated for the attribute TpoDllo (delivery time) is 320days. If the manager
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decidesthat a project canbe consideredacceptableif doesnot overcomea 10%of the
estimated initial value, the value of the variable TpoDIllo must always beenlessthan
352 days. In the sameway, if the initial value estimated for the attribute EsfNec
(necessarye®ort) is 1111 technicians-day and the maximum percertage allowed is
20%, the projects consideredas acceptablemust not overcome1333technicians-day.

From now on, we will usethe word "cut" to determine ead oneof thesedecisions,
since this establishessomelimits or divisions, settled by the managerin order to
considerthat a certain scenarioof the databaseis suitable.

In order to make the seart processeasyand to satisfy the necessitiesof the
project managers,we have also adjust the algorithm to permit, in caseit is desired,
to show only the assaiation rules with the values of the consequen shifting in a
pre-establishedranges.

Departing from theseconsiderations,the GAR algorithm givesthe project man-
ager a set of assaiation rules, with a speci ¢ level of support and con dence that
relate intervals of values of the input parameters with intervals of values of the
output variables when these shift in a speci ¢ range.

3.3.2. Adgquacy of ELLIPSES

As we have said before, the generateddatabasehastwo parts, input and output
attributes, that determine how the project would behave if the valuesfor the input
attributes at the beginning of the project, were the establishedonesin that tuple
or scenario. It is obvious to think that this knowledge could be usedas information
within a supervised learning process.

For this reason, a technique basedin supervised learning, as ELLIPSES, can
be quite useful to obtain a set of rules that describe the content of the database.
But, the generateddatabasehas seweral output variables that take their valuesin
a cortin uous domain, however, ELLIPSES as a traditional classi cation technique,
usesa unique attribute as class, that besides,must take its valuesin a discrete
domain.

In this case,although it is not necessaryan adjustment of the algorithm, we
needa pre-processingof the data in order to adequatethem to the requiremerts of
ELLIPSES. Thus, the output attributes must be expressedas a unique attribute
that takesits valuesin a discrete domain.

A technique similar to the one described for GAR algorithm is usedto solve
this problem. In this case,the project managermust assignslabelsto the tuples of
the databasedepending on the values of the output variables. We will call cuts to
these assignmetts, as in the previous case,since they establish a percertage over
ead output variable, departing from which the processwould not be considered
suitable.

Thus, for example,the managercan establishthat the project can be considered
asgood if the delivery time is lessthan 352 days, a 10% more than the oneinitially
estimated (320), and the e®ort lessthan 1333 technicians-days, a 20% more than
the e®ortinitially estimated (1111).
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it ~
Rmanvos RmCtrata TecCtrata RrmDesp | EsfNec  TpoDllo  Quality Class
14,99 | 9,26 1,16 5,49 |z452,2  350,6 0,32 G
14,92 6,52 1,02 6,44 |3395,5 349,5 0,36 B
12,14 | 9,47 1,16 6,93 |2168,3 | 350,3 | 0,32 G
13,72 | 8,38 1,11 5,03 |2546,4 350,1 0,33 G
14,73 | 3,72 1,12 g,11 |2538,9 356,4 0,36 B
14,14 7,14 1,14 7,94 |2518,0| 350,3 | 0,34 G
12,75 | 7,68 1,15 §,01 |2294,4 350,1 0,34 G
13,22z | 8,85 1,11 6,18 |2483,6 350,0 0,35 G
12,77 | 9,78 1,19 5,15 |z144,7 | 361,8 | 0,35 B
14,34 | 7,83 1,17 5,24 |2385,7 | 356,5 | 0,36 B
13,85 | 9,55 1,20 5,55 |2238,6 | 354,3 | 0,36 B

Fi

g. 4. Conversion of the original database to ELLIPSES.

In this way, we can generate,by analyzing the scenariosof the database,a new
database in which the output variables are transformed into a unique attribute
Class, with values of the kind 'good’ (G) and 'bad' (B) or similar, depending on
the establishedcut. This new attribute can be usedaslabel in a processof classic
supervised learning. Departing from this, the possibilities of obtaining rules that
relate the attributes with the labels go through the use of classic techniques of
supervised learning, such as ELLIPSES. In "gure 4, we shov an example of this
conversion, in which, we have consideredas suitable scenariosthose whosedelivery
time (Tdllo) does not overcomethe initial one (320) in 10% and the rest of the
output variables can take any value.

4. Results

To demonstratethe importance of the method proposedin the previous sections,
we have simulated an already nished project, generating two databasesthat have
beenanalyzedwith the tools GAR and ELLIPSES.

4.1. Study Cases

To realize this researd), we have focusedon determining the in°uence that the
managemen policies of hiring, adequacyand dismissal of personnelhave over the
variables (cost, time and quality) of an already nished project, when there are
also initial restrictions on delivery time. That is to say, we want to analyze the
in°uence that the personnelmanagemen policies have on the output variables (the
necessarye®ortto carry out a project (EsfNec), delivery time (TpoDllo), and quality
or averagenumber of errors per task (Quality)), in a project over which there are
strong initial restrictions on delivery time.

