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t. De
ision making has been traditionally based on a managersexperien
e. This paper, however, dis
usses how a software proje
t sim-ulator based on System Dynami
s and Evolutionary Computation 
anbe 
ombined to obtain management rules. The purpose is to provide a
-
urate de
ision rules to help proje
t managers to make de
isions at anytime in the software development life 
y
le. To do so, a database fromwhi
h management rules are generated is obtained by a software proje
tsimulator based on system dynami
s. We then �nd approximate optimalmanagement rules using an evolutionary algorithm whi
h implements anovel method for en
oding the individuals, i.e. rules to be sear
hed bythe algorithm. The resulting management rules of our method are also
ompared with the ones obtained by another algorithm 
alled C4.5. Re-sults show that our evolutionary approa
h produ
es better managementde
ision rules regarding quality and understandability.1 Introdu
tionDe
ision making is an important part of software pro
esses. Most organisationsallo
ate resour
es based on predi
tions and improving their a

ura
y of su
hpredi
tions redu
e 
osts and make use of resour
es in a more e�e
tive way.In this work we have 
ombined System Dynami
s and Evolutionary Compu-tation to a
hieve high quality de
ision rules. On the one hand, dynami
 modelssu
h as System Dynami
s are be
oming popular among the Software Engineer-ing resear
h 
ommunity as they may provide a better solution to some of theproblems found in Software Engineering when 
ompared with traditional stati
models. In prin
iple, dynami
 models 
an help in making good de
isions withdata that are s
ar
e and in
omplete. On the other hand, Evolutionary algorithmsallow us to �nd an approximate optimal solutions in a large sear
h spa
e, i.e.,



2 Aguilar{Ruiz et al.management rules in a database generated by the proje
t simulation based onSystem Dynami
s.The organisation of the paper is as follows. Se
tion 2 dis
usses the relatedwork. Se
tion 3 presents the approa
h taken for generating management rules.Se
tion 4 dis
usses a series of s
enarios to prove our approa
h. Se
tion 5 dis
ussesits validation with a generi
 framework. Finally, Se
tion 6 
on
ludes the paperand future work is outlined.2 Related Work2.1 System Dynami
s and Software Proje
t SimulatorsSystem Dynami
s is a method for studying how 
omplex systems 
hange overtime where internal feedba
k loops within the stru
ture of the system in
uen
ethe entire system behaviour [9℄. In System Dynami
s, it is ne
essary �rst tounderstand the behaviour of the real word so that important 
ause{e�e
t rela-tionships, whi
h are 
alled base me
hanisms, 
an be modelled. The formal model
onsist of a set of mathemati
al equations whi
h 
an be represented graphi
allyas 
ow graphs.The appli
ation of system dynami
s to software proje
ts provides the per-spe
tive of 
onsidering them as 
omplex so
io{te
hnologi
al systems. Their evo-lution will be determined by their internal stru
ture as well as the relationsestablished inside the working team. This allows the development of dynami
models to des
ribe the feedba
k stru
ture of the system being modelled as wellas the mental pro
ess followed by proje
t managers in making de
isions.The building of a dynami
 model for a software proje
t is based on the evo-lution of the proje
t and the attainment of the proje
t goals su
h as meetingthe deadlines, a proje
t phase being within budget, et
. depends on (i) a set ofinitial parameters that de�ne the initial estimations and (ii) the managementpoli
ies to be applied. These poli
ies are related with the proje
t (number oftasks, time, 
ost, number of te
hni
ians, software 
omplexity, et
.) and the orga-nization (maturity level, average delay, turnover on the proje
t's work for
e, et
).Using of software proje
t simulation environments based on dynami
 models su
has Vensim, iThink, et
., proje
t managers 
an experiment di�erent managementpoli
ies without additional 
ost in
luding the following:1. A priori, proje
t analysis, to simulate the proje
t before initiation.2. Proje
t monitoring, to simulate the proje
t during its development phase foradapting the proje
t estimation to its a
tual evolution.3. Post-mortem analysis through the simulation of a �nished proje
t, to knowhow the results obtained 
ould have been improved.2.2 Abdel{Hamid's System Dynami
 ModelAbdel-Hamid [1℄ developed an model in order to study the e�e
ts of proje
tmanagement poli
ies and a
tions on software development. Developed to help



