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Abstract. Decisionmakingin a comple, dynamicallychangingervironmentis a
difficult taskthat requires new techniquesof computationaintelligencefor build-
ing adaptive hybrid intelligentdecisionsupportsystemgHIDSS).Here, a new ap-
proad is proposedbasedon evolving agentsin a dynamicernvironment.Neural
networkand rule-basedagentsare evolvedfrom incomingdata and expertknowl-
edee if a decisionmakingprocessequiresthis. Theagentsare evolvedfrom meth-
odsincludedin a repositoryfor intelligentconnectionisbasednformationsystems
RICBIS(http://divcom.otgo.ac.nz/infosci#d/CBIIS.iHml) with the useof financial
marlet data collectedin an on-line mode and with the use of macioeconomic
data publishedmonthlyin the EuropeanCential Bank Bulletin. RICBISincludes
different typesof neumal networks,including MLP, SOM, fuzzyneural networks
(FuNN), evolving fuzzyneural networks(EFUNN), evolving SOM, rule-basedsys-
tems,datapre-processingecniques standad statisticalandfinancialtechniques.
A casestudyprojecton risk analysisof the EuropeanMonetaryUnion (EMU) is
consideed and a framevork of a systemEMU-HIDSSis presentedwhich deals
with differentlevelsof informationandusess, e.g. thewholeworld, Europe clustes
of nations,a singlenation,companies/bank& combinesnoduledor final decision
making global and national economicdevelopmentgexchange rate trend predic-
tion, stok index trend prediction, etc. Someexperimentalresultson real data are
presented.

Keywords. Intelligentdecisionsupportsystemstisk analysis,connectionist-basethforma-
tion systems.

1 Intr oduction

Complex decision making problemsvery often require consideringenormous
amountof informationdistributedamongmary variablesThedecisionsupportsys-
tems(DSS) built to solve theseproblemsshould have advancedfeaturessuchas
[19]:



e Goodexplanationfacilities, preferablypresentinghe decisionrulesused,;

e Dealingwith vague fuzzy information,aswell aswith crispinformation;

e Dealingwith contradictoryknowledge e.g.,two expertspredictdifferenttrends
in the stockmarket;

e Dealingwith largedatabasewith alot of redundaninformation,or copingwith
lack of data.

e Having hierarchicalorganisationas decisionmaking is usually not a single-
level processput involvesdifferentlevels of processingcomparingdifferent
possiblesolutions,usingalternatves,sometimesn arecurrentvay.

Techniquef computationalntelligence,suchasartificial neuralnetworks, fuzzy

logic systems geneticalgorithms,advancedstatisticalmethods,hybrid systems,
alongwith traditional statisticalandfinancial analysismethods have beenwidely

appliedon differentproblemsfrom financeandeconomicsHeresomeof themare
referenceandexplained.

1.1 Specialisedand Advanced Statistical and Econometric
Models

In [45] a modelfor risk analysison crashef currenciess introduced.t consid-
ersacrashsituationwhena curreny hasbeendevaluatedmorethan10% within a
monthwhencomparedo the US dollar. Four parametersre usedto evaluatethe
likelihoodof acrash(avalueof 0 or 1) in thefollowing month:measuref curreny
ovenaluation;expecteddomesticoutputgrowth; ratio of federalresenesversusex-
ternal debt; measure®f internationalfinancial contagion.The latter is measured
in risk appetite(a changen investorspreference®eforecrashesccur),andclus-
ters(whethercrashef currenciedrom the sameblock of countrieshave recently
occurred) Othermodelsarepresentedh [6].

Themethodsn this grouprequirea reliableknowledgeon the underlyingrules
of thefinancialandeconomicsystemsandcannot be easilyadjustedo a nen eco-
nomic or financial situation. They are applicablewhen crisesoccur accordingto
recurrentandknown patterns.

1.2 Symbolicand Fuzzy Rule-BasedSystems

Rule-basedystemsandfuzzy rule-basedystemsn particularhave beenusedin fi-
nancialandeconomiaecisionmaking(seepapersn [12][13]). Themainadwantage
of rule-basedystemss thattheir functioningis basedon humanexpertrules.The
maindisadwantages thatthesesystemsarenot flexible enoughto reactto changes
in thereality. Changingthe rulesusuallyis difficult, andnobodycanarticulatethe
perfectsetof rulesthatdo not have to changen afuturetime.