To sum up, the attributes whosevalueswe want to know are: averagedelay in
hiring (RmCtrata), averagedelay in the adaptation of new technicians (RmAnvos),
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Table 1. Interested attributes in our Software Development Project.
Attributes Description (unit), initial value

DmT ecn Av erage daily manpower per sta® (%), 0.5

RmAnvos  Average delay in adaptation of new technicians
(days), 20

PesfDes Percentage of e®ort dedicated to the development
(%), 0.85

RmCtrata  Average delay in hiring (days), 30

Teclnicio Initial understatng factor (%), 0.4

TecCtrata  Most new hires per experienced sta® (technician),
3

PmxRet Maxim um delay percentage permitted in delivery

time (%), 1.16
RmDesp Time delay to transfer people out (days), 10

Dformar Number of trainers per new employee (%), 0.25
IESfEst Man-days underestimation fraction (%), 0.05
ItmoL cf Tasks underestimation fraction (%), 0.35
EsfNec Necessary
e®ort to carry out the project (technicians-days),
1111
TpoDllo Deliv ery time (days), 320
Quality Av erage number of errors per task (errors/task), 0

Table 2. Estimated intervals of the attributes of SDP.
Attributes CRCCRT GENERAL

DmT ecn - [0.5, 1.0]
RmAnvos [5, 15] [10, 120]
PesfDes - [0.5, 0.95]
RmCltr ata [5, 10] [5, 40]
Teclnicio - [0.2, 1.0]
PmxRet [1,1.2] -
TecCtrata - [1, 5]
RmDesp [5, 10] -
DFormar - [0.05, 0.4]
|IEsfEst - [0.05, 0.6]
ItmoL cf - [0.05, 0.6]

Table 3. Cut values considered as good by the project manager.

Cuts EsfNec TpoDllo Quality Num.Cases
CRCCRT

Cut 1 - - 352 (10%) - 0:45 (0.45%) 45
Cut 2 - - 352 (10%) - 0:35(0.35%) 12
GENERAL

Cut 1 . 2092 (90%) - 387 (20%) - 0:40 (0.40%) 48

cut 2 . 2092 (90%) - 387 (20%) 221
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Time delay to transfer people out (RmDesp) and the maximum delay percertage
permitted in delivery time (PmxRet). In table 1 we describe the attributes of the
processand we shaw their initial values.

In this researtt we have analyzedtwo strategies, and, therefore, we have gene-
rated two databases. The rst one, which we call CRCCRT, has been generated
by establishing a fast hiring policy2with initial restrictions on delivery time® The
secondone, which we call GENERAL, has beengeneratedwith a lessrestrictive
policy, in such a way that, in the simulation, both the number of attributes to
estimate and the range of valuesfor the output variables that establish when the
dewvelopmen of a project is acceptable,have beenexpanded(seetable 2).

We collect in table 3 the valuesof the cuts establishedfor the output variables
usedin both tools in this researd, distinguishing both databases. It have de ned
two cuts (percertages) for eadh one of them, which establish certain values for
the output variables. Each one of these cuts establishesdi®erert correct scenarios.
Thesecut valuesindicate the goalswewant to cover. For example,cut 1 of CRCCRT
has as goal to obtain managemen rules that will permit to maintain the delivery
time and the quality of the project below the indicated values,independertly of the
value obtained by the e®ort necessaryto carry out the project.

Togetherwith the cut value, we shav the maximum percertage, departing from
the initial value estimated by the manager of the project, that must not overcome
ead output variable in order to realisea project that adjusts to the initial estima-
tions. For example,in cut 1 of CRCCRT we considergood valuesfor delivery time
those included betweenthe initial estimation (320 days) and a permitted margin of
10% over such estimation (352 days), independertly of the value obtained for the
cost of the project.

In this table, we also o®erinformation about the number of caseghat have been
categorizedas acceptable. As can be seen,and as could be supposedfrom the very
beginning, the number of casesdecreasessthe restrictions on the project increase.
We can deduce,that too many restrictions could causea low probability of carrying
out an acceptable developmert project or ewven, that the probabilities were non-
existert. For example, the fact of imposing a restriction on the e®ort (EsfNec) for
the database CRCCRT, would provoke that the number of caseswere practically
nothing. In this casethe cut that establishesa larger number of correct scenarios
(221) is cut 2 for database GENERAL. That is obvious, since the restrictions are
only establishedon two variables and, besides,they are quite permissive (90% for
Quality, and 20% for TpoDllo).