Generation of Management Rules using SD and EC 3understanding the software development pro
ess allows to evaluate the impa
tof management poli
ies. Being the software development of 
omplex systemsdiÆ
ult to understand in its entirety, Abdel-Hamid's model is partitioned intofour subsystems that are manageable and understandable (see Figure 1):1. Human Resour
e Management Subsystem deals with hiring, training, assim-ilation and transfer of the human resour
es.2. Software Produ
tion Subsystem models the software development pro
essex
luding requirements, operation and maintenan
e. This subsystem hasfour se
tors: Manpower Allo
ation, Software Development, Quality Assur-an
e and Rework, and System Testing.3. Control Subsystem deals with the information that de
ision makers haveavailable. The model takes into a

ount that it is diÆ
ult to know the true-state of a pro
ess during development as usually su
h information is ina

u-rate.4. Planning Subsystem takes into a

ount the initial proje
t estimates. Su
hestimates need to be revised through the software proje
t life 
y
le.
Software Production

Planning

Human Resource Management

ControlFig. 1. High Level View of Abdel-Hamid Model of Software Proje
t Management.2.3 Evolutionary AlgorithmsEvolutionary Algorithms (EA) are a family of 
omputational models inspiredby the 
on
ept of evolution and natural sele
tion. These algorithms employ aramdomised sear
h method to �nd approximate optimal solutions to a parti
ularproblem [12℄. Generally, this approa
h is applied to sear
h spa
es that are toolarge to use exhastive te
hniques.Based on a generally 
onstant size population of individuals, an EA followsan iterative pro
edure based on sele
tion and re
ombination operators to gener-ate new individuals in the sear
h spa
e. Su
h individuals are usually representedby a �nite string of symbols 
alled 
hromosome. They en
ode a possible solu-tion in a given problem sear
h spa
e whi
h 
omprises of all possible solutions



4 Aguilar{Ruiz et al.to the problem. The length of the string and the population size are 
ompletelydependent of the problem in hand and the �nite string of symbol alphabet 
anbe binary, real{valued en
odings, tree representations, et
. The population sim-ulates natural evolution in the sense that iteratively good solutions (individuals)generate other solutions (o�springs) to repla
e bad ones retaining many featuresof their parents. Therefore, a 
riti
al fa
tor is to know how good is a solutionwhi
h depends on a �tness fun
tion so that high{�tness individuals stand a bet-ter 
han
e of reprodu
ing, while others are likely to disappear. Another 
riti
alfa
tor is how new solutions are formed. This is usually 
arried out using twogeneti
 operators named 
rossover and mutation. Crossover 
reates a new indi-vidual 
ombining parts of its parents representation. Mutation 
hanges randomlya small part of the string that represents the individual.2.4 De
i
ion Trees and Management RulesA de
ision tree is a 
lassi�er with the stru
ture of a tree, where ea
h node is is aleaf indi
ating a 
lass, or an internal de
ision node that spe
i�es some test to be
arried out on a single attribute value. A well-known tool for produ
ing de
isiontrees is C4.5 [14℄ whi
h basi
ally 
onsists of a re
ursive algorithm with a divideand 
onquer te
hnique that optimises a de
ision tree. The main advantage ofde
ision trees is their immediate 
onversion to rules (in the form of if ... then...) that 
an be easily interpreted by de
ision-makers. For example, assume ahypotheti
al database that asso
iates weight (in kilogrammes) and height (inmeters) of a person with having a paper a

epted in a relevant 
onferen
e. Thedatabase is a sequen
e of tuples su
h as (83, 1.71, no), (71, 1.62, yes), et
. A ruledes
ribing the relationship among attribute values and 
lass might be: if weight2 [60, 70℄ and height 2 [1.60,1.68℄ then he/she is a 
andidate for having a papera

epted. It is to note that (i) the �nding of these rules 
an be ta
kled with manydi�erent te
hniques, one su
h te
hnique being evolutionary algorithms and (ii)su
h rules may produ
e relationships between variables that are not be evident.In software engineering, it is possible to generate management rules auto-mati
ally for any proje
t and to know the managerial poli
ies that ensure thea
hievement of its initial aims. The deviations from the initial estimates 
ouldbe dete
ted (monitoring) and the behaviour of the pro
ess is well understoodthrough the management{rule set. In short, management rules make it possibleto:{ obtain values 
onsidered as good for any variable of interest (time, e�ort,quality, number of te
hni
ians, et
.), independently or together with othervariables;{ analyse managerial poli
ies 
apable of a
hieving the aims of the proje
t;{ know to whi
h range of values the parameters must belong in order to obtaingood results.