1.3 Artificial Neural Networks (ANN)

Extendedstudiesof usingANN for financialDSShave beendonein severalbooks
(seefor example:[12][13][49][54]) . Generally the so callednon-parametrienod-
els proved to outperformthe statisticalmethods especiallywhen the underlying
rules were not known, or they changeover time. Differenttypesof ANN were
usedmainly multi-layerperceptrongMLP), radialbasisfunctions(RBF), andself-
organisingfeaturemaps(SOM).

A MLP modelanda RBF modelon option pricing [16] provedto outperform
several other models,that include a direct applicationof Black-Scholeformula,
ordinaryleastsquaresand projectionpursuit. The testdatawasthe daily S&P500
futuresandoptionprices.Two inputvariables-theratio stockprice/strike priceand
time to maturity, andoneoutputvariable- optionprice,wereused.This modelwas
furtherextendednto a multi-modularANN modelwith theuseof hints[10].

In [5] a substantiaktudyof applyingSOM to financialmarketsis presentedin
[3] emegingandnen marketsaremappednto a SOM thatshavs groups(clusters)
of similareconomies.

The sofar developedandusedANN modelsprovedto be efficient, but they do
not allow easily for dynamicon-line training, for changingthe parametersn an
on-linemode,for combiningdataandknowledge(rules)into onesystem.

1.4 GeneticAlgorithms

Geneticalgorithms(GA) areheuristicmodelsthatarebasedon generatingpossible
solutionsto aproblemandevaluatingtheir“goodness’basedn agoodnesgfitness)
function(e.g.goalfunction)thathasto bespecifiedn advance GA useterminology
fromthenaturalselectiorandevolution of speciesTherearesereralstudiesof using
GA for economicandfinancialdecisionmaking(seealsochaptersn this volume).
Software basedon GA simulation,that works directly on datain an Excelformat
hasbeenproduced8].

The main advantageof GAs is that they do not require much knowledge on
the underlyingrules,formulas,etc., but a goodnesgunctionto evaluatehow good
solutionsare. Themaindisadwantagesf GAsare:(i) they arecomputationallyslow;
(ii) they do not necessarilyprovide with the bestsolutionasthey areheuristically
based({iii) they donotwork in on-lineandrealtime modes.

1.5 Models Basedon Dynamic SystemAnalysis

In [50] thestockmarketis modelledasacomplex dynamicsystenthatcanbein one
of four statesprojectedin a two-dimensionakpaceof groupthinking-fundamental
bias:randomwalk, chaoticmarket, coherentoull market, coherentearmarket. In
[38][39] astockindex predictionproblemis consideredsequialentto the predic-
tion of a chaoticprocesswith differentcharacteristicat differenttime scalesanda
highfrequeny index prediction(e.g.daily prediction)beingattemptedfterthelow
frequeny one(e.g.,monthly, or annualprediction)is performed.



1.6 Hybrid Systems

Hybrid systemscombineseveral of the above methodsinto one system[19][20].
They achieve this combinationeitherin a “loose” way, e.g. different modulesin
the samesystemusedifferentmethodqseeexamplesof suchsystemsn [12][13]),
orin a“tight” way - methodsaremixed at a low level, e.g.fuzzy neuralnetworks
([18][29][42]). Thesemethodsarethemostpromisingamongthemethodsliscussed
above, asthe hybrid systemsntegratethe advantage®f all the methodscombined,
e.g. dealingwith both dataand expert rules, using both statisticalformulas and
heuristicsor hints.

1.7 What is Missing in the Methods from Above?

The six groupsof approachepresente@bove have beenpartially successfulwith
major problemsaslisted below:

e They donotconsiderthecomplexity of theproblemin awholewith mary hier-
archicallevelsfor decisionmakingthatincludeapplyinglow-level processing
andhigherlevel expertknowledge;or

e They donotconsideruncertaintiest differentlevelsof informationprocessing
andcombiningthemor propagatinghemin a taskdependentvay to thefinal
decisionmakingblock; or

e They do not apply sufficient variety of techniquesandchoosethe mostappro-
priatefor eachsub-taskpr

e They donot offer adjustmenbf variablesets,optimisationcriteria, rules,even
if therealsituationchange®vertime.