4.2. Analysis of the database CRCCRT

aFast hiring implies that in the organization, hiring (RmCtrata), dismissal (RmDesp) and adap-
tation of new technicians (RmAnvos) are carried out quickly (Pmxret), that is to say, in a short
period of time (seetable 2).

bFast hiring policy has been analyzed since previous studies has shown that these kind of policies
favor the ful'Tmen t of the project delivery time although it cost increases.
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The databaseCRCCRT hasbeengeneratedimposing, in the simulation, restric-
tions on the attributes related to personnelhiring, making it to be fast, and, besides,
imposing strong initial restrictions on the delivery time [16].

With the strategy followed in the generation of this database, we pretend to
know the value of the attributes related to personnelmanagemen that permit to
obtain good results for delivery time and to maintain acceptablelevelsin the project
quality, independertly of the value obtained for the necessarye®ort to carry out
the project.

4.2.1. Cut 1: Restrictions on Time and Quality

For this database, cut 1 induces a set of rules on the input attributes, only
fulTling restrictions on delivery time (TpoDllo) and quality (Quality ), accordingto
the cuts establishedin table 3.

Results of GAR

The assaiation rules discovered by GAR, where the consequeb is formed by the
intervals of the variables TpoDllo 2 [320,352] and Quality 2 [0; 0:45], that is to
s&, the managemen rules that would have permitted to obtain good results simul-
taneously for delivery time and project quality, are the following ones:

R1: If RmAnv os 2 [12:4;14:6] and RmC tr ata 2 [6:7;9:3] and P mxR et 2 [1:10; 1:18].
support = 7%, condence = 91.3%, covered cases= 21, rc = 0.

R2: If RmAnv os 2 [12:5; 14:4] and RmC tr ata 2 [7:6;9:9] and PmxR et 2 [1:11; 1:19]
and RmD esp 2 [5;7]. support = 3%, con dence = 100%, covered cases= 10, rc = 7.

R3: If RmAnv os 2 [12:1; 14:8] and ReCtr ata 2 [6:9;9:7] and PmcR et 2 [1:11;1:17]
and RmD esp 2 [7:9;9:6]. support = 3%, condence = 90.91%, covered cases = 10, rc = 8.

R4: If RmAnv os 2 [11:8;14:7] and ReCtr ata 2 [9:1;9:9] and RmD esp 2 [6; 9:3]
support = 3%, condence = 76.92%, covered cases = 10, rc = 8.

The quanrtitativ e interpretation we can withdraw from the rules discovered by
GAR is the following: the support indicates the number of caseqpercertage) where
the conjunction of values of the rules is produced. The con dence shows the per-
certage of casesthat fulT sud conjunction and besides,ful'T the values of the
consequeh Togetherwith this information, we shav the number of casesthat ful'l
the rule in a correct way (covered cases)and the number of casesthat also belong
to other rules (rc). This interpretation will be applicable to the rest of the examples
that are shown next.

In this particular case,rule R1 shaws that 7% of the cases(21) ful'l the con-
junction of valuesRmAnv os 2 [12:4;14:6], RmCtrata 2 [6:7;9:3] and PmxR et 2
[1:10; 1:18] with the correct consequeh that is to say, with the values of the vari-
ableswithin the range establishedby the manager. The con dence value of 91.3%
shawsthat in the databasethere are 23 caseshat ful'l the anteceden, but that 2 of
them do not fulT the consequen Rule R2 shawsthat 3% of the cases(10)¥ul'T the
antecedert and the consequeh Besides,a 100% of con dence for this rule, means
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that all the cases(10) that ful T the anteceden, alsoful T the consequet We also
want to shaw that 7 of the casescovered by this rule are also covered by other rules
(rc= 7). In gure 5we o®erthe graphic represernation of theserules. We can ched
that the averagedelay in the incorporation of new technicians to the project and
their adequacy are attributes that appearin all the obtained rules. Such attributes
take, in all of them, valuesfrom medium to high within the interval de ned as fast
personnelmanagemen With regard to the obtained results, R1 would have been
the easiestrule to be applied, since, although it hasthe samenumber of attributes
than rule R4, we would have only to modify the valuesof RmAnvos y RmCtrata.

RmAnvos  RmClata Predet RmAnvos RmCirata ProRet  RmbDesp
R1 Rz

RmAmvos RmCtrata FPoxRet RmbDesp  RmAnves  RmCtrata  RmbDesp
R Ra

Fig. 5. Results of GAR on CRCCRT database for cut 1.

Results of ELLIPSES

The managemen rules induced by ELLIPSES that show information about the
results labeled as'Good' are the following (see gure 6):

R1: (RmA vnos-11.9)/3.14+( RmCtr ata -7.9)/1.57+( PmxR et-1.18)/0.02=1.
Success = 10, Errors = 1, before covered cases = 0.

R2: (RmA vnos -13.4)/1.65+( RmCtr ata -9.3)/1.53+( PmxR et-1.12)/0.02=1.
Success = 10, Errors = 1, Before covered cases= 0.