Generation of Management Rules using SD and EC 53 Our Approa
hOur goal is to �nd management poli
ies that produ
e good results for variablesof interest in every s
enario taking into a

ount that quality must be prioritised,i.e, we must 
onsider only high quality proje
ts. Based on these 
onstraints,we try to obtain poli
ies that minimize the delivery time (independently of thee�ort), the e�ort (without taking into a

ount the delivery time) or both deliverytime and e�ort at on
e. Figure 2 shows the pro
ess to obtain de
ision rules:1. De�ne the intervals of values for the attributes of the dynami
al model (seeTable 2 whi
h will be dis
ussed in the 
ase studies).2. De�ne the goals of the proje
t (values for time and 
ost).3. Generate the database: ea
h simulation produ
es a re
ord with the values ofthe parameters and the values of the variables as it is shown in Table 3 inthe next Se
tion.4. Assign labels to the re
ords a

ording to a threshold for every variable.5. Generate de
ision rules from the previously generated database using ourevolutionary algorithm.6. Compare generated de
ision rules with those produ
ed by usign the C4.5algorithm.It is to note that the �rst two steps previously are performed by the proje
tmanager and the next two items are exe
uted automati
ally (see Figure 2).
Defining intervals for

the parameters 

of the model

Defining the goals

of the project

Software

Project

Simulator

Database
Evolutionary

Algorithm

Management

Rules

IF x < var < y
AND ...
THEN ...Fig. 2. Automati
 Generation of Management Rules.3.1 System Dynami
sIn our approa
h, de
ision rules are generated by the evolutionary algorithmbased on the database generated by the Abdel{Hamid's dynami
 model [1℄ sim-ulating the temporal behaviour of the proje
t. It 
ontains the 
ontrols for settingthree groups of required parameters: the parameters of the proje
t (size, num-ber te
hni
ians et
.), the parameters of the organisation (average delays relatedto hiring, dismissals et
.) and �nally, the parameters 
ontrolling the simulation



6 Aguilar{Ruiz et al.pro
ess. Our generated database 
onsist of a sequen
e of tuples with 
ontinuousattributes and a 
lass label.Abdel-Hamid's work was 
hosen be
ause in addition to emphasise proje
tmanagment, des
riptions, validation and 
on
lusions of his model are extensivelyreported. software proje
t management.3.2 Evolutionary ComputationEvolutionary 
omputation provides an interesting approa
h for dealing with theproblem of extra
ting knowledge from databases. In this 
ase, the sear
h spa
e
omprises of management rules for de
ision making and we will try to �nd arule set that des
ribes the knowledge within data in order to 
lassify it. For anattribute ai, the rules take the form of \if aj 2 [lj ; uj ℄ then 
lass", where lj anduj are two real values belonging to the range of the attribute and lj < uj .Two 
riti
al fa
tors in
uen
e the de
ision rules obtained by using evolution-ary algorithms: (i) the sele
tion of an internal representation of the sear
h spa
e(
oding) and (ii) the de�nition of an external fun
tion that assigns a value ofgoodness to the potential solutions (�tness).Coding Our approa
h, 
alled \natural 
oding", uses one gene per 
ontinuousattribute leading to a redu
tion in the sear
h spa
e, i.e., the spa
e of all feasiblesolutions. This redu
tion has a great in
uen
e on the 
onvergen
e of the evolu-tionary algorithm, i.e., �nding approximate optimal rules. Our 
oding methoduses natural numbers so that a value per attribute is ne
essary, i.e., every in-terval is en
oded by one natural number, leading to a redu
tion of the sear
hspa
e size. Natural Coding is formally des
ribed in [2℄. The reader 
an have abetter understanding of this 
oding method, for 
ontinuous as well as dis
reteattributes, by referring to that work.Fitness Fun
tion The �tness fun
tion must be able to dis
riminate between
orre
t and in
orre
t 
lassi�
ations of samples. Finding an appropriate fun
tionis not a trivial task, due to the noisy nature of most databases.The evolutionary algorithm maximizes the �tness fun
tion f for ea
h indivi-dual and it is given by the equation 1.f(i) = 2(N � CE(i)) +G(i) + 
overage(i) (1)where N is the number of examples being pro
essed; CE(i) is the number of
lass errors, whi
h is produ
ed when an example belongs to the region de�nedby the rule but it does not have the same 
lass; G(i) is the number of examples
orre
tly 
lassi�ed by the rule; and the 
overage of the ith rule is the proportionof the sear
h spa
e 
overed by su
h rule.



Generation of Management Rules using SD and EC 7Algorithm The algorithm is a typi
al sequential 
overing EA [13℄, i.e., it
hooses the best individual of the evolutionary pro
ess, transforming it intoa rule whi
h is used to eliminate data from the training �le [17℄. In this way,the training �le is redu
ed in the next iteration. The method of generating theinitial population 
onsists of randomly sele
ting an example (with the label ofinterest) from the training �le for ea
h individual of the population. Afterwards,an interval to whi
h the example belongs is obtained by adding and subtra
tinga small random quantity from the values of the example. A termination 
riterionis rea
hed when there is no more examples to 
over.Table 1. Parameters of the evolutionary algorithmParameter ValuePopulation size 100Generations 50Crossover probability 0.5Individual Mutation probability 0.2Gene mutation probability 0.1Table 1 gives the values of the parameters involved in the evolutionary pro-
ess. It is worth noting that the de
ision rules presented below were obtainedby running the evolutionary algorithm 50 generations. This means that the run-ning time of the algorithm was very small (less than a minute in a Pentium II450MHz).4 Case Studies: Generation of Rules for SoftwareDevelopment Proje
tsBy simulating the Abdel{Hamid's dynami
 model [1℄ we obtained three di�erents
enarios. These s
enarios are de�ned by intervals of values that the attributes
an take. It is worth noting that the initial values were almost the same as thosedes
ribed by Abdel{Hamid. Only four attributes were modi�ed, taking randomvalues from previously de�ned intervals. Ea
h row 
omprises of the name of theattribute in the model, the range of values it 
an take, a brief des
ription of itsmeaning and its estimated value at the beginning of the proje
t.Table 2. Parameters of the environment of the proje
t and organisation.Attribute Interval Des
ription Estimated ValueASIMDY [5,120℄ Average assimilation delay (days) 20HIREDY [5,40℄ Average hiring delay (days) 30TRNSDY [5-15℄ Time delay to transfer people out (days) 10MXSCDX [1-50℄ Max s
hl 
ompletion date (dimimensionless) 3



8 Aguilar{Ruiz et al.Table 3. Variables of the environment of the proje
t and organisation.Variable Des
ription Estimated ValueEFFORT E�ort for the proje
t development (te
h. per day) 1.111TIME Delivery time (days) 320QUALITY Quality of the �nal produ
t (errors/task) 0The attributes ASIMDY, HIREDY, TRNSDY (related with the new person-nel management enrolled to the ongoing proje
t) and MXSCDX (related withthe de
ision of imposing 
onstraints to the delivery time) des
ribed in Tabla 2,will allow us to analyse their in
uen
e on the variables of the proje
t (mainly,delivery time, 
ost or e�ort, and quality) des
ribed in Table 3. Table 2 showsattribute names and their des
ription, range and initial estimated input value.Table 3 shows attribute names, des
ription and initial estimated output value.These input and output parameters will be used to generate the following s
e-narios:{ S
enario 1: Attributes 
an take any value within the range (as de�ned inTable 2).{ S
enario 2: Attributes related with the personnel management take the lowvalues in their range, i.e. ASIMDY in [5,15℄, HIREDY in [5,10℄ and TRNSDYin [5,10℄, so that the personnel management is fast. Moreover, the date ex-tension 
an not be greater than 20% of the initially estimated value.{ S
enario 3: Personnel management is the same as in the previous s
enarioand MXSCDX 
an take any value within its range.4.1 S
enario 1The results for this s
enario are as follows: the variable EFFORT take valueswithin the range [1589,3241℄, TIME in [349.5,437℄ and QUALITY in [0.297,0.556℄.In order to assign a label to the re
ords, the variables were dis
retized, takingone threshold for TIME and EFFORT and two for QUALITY. The 
onstraintsover the attributes and variables are shown in Table 4, where rows indi
ate
onstraints over variables and 
olumns over attributes. Only 8 out of three hun-dred simulations had QUALITY less than 0.35, whereas when QUALITY is lessthan 0.45 there were 26 re
ords with EFFORT under 1888 and 27 re
ords withTIME under 384. Only one re
ord satis�ed both 
onstrains EFFORT and TIMEsimultaneously.We used the evolutionary algorithm to �nd rules that provide an adequatee�ort, a good delivery time or an ex
ellent quality (three independent analysis).Rule for e�ort: a rule 
overing 22 re
ords (C4.5 produ
es two rules 
overing23 re
ords).