R3: (RmA vnos -13.6)/1.01+( PmxR et-1.16)/0.03+( RmDesp -8.6)/1.17=1.
Success = 5, Errors = 0, Before covered cases = 0.
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15 10 12 10 15 10 1.2 10 15 10 1.2 10

5 ] 1 5 5 5 1 5 ] 5 1 5
Rmfrwos RmCirata Prfet RmOesp Amnuos RmCtrsts PrxRet RenDesp Rmfrwos R Ctrats PrxRet Rmbesp

Ry Fig R3
Fig. 6. Results of ELLIPSES on CRCCRT database for cut 1.

In "gure 6 we o®erthe graphic represettation of theserules. The interpretation
that can be followed from them would be:

2 Figure 6.R1): RmAnvos, de ned in the interval [5,15], must take medium
high values(center 11.9with a margin of § 3.14), RmCtrata, de ned in [5,10],
must take medium high valuesbut without reacing the limit (certer 7.9 with
amargin of 8 1.57) and PmxRet, de ned in [1,1.2], must take very high values
(cernter 1.18with a margin of § 0.02), practically at the limit.

2 Figure 6.R2): RmAnvos takes high values (center 13.4 with a margin of §
1.65), RmCtrata takes high values (center 9.3 and a margin of 8 1.53) and
PmxRet takes medium high values (center 1.12 and margin § 0.02).

2 Figure 6.R3): RmAnvos must take high values without reacing the limit
(center 13.6with a margin of § 1.01), PmxRet must take high values, without
reaching the edge(center 1.16 and margin of § 0.03) and RmDesp de ned in
the interval [5,10], must take medium and high values, but without reading
the limit (center 8.6 and margin § 1.17).

4.2.2. Cut 2: Restrictions on Time and a High Quality Level

Cut 2 for database CRCCRT induces a set of rules on the input attributes
fulTing the restrictions on the same variables, but being less permissive as for
the averagenumber of errors for task (Quality) (seetable 3). We have to obsene
that, in this situation and for being a so restrictiv e policy, there is only 12 cases
categorizedas good.

Results of GAR

The assaiation rules discovered by GAR, where the consequen is formed by
the intervals of the variables TpoDllo 2 [320,352] and Quality 2 [0; 0:35], that is
to say, the managemen rules that would have permitted to obtain good results for
delivery time, demanding, besides,a high level of quality from the project, are the
following ones:



R1:

R2:

R3:

R4:
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If RmAnv os 2 [13:1;13:8] and RmC tr ata 2 [8:3;8:9] and PmxR et 2 [1:11; 1:18]
and RmD esp 2 [5;6:2]. Support = 1%, con dence = 100%, covered cases= 3, rc = 0.

If RmAnv os 2 [12:1;13:6] and RmC tr ata 2 [8:5;9:2] and PmxR et 2 [1:17; 1:18]
and RmD esp 2 [5;6:1]. Support = 1%, con dence = 100%, covered cases= 3, rc = 1.

If RmAnv os 2 [12:7; 14:1] and RmC tr ata 2 [7:1;8:6] and P mxR et 2 [1:13; 1:15]
and RmD esp 2 [7:9;8:2]. Support = 1%, con dence = 100%, covered cases = 3, rc = 0.

If RmAnv os 2 [14:4;14:7] and RmC tr ata 2 [9;9:8] and P mxR et 2 [1:02; 1:10]
and RmD esp 2 [6:1;8]. Support = 1%, con dence = 60%, covered cases= 3, rc = 1.

RmAnvos Rmitrata PnpfRet  RmbDesp RmAnvos RmCirata PnaxRet  RmDesp
= Ra2

RmAnvos RmCtrata PnpRet  RmbDesp RmAnvos RmChrala Prpdlet  RmDesp
Rs R4

Fig. 7. Results of GAR on CRCCRT database for cut 2.
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Figure 7 shaws the graphic represenation of these rules. With regard to the

previous cut, we can ched that in these rules appear all the attributes implied
in the database,and besides,that the rangesare narrower, which implies that, in
order to reach the desiredgoalsin this secondstudy, the control on theseattributes

by the project manager must be larger. We can chek that in all the obtained
rules, specially in R1, R2 and R4, the tendency is to realize the incorporation and
adequacyof the new technicians slowly, while the leaving of the project technicians
must tend to be realized quickly (always within the intervals we have de ned for

these attributes).

Although, the 4 attributes that have beenusedto generatethe databaseappear

in all the rules, in this case,rules R3 and R4 indicate that not only the attributes
related to the personnelmanagemen had to be modi ed but alsothe onerelated to



20

International Journal of Software Engineering and Know ledge Engineering

the initial restrictions on delivery time. Thus, it would have beenmore suitable to
apply the rules R1 or R2, sincethis last attribute was estimated within the interval
obtained in the rules.

Results of ELLIPSES

The rulesinduced by ELLIPSES whoseresults show restrictions on developmen

time and a high level of quality are the following:

R1:

R2:

R3:

(RmA nvos -13.5)/1.57 + (RmCtr ata -8.7)/0.28=1.
Success =5, Errors =2, Before covered cases=0.