Generation of Management Rules using SD and EC 9Table 4. Number of Software Development Proje
ts satisfying the 
onstraints. Rowsindi
ate 
onstraints over variables and 
olumns over attributes: (1) None; (2) EFFORT< 1888; (3) TIME < 384. Constraint (1) (2) (3)NONE 300 42 37QUALITY < 0.35 8 1 8QUALITY < 0.45 227 26 27if 101� ASIMDYand 20.2� HIREDYand 6.9� MXSCDXthen EFFORT� 1888 and QUALITY� 0.45If the assimilation and the hiring are slow then the e�ort is optimised.Rule for time: a rule 
overing 20 re
ords (C4.5 produ
es two rules 
overing 21re
ords).if 7� ASIMDY� 17.9and 5.6� HIREDY� 39.5and 2.3� MXSCDXand 5.4� TRNSDYthen TIME� 384 and QUALITY� 0.45This rule shows that the intervals for the attributes HIREDY, MXSCDXand TRNSDY are very unrestri
ted, i.e. these attributes might take anyvalue within the range. Therefore, the rule 
ould only 
onsider the attributeASIMDY: a fast assimilation should enough to ful�l the time 
onstrains.Rule for quality: if QUALITY must be less than 0.35, only 8 re
ords withTIME less than 384 were obtained. The evolutionary algorithm needs onerule (while C4.5 needs two rules).if ASIMDY� 23.2and 5.9� HIREDY� 32.8and 13.1� MXSCDX� 47.1and 5.5� TRNSDY� 10.8then TIME� 384 and QUALITY� 0.35This rule is similar to the previous one but there is a warning about min-imising the average delay to transfer people.4.2 S
enario 2For this s
enario the variable EFFORT takes values in [1709,3395℄, TIME in[349.5, 354.3℄ and QUALITY in [0.235, 0.661℄. The thresholds for labelling thedatabase were 1999 for EFFORT, 352 for TIME and 0.35 and 0.45 for QUALITY.The number of re
ords satisfying these 
onstraints are shown in table 5.



10 Aguilar{Ruiz et al.Table 5. Number of Software Development Proje
ts satisfying the 
onstraints. (1)None; (2) EFFORT < 1999; (3) TIME < 352.Constraint (1) (2) (3)NONE 300 105 297QUALITY < 0.35 13 0 12QUALITY < 0.45 47 1 45Rules for time: two rules 
overing 31 re
ords out of 45. (C4.5 produ
es 3 rules
overing 22 re
ords).if 11.6 � ASIMDYand 6.3 � HIREDYand 1.1� MXSCDX � 1.15then TIME� 352 and QUALITY� 0.45if 8.6 � ASIMDYand 6.8 � HIREDY � 9.5and 1.16 � MXSCDXthen TIME � 352 and QUALITY � 0.45These rules are 
omplementary in relation to the s
hedule 
ompletion dateextension: the �rst one has a �xed s
hedule and the se
ond one has not.Rules for quality: for 12 re
ords with QUALITY less than or equal to 0.35 theevolutionary algorithm produ
ed a rule 
overing six of them (C4.5 produ
edthree rules 
overing 8 out of 12):if 11.8 � ASIMDYand 7.8 � HIREDY � 9.8and 1.1 � MXSCDX � 1.19and TRNSDY � 6.8then TIME � 352 and QUALITY � 0.35To improve the quality, the rule must limit the time delay to transfer peopleout.4.3 S
enario 3The model is again simulated 300 times with the following values for the vari-ables: EFFORT in [1693,2415℄, TIME in [349.5,361.5℄ and QUALITY in [0.236,0.567℄.The threshold for labelling the database are the same that in the se
ond s
enario.The number of re
ords satisfying the 
onstraints is shown in Table 6.Rules for e�ort and time: the s
enario 3 is the only one that has a 
ase whi
hboth 
onstraints over time and e�ort were satis�ed: when EFFORT<1999and QUALITY<0.45 there are 11 
ases mat
hing TIME <352 by 
han
e.Two rules 
over these re
ords (C4.5 needs three rules).



Generation of Management Rules using SD and EC 11Table 6. Number of Software Development Proje
ts satisfying the 
onstraints. (1)None; (2) EFFORT < 1999; (3) TIME < 352.Constraint (1) (2) (3)NONE 300 164 226QUALITY < 0.35 43 0 9QUALITY < 0.45 116 11 49if 8.4 � ASIMDY � 11.5and 8.8 � HIREDYand 9.3 � MXSCDXthen EFFORT � 1999 and TIME � 352and QUALITY � 0.45 (7 re
ords)if 9.8 � ASIMDY � 11.2and 6.8 � HIREDY � 8and MXSCDX � 39.5then EFFORT � 1999 and TIME � 352and QUALITY � 0.45 (4 re
ords)if 9.8 � ASIMDY � 11.2and 6.8 � HIREDY � 8and MXSCDX � 39.5then EFFORT � 1999 and TIME � 352and QUALITY � 0.45 (4 re
ords)These rules point out that for obtaining good results simultaneously (TIMEand EFFORT) is essential a fast assimilation of te
hni
ians. The two rulesare 
omplementary in relation to HIREDY and MXSCDX.Rules for time: if we only wish to minimise the variable TIME, we 
an produ
esimilar rules as before by relaxing the assimilation (ASIMDY). In this way,we 
an a

ept values for this parameter less than 14.5 Validation and Dis
ussionKit
henham et al. [11℄ propose a framework for validating a bidding system,whi
h 
an also be used for evaluating Dynami
 Systems. The evaluation frame-work is 
omposed of �ve quality aspe
ts: (i) synta
ti
 quality, (ii) semanti
 qual-ity, (iii) pragmati
 quality, (iv) test quality and (v) value quality. For ea
h qual-ity aspe
t, the authors de�ne goals and means to a
hieve them. We will use thisframework for dis
ussing our approa
h.The synta
ti
 quality goal is synta
ti
 
orre
tness. Systems Dynami
s havea well de�ned syntax based on graphs and formal models so that they areamenable to automation. Rules and de
ision trees have also a well de�nedsyntax.