(RmA nvos -12.4)/2.04+( PmxR et-1.16)/0.01+( RmDesp -6.9)/1.19=1.
Success =3, Errors =0, Before covered cases =0.

(RmMA nvos -14.8)/0.74+( RmCtr ata -9.9)/1.20+( PmxR et-1.06)/0.05=1.
Success =2, Errors =1, Before covered cases =0.

10 10 10 1.2 10

5 5 5 5 5 1 5 5 5 1 5
Rmirwos RmCirata Frxfet Rmbesp  Rmgnwos Rmctrats ProxRet Rmbesp Rminwos Rmictrsts PrxRet  Rmbesp

Fiy Py R

Fig. 8. Results of ELLIPSES on CRCCRT database for cut 2.

In "gure 8 we o®erthe graphic represenation of theserules. Next, we o®erthe

interpretation of theseresults.

2 Figure 8.R1): RmAnvos must take high values(center 13.5with a margin of
§ 1.57) and RmCtrata must take high valuesbut without reacing the limit
(center 8.7 with a margin of § 0.28).

2 Figure 8. R2): RmAnvos takeshigh valueswithout reacing the limit (center
12.4with a margin of § 2.04), PmxRet takeshigh valueswithout reacing the
limit (center 1.16 and margin 8 0.01) and RmDesp takesmedium low values
(center 6.9 and margin § 1.19).

2 Figure 8.R3): RmAnvos must take very high values (center 14.8 and margin
§ 0.74), RmCtrata must take high values(certer 9.9 and margin § 1.20) and
PmxRet must take medium and low values, but without reaching the limit
(center 1.06 and margin § 0.05).

4.3. Analysis of the database GENERAL
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The database GENERAL hasbeengeneratedwith a lessrestrictiv e policy than
the previousone,in such a way that we have expandedboth the number of attributes
to estimate and the cut percertage that establisheswhen the dewelopmert of a
project is good.

Given that the real values of this project for time and e®ort were of 387 days
and 2092 technicians-day respectively, what we are searding in this analysis are
the managemehn rules that would have improved the "nal values of this project,
keeping, at the sametime, the quality within acceptablelevels, asit is shown in
table 3. We can ched again, the samethan in the previous section, that if we limit
the goals,that is to say, if we only want to obtain, in a global way, good results for
time and e®ort, independertly of the values obtained for the project quality, the
number of suitable scenariosconsiderably increases(goesfrom 48 to 221).

4.3.1. Cut 1: Restrictions for time, e®ort and quality

The rst cut for this databaseis the only onethat establishesrestrictions on the
three output variables. Therefore, the rules that areinduced on the attributes must
fulT the three restrictions simultaneously, according to the cuts shawn in table 3.

Results of GAR

The assaiation rules discovered by GAR, where the consequen is formed by
the intervals of the variables Esf Nec?2 [1111,2092] and TpoDllo 2 [320,387] and
Quality 2 [0;0:40], that is, the managemen rules that would have permitted to
obtain, simultaneously, good results for delivery time, e®ort and project quality,
are the following ones:

R1: If RmAnv os 2 [33:2;78:3] and Pesf Des 2 [0:58;0:84] and T ecl nicio 2 [0:57;0:93]
and D Formar 2 [0:05;0:26] and | tmoLcf 2 [0:05;0:22].
Support = 2.2%, con dence = 84.62%, covered cases= 11, rc = 0

R2: If DmT ecn 2 [0:54;0:88] and RmAnv os 2 [41:4;78:4] and RmC tr ata 2 [15:1; 36:4]
and Tecl nicio 2 [0:62;0:98] and | tmoLcf 2 [0:05; 0:24]
Support = 2.6%, con dence = 86.67%, covered cases= 13, rc = 6

R3: If DmT ecn 2 [0:79; 0:91] and RmAnv os 2 [41:6;119:2] and RmC tr ata 2 [33:1; 39:6]
and Tecl nicio 2 [0:75;0:99]. Support = 2.2%, con dence = 84.62%, covered cases =11, rc = 2

Figure 9 shows the graphic represenation of the discoveredrules. In this case,
R1 is the chosenrule for being realizing a post mortem analysis of the project (rule
R2 is similar). This rule, although involves5 attributes (one more than rule R3),
is the one that is closerto the estimations realized for this project. That is to
say, we would have improved the obtained results if we had improved the initial
estimations on the size of the project (ItmoLcf), if we had increasethe average
delay of adequacy of the new technicians (RmAnvos) and if we had increasethe
number of technicians at the beginning of the project (Teclnicio). Rule R3 would
imply the modi cation of the four attributes since, the estimated values for each
one of them are not in the range of the valuesindicated in the rule.

Results of ELLIPSES
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RmAnvos PesfDes Teclnicio DFormar  Hiiolcf DmTec RmAnvos RMCtrata Teclnicio Ifiolch
R R2

DmTec RmAnvos RMCtrata Tecinicio
R3

Fig. 9. Results of GAR on GENERAL database for cut 1.