12 Aguilar{Ruiz et al.The semanti
 quality goal 
omprises of feasible validity and feasible 
om-pleteness. In the 
ontext of System Dynami
s, feasible 
ompleteness meanthat the model in
lude all the relevant 
ausality relationships in the domain.Feasible validity refers to the 
orre
tness of su
h relationships to the domain.Kit
henham et al. de�ne 'tra
eability to the domain' as the model propertythat supports the semanti
 quality goals.As we have stated previously, Abdel-Hamid's is not only well do
umented,but it was also semanti
ally validated in several ways: (i) repli
ation of ref-eren
e models based on extensive review of the literature, (ii) fa
e validitybased on interviews with software proje
t managers at major organizationsto �ll in gaps in the literature, (iii) extreme 
onditions simulation, (iv) 
asestudy parameterizing it for a NASA software development proje
t and re-produ
ing the patterns of the 
ompleted software proje
t (
ost, s
hedule,and work for
e loading).In our opinion, semanti
 quality goals are the most diÆ
ult to a
hieve in the
ontext of System Dynami
s and sin
e they are related to the problem ofknowledge eli
itation. Another important point highlighted by Kit
henhamet al. is the di�eren
e between generi
 and spe
ialized models. The same ap-plies to System Dynami
s, where 
ausal relationships of software pro
esses
ould be de�ned in a generi
 way but on
e these generi
 pro
esses are mod-elled it 
an be diÆ
ult to adapt them to other more 
on
rete environments.The pragmati
 quality deals with the issue of how to express a model and it
omprises of two goals: feasible 
omprehension and feasible understandabil-ity. Methods to fa
ilitate 
omprehension in
lude visualization, explanationand �ltering whi
h 
an be assessed through empiri
al studies. Expressivee
onomy and stru
turedness are model properties that enable the feasibleunderstandability quality aspe
t. In our 
ase, the do
umentation and guide-lines provided by Abdel{Hamid help to 
ustomise and improve the model.In relation to the set of rules are intuitive and self{do
umented.Test Quality The goal for the test quality aspe
t is feasible test 
overage. Sim-ulation studies 
an be used to assess this quality aspe
t.Value Quality refers to pra
ti
al utility. Kit
henham et al. in
lude appropri-ate user manuals, training et
. as means to a
hieve it. In the 
ontext ofSystem Dynami
s, proje
t managers and quality assuran
e engineers needto understand the underlying models to apply them 
orre
tly. In relation tothe quality of the set of rules produ
ed by the evolutionary algorithm, thereare many advantages of our approa
h in 
omparison with C4.5. For example,our algorithm sear
hes for rules whi
h 
over re
ords with the label identi�edby the user whereas C4.5 [14℄ generates a de
ision tree in whi
h all the labelsappear, i.e., in
luding those not helping to manage the proje
t properly; fromthese rules we 
annot extra
t useful knowledge related to management poli-
ies. C4.5 always produ
ed more rules 
overing less re
ords. In many 
ases,the intervals found by C4.5 for some parameters had a very small range,whi
h is inappropriate if proje
t manager want to vary su
h parameters toa
hieve a goal.
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omment that System Dynami
s models may not be appliedin all software organisations. There are 
onstrains that need to be born in mind.First, expertise is required to model the entities, attributes and 
ause{e�e
trelationships that 
ompose su
h models. Se
ond, models need to be 
ustomised,i.e., 
alibrated for ea
h organization. To do so, organizations may need a wellestablished pro
ess for applying System Dynami
 properly. If we 
onsider theCapability Maturity Model (CMM) (Ref), at level 3, Key Pro
ess Areas (KPA)related to managerial issues and organization{wide standards are introdu
ed. Atthis level, data 
olle
tion is integrated in the development pro
ess. Moreover, itis only at Level 4 that an organisational measurement program is established formeasuring the quality of the produ
ts and pro
esses. As a result, availability ofdata in order to 
alibrate the System Dynami
 model is usually only availablein mature organisations.6 Con
lusions and Future WorkIn this paper, we have shown an approa
h that 
ombines system dynami
sand evolutionary 
omputation to produ
e rules automati
ally for the de
ision{making task in proje
t management. Our te
hnique may 
ontribute to 
opingwith the 
omplex problem of de
ision{making within the software proje
t de-velopment framework, and it fa
ilitates the use of dynami
 models, sin
e theproje
t manager only has to provide the aims of the proje
t and the range ofthe parameters, espe
ially for those having a high degree of un
ertainty. Su
hmanagement rules 
an be applied before, during and after the exe
ution of aproje
t.In our approa
h, we �rst generate a database usign the Abdel{Hamid's model[1℄ simulating the temporal behaviour of the proje
t. Then, de
ision rules are
onstru
ted by the evolutionary algorithm, whi
h is based on a new method for
oding. Su
h rules were 
ompared with the ones obtained by another well{knowalgorithm (C4.5 [14℄). It produ
es better solutions in the sear
h spa
e, 
overingmore good examples with less number of rules being the results more appli
ableand bene�
ial.In addition to further improvement su
h evolutionary approa
hes, we are 
ur-rently working on the appli
ation of other ma
hine learning te
hniques (fuzzylogi
, asso
iation rules, et
.) to the databases generated by the simulation. Fromthe software engineering point of view, our future work is related to how to in-tegrate su
h approa
h into the development pro
ess and visualisation. We havedete
ted as a basi
 prerequisite the la
k of a methodology for interpreting allthe information that proje
t managers 
olle
t from multiple sour
es. Usually,proje
t management tools and 
ontrol panels inform the proje
t manager aboutthe state of the proje
t. Corre
tive a
tions are taken on the basis of the man-ager's experien
e and assessed on the basis of management rules, in order toful�l the desired goals. Further e�orts are also dire
ted towards improving thevisualization of su
h rules in
luding all kind of data generated by pro
esses andprodu
ts.
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