The managemern rulesinduced by ELLIPSES to obtain resultslabeledas'Good'
are the following®:

R1: (a-0.8)/0.16+(e-0.8)/0.15+(h-0.2)/0.05=1.
Success =9, Errors =1, Before covered cases=0.

R2: (a-0.9)/0.12+(b-94.3)/25.6+(d-33.0)/7.0+(e-0.9)/0.07=1.
Success =7, Errors =0, Before covered cases=2.

R3: (b-54.3)/44.32+(e-0.5)/0.22+(f-2.7)/0.24=1.
Success =6, Errors=1, Before covered cases=0.

R4: (d-36.0)/4.00+(e-0.8)/0.20+(h-0.2)/0.21+(i-0.2)/0.20=1.
Success=10, Errors =1, Before covered cases =5.

In gure 10 we shaw the graphic represertation of the rules obtained by EL-
LIPSES for time, e®ortand quality. Next, we o®erthe interpretation of theserules.

2 Figure 10.a). DmTecn must take medium-high or high values (center 0.84,
margin 0.16), Teclnicio must take high values (cernter 0.85, margin 0.15) and
lesfEst must take medium-low values(about 0.2 with a margin of 0.05). Thus,
in order to securea developmert processthat adjust to the initial necessities,
the dedication must be high (>70%), the percertage of technicians at the
beginning of the project must be high (>70%), but the initial estimation of
e®ort must not overcomemedium values (< 25%).

CKey: a) DmT ecn, b) RmAnvos, c) PesfDes, d) RmCtr ata, e) Teclnicio , f) TecCtrata, g) DFormar ,
h) lesfEst, i) ItmoL cf.
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Fig. 10. Results of ELLIPSES on GENERAL database for cut 1.

2 Figure 10.b). This rule indicates that an acceptabledevelopmert processwill
be carried out with the three conditions (e®ort, time and quality) if: DmTecn,
RmAnvos and RmCtrata take medium-high or high values (certers 0.9, 94.3
and 33 and margins 0.12,25.6 and 7.0 respectively) and Teclnicio takesvery
high values (center 0.9 and margin 0.1). We can deducethat if the delay in
the adaptation (RmAnvos) and in the hiring of newtechnicians (RmCtrata) is
high, more than 70 days and 25 days respectively, then, both the percertage
of initial technicians (Teclnicio) and the averagededication (DmTecn) must
be high, more than 80%in both cases.

2 Figure 10.c). Practically, RmAnvos has no in°uence, although it must not
take very high values (center 54.3 and margin 44.32). Teclnicio must take
medium low values (center 0.5 and margin of 0.22), although not very low,
and TecCtrata must take medium values(center 2.7 and margin 0.24). That
is, if the number of new technicians to be hired (TecCtrata) has a medium
value (¥42) then the perceniage of initial technicians (Teclnicio) can be a
medium low value (between 25% and 75%), but the delay in the adaptation
of technicians (RmAnvos) must not be very high (<100 days).

2 Figure 10.d). RmCtrata must take very high values (center 36 and margin
4), Teclnicio must take medium-high values (0.8 and 0.2) and both lestEsf
and ItmoLcf must take low or medium-low values (certer 0.2 and margin
0.2). That is to say, if the initial estimation of e®ort (lestEsf) and code lines
(ItmoL cf) are medium-low values (<40% in both cases)and the hiring delay
(RmCtrata) is very high (> 30 days) then the percertage of initial technicians
(Teclnicio ) must be a medium high value (> 60%).

4.3.2. Cut 2: Restrictions on time and e®ort

As the goalsof the project are lessambitious, we can ched in this casethat a
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larger number of possible scenarioshave beenfound and that the attributes that
we have to cortrol in order to ful' T the goalsof the project are smaller.

Results of GAR

The assaiation rules discovered by GAR, where the consequen is formed by
the intervals of the variablesJBSZM D 2 [1111,2092]y SCHCDT 2 [320 387],
that is, the managemen rules that would have permitted to obtain, simultaneously,
good results for delivery time, and e®ort, are the following ones:

R1: If Teclnicio 2 [0:64;0:99] and | tmoLcf 2 [0:05;0:48].
Support = 32%, con dence = 93.02%, covered cases = 160, rc = 0

R2: If Teclnicio 2 [0:59;0:86] and |tmoLcf 2 [0:25;0:44].
Support = 11%, con dence = 100%, covered cases = 54, rc = 48

R3: If RmAnv os 2 [17:8;81:6] and T ecl nicio 2 [0:55;0:92] and | tmoLcf 2 [0:05;0:29].
Support = 10%, con dence = 98.04%, covered cases = 50, rc = 44

Teclnicio Itiiol cf Teclnicio Kfolef  Rmfnos  Teclhicio HtfioLcf

R1 Rz Rs

Fig. 11. Results of GAR on GENERAL database for cut 2.

In "gure 11 we shaw the graphic represenation of the rules discovered by GAR.
Following the criteria proposed by the project manager, the easiestrules to be
applied, among the rules obtained, would have beenrules R1 and R2. We only
would have to modify an attribute in then, since,the underestimation of the size of
the project is maintained within the levels initially establishedand we would only
have to modify the value of the percertage of technicians that begin the project.
The selectionbetweenR1 and R2, will depend exclusively on the project manager,
aswe have said before, accordingto his knowledgeon the possibility of maintaining
the implied attributes within the intervals provided by the rules.

Results of ELLIPSES

The managemen rules induced by ELLIPSES to obtained results labeled as
'Good' are the following oneg!

dKey: a) DmT ecn, b) RmAnvos, c) PesfDes, d) RmCtr ata, €) TecInicio , f) TecCtrata, g) DFormar ,
h) lesfEst, i) ItmoL cf



R1:

R2:

R3:
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(e-0.9)/0.09 = 1.

Success =121, Errors =14, Before covered cases =0.

(e-0.7)/0.10 + (i-0.4)/0.12 = 1.

Success =33, Errors =0, Before covered cases =2.

(b-21.9)/11.42 + (e-0.6)0.11 = 1.

Success =19, Errors =2, Before covered cases =2.

Fig. 12. Results of ELLIPSES on GENERAL database for cut 2.

In "gure 12 we shaw the rules obtained by ELLIPSES for time and e®ort. Next.,
we o®ertheir interpretation.

2

2

Figure 12.a). We can notice how very high values (center 0.9 and margin
0.09) of attribute Teclnicio (>80%) are determinant for the realization of a
good software developmen project (121 casesout of 221), although there is a
11.5% (14 cases)of projects that had not an acceptabledevelopmen.

Figure 12.b). In this rule, we can notice again, the signi cance of attribute
Teclnicio, since its medium high values (center 0.7 and margin 0.10) and
medium high values(certer 0.4 and margin 0.12) of the attribute ItmoLcf, are
enoughto read to a good developmert. That is to say, if the percertage of
technicians estimated at the beginning of the project (Teclnicio ) hasa medium
high value (¥60%) then the initial estimation of code lines (ItmoLcf) must
not be very high, between25% and 50%.

Figure 12.c). In this rule we can notice how medium values (certer 0.6 and
margin 0.11) of Teclnicio and low values (center 21.9 and margin 11.42) of
RmAnvos would produce a suitable developmert, that is, if the percertage of
technicians estimated at the beginning of the project (Teclnicio) is not very
high, an averagevalue between50%and 70%, then the delay in the adaptation
of the technicians that are incorporated (RmAnvos) must be a very low value
(<30 days).
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5. Analysis of the results and criteria of selection of rules

The use of a tool to obtain managemen rules, allows the managersof a SDP
to facedi®erert situations when they have to de ne the most suitable managemen
policiesin order to optimise the "nal valuesof certain variables either individually
or globally:

1. There are certain managemen policiesthat are already imposed,sothey can
not be modi ed. For example,that the averagededication of the technicians
must be 40%, or that the delivery time must not overcome the estimated
onein more than 10%, or that it should not be possiblethe incorporation of
new personneloncethe project has began, etc. This situation becomesmore
evident in those caseswhere the maturit y level of the organization is dixcult
to modify.

2. There are no initial restrictions asfor the managemen policiesto be applied.
In this case,the project managerhas a wide margin of decision.

3. Another situation, perhapsthe most common, is producedwhen we know the
characteristics of the project environment and the organisation ervironment
, but we do not know or there is some uncertainty about the speci ¢ char-
acteristics of the SPD to be realised, fundamenally what a®ectsthe initial
estimation of delivery time, cost of the project and size of the product to be
developed.

On the other hand, once we have obtained the managemen rules, the project
manager will be the one who decide which rules are the easiestto be applied de-
pending on the speci ¢ project and of the software organisation with which he is
working. He will also be who, before starting the dewelopmert and once the at-
tributes that appearin the obtained managemen rules are analysed, decide which
attributes can be handled to keepthem within the valuesthat appear in the rules
and which not, in order to optimise the results of the variables or group of variables
he is interested in. In any case,the managerwill also know that if he does not
keep within the obtained values, he will not have guaranteed the optimisation of
the results.

The criteria that the project manageruseto consider,in order to decidewhich
are the bestrulesto be applied of all the onesobtained in the data mining process,
are:

1. To choosethe rules that collect the largest number of scenariosand success.
2. To choosethe rules with the least number of attributes.

3. If a post mortem analysis is carried out (state of the project that we are
going to use), we consider that the best rules are those that implicate the
modi cation of a smaller number of attributes. That is to say, from among
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the attributes that appearin the rule, which onesare within the initial values
and which oneswould have to be changed.

4. If an a priori analysis is realised, we must choose those rules that have at-
tributes easyto be cortrolled throughout the developmert process.

5. Finally, to choosethe rule or rules with which we can estimate the bestresults.
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400 days -_;1'" 383
et
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1600 t-d ; ,« 1647
350 days _J' S
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0 129 253 387
time
Effort t-d
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TIme(Rﬂ_"—"—"'-—-—--dayg

Fig. 13. Comparison betweenthe nominal simulation with the one of the project for R1.

Finally, by meansof the project simulator it is possibleto chedk and compare
graphically the results that we could obtain in the project by applying the rules
induced by the previous process. Next, we shaw the ewlution of the project by
applying someof the rules induced by the former tools.

Thus, in "gures 13 and 14 we comparethe nominal evolution of the project with
the ewlution that we would have obtained if we had applied rules R1 and R3 for
cut 1 of the database GENERAL. The valuesobtained for delivery time in R1 and
R3 were 383 and 380 days respectively, while the values for e®ort were 1647 and
1869technicians-day respectively. In the light of theseresults, the project manager
will be who decidethe rule to be chosen,given that we obtain better resultsin time
in R3 than in R1 at the expenseof a greater e®ort.

As for ELLIPSES, with regardto the results obtained for both cuts of CRCCRT,
the project managerwill always be, aswe have said before,who decidethe manager
rule that had to be applied in order to obtain the desiredresults. From the point
of view of the criteria indicated for the selectionof the rules, rule 1 from cut 2 had
beenthe easiestto be applied, since we get to improve the project quality levels
with it and, we should only haveto cortrol two attributes, RmAnvos and RmCitrata,
although the intervals where they can move are lesswide than in other rules.



28 International Journal of Software Engineering and Know ledge Engineering

x0 t-d 2092
e i
2403 days Al 387
230 t-d 7] 380
days ot =
l,%% t-d NSO, . . | 1869
350 days . f:
160 t-d 7 |
35) days y -
100 t-d 7 I“-".'.
300 days e /A
Lo t-d ]
300 days
0 129 2% 287
time
Effort t-d
Dg"uary Time ==sssmsstissnriranasssnnnrriannsiinnn days
Eforf (R3) = == = == = o o o o o = -d
ﬁme(ﬁg,,—u—-—._._.,days

Fig. 14. Comparison betweenthe nominal simulation with the one of the project for R3.
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Fig. 15. Checking of the results obtained with rules R1 and R3 for CRCCRT.
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In "gure 15, we can seewhich would have beenthe ewlution of the necessary
e®ortand of the delivery time if we had applied R1 or R3. We can ched that both
in R1 and R3 the time would have been practically the same, 350 and 351 days
respectively, but the e®ortwould have beenof 2615technicians-day (t-d) in R1 and
2769t-d in R3. Therefore, asit wasexpected, both rules allow to obtain the desired
goalsfor time and quality and, besidesR1 would have permitted to improve the
results of the necessarye®ortto carry out the project.

6. Conclusions

With the current simulation systemsit is possibleto model and simulate the
complex behavior of the software dewvelopmert processesand to generatedi®erert
scenariosfor the sameproject. One of the mostimportant advantagesof this process
is that we can "test", without any cost, the e®ectthat will have on the project the
application or not of di®erert managemehn policies. On the other hand, one of the
greatestdisadvantagesin the developmen process/iesin the necessiy of estimating
a great number of attributes (more than 60 in some of them) that determine its
ewolution. That is, the managerof the project hasthe ditcult task of estimating,
not only the most suitable value for ead one of the attributes that in°uence on
the developmert process,but, also, the optimal combination of the values of suc
attributes.

This disadvantage has been solved in recent researtes, by means of the use
of automatic learning techniques and databasesgenerated by a project simulator
[17][18][6].

The conjunction of both techniques, dynamic systemssimulation and data min-
ing, allowsto obtain automatic managemen rulesin order to make easythe decision-
taking in the managemenmn processof software project. The obtained managemen
rules give very useful information about the attributes or characteristics of the
project and about the organization to control the developmert processand to ful'l
with the goalsof the project.

Before beginning the developmen, some managemen policies are known with
certain security for being supported by the experiencein similar projects, but many
others are imposedby the own dewelopmert organization and/or the client. The
obtained managemern rules are going to permit us to know within which intervals
the attributes about which we really have any uncertainty can move. Thus, we can
decreasethe uncertainty we have about certain managemenm policies when we are
estimating the project and ched, in already nished projects, the accuracy of the
realized assessmes.

In this paper we have preseried the application of the tools GAR and ELLIPSES
as a method to analyze databasesof software developmert projects. These data
mining techniquesare able to generatemanagemetn rules in order to make easythe
decision-taking to the project managers.

Finally, we want to indicate that, the application of the automatic learning tech-
niquesto real historical bases,would permit to obtain managemen rules basedon
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the experienceof the work carried out to date by the developmert organization. So,
if this happens,we can say that the experienceacquire by a developmert organiza-
tion will be useful to the managersto estimate and to managefuture projects and
will not be exclusive of only one person.
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