2 From DSSto HIDSS

Hybrid systemscombinedifferenttechniquesof computationalintelligencewith
traditional statisticalmethods Hybrid systemsare especiallysuitablefor building
DSS.

Stock market index predictionis a good example of a complex problemthat
requiresa hybrid system,asit is shavn on the casestudy of the NZSE40stock
index in [19][38][39]. Several modulesareincludedin the DSS systempresented
there asthere are several taskswithin the global one: datapre- processinge.g.
normalisationmoving averagescalculation,etc); predictingthe next valuefor the
index; predictinglongerterm valuesfor the NZES40,final decisionmaking that
takesinto accountruleson the political andeconomicsituation;extractingtrading
rules from the system- seeFig.1. A neuralnetwork is usedto predictthe next
valueof the index basedon the currentandthe previous-dayvalues.The predicted
valuefrom the neuralnetwork moduleis combinedwith expertruleson the current
political andeconomicsituationin a fuzzy inferencemodule.Thesetwo variables
arefuzzy by nature Thefinal decisionis producedasafuzzy one,andasacrispone



- aftera defuzzificationprocessAnothermodulein the DSSfrom Fig.1is devoted
to extractingfuzzy tradingrules,which areusedto explain the currentbehaiour of
themarket.

An ervironment,called FuzzyCOPE/1that can be usedto createhybrid sys-
tems,is describedn [19] andavailablefrom internetURL http://kel.otago.ac.nzit
consistsof the following modulesthat have compatibleinterfacesandcanbe con-
nectedin a DSSasa decisionmakingsequencehatrepresentshelogic of thereal
decisionmakingprocessdataprocessingnodulegnormalisationfuzzification,fil-
tering, etc.); multi-layerperceptroiMLP); self-oganisingmap(SOM); fuzzy neu-
ral network (FUNN) asintroducedby Kasaba in [18][19][28]; fuzzylogic inference
engine(FLIE) basedon simplefuzzy rulesof Zadeh-Mamdaniype (Zadeh,1965);
productionrule-basedsystemCLIPS and FuzzyCLIPSin particular The Fuzzy-
COPE/1ervironmenthasheenextendedo FuzzyCOPE/3vith theinclusionof new
MLP and SOM learningmodes,and new modesfor learning,rule extractionand
rule insertionin FUNNs. Examplesof hybrid systemsbuilt with the useof Fuzzy-
COPEaregivenin [19]. The two environmentsFuzzyCOPE/land FuzzyCOPE/3
are available from the following WWW site and can be usedfor building hybrid
DSS:http://dvcom.otago.ac.nz/infxi/kel/CBIIS.htm (Software— FuzzyCOPE
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Fig. 1. An exampleof a hybrid DSSfor stocktrading(from [19])

The hybrid systemervironmentsdevelopedsofar, andthe hybrid systemsbuilt
with them,have beenvery usefultechniquesbut the compleity andthe dynamics
of thereal-world problems gspeciallyin financeandeconomicsat presentrequire
even moreadwancedandsophisticateanethodsandtoolsfor building hybrid intel-
ligent decisionsupportsystemgHIDSS). Suchsystemsshouldbe ableto change
asthey operatealwaysupdatingtheir knowledge,andto refinethe modelthrough
interactionwith theervironment.Somemajorrequirements$o the presentlayintel-
ligentsystemqIS), andto the HIDSSin particulararegivenin [21]-[25].

A framework for building adaptve intelligent systemscalledECOS (evolving
connectionissystemshasbeenrecentlyintroducedin [21]-[25], alongwith its ar-



chitecture]earningandevolving algorithms fule extractionandrule insertionalgo-
rithms, of an evolving fuzzy neuralnetwork EFUNN [23]-[25]. EFUNNscanlearn
in anincrementaladaptive way throughone-pasgropagatiorof ary new dataex-
amples EFuNNsare muchfasterthan FUNNsandMLPs andcanlearndatain an
on-line mode.EFuNNsdo not have a fixed structure,on the contrary— they start
evolving/learningwith no rule (hidden)nodesandthey grow asdatais presentedo
them.Pruningof nodesandnodereductionis achiezed with the useof fuzzy prun-
ingrules,e.g.:
IF a node is not nuch used in a defined period, AND
it is old, THEN probability to prune the node is high.
EFuNNshave the following advantagesvhencomparedwith traditional MLP
or SOM networks ([24]:

1. they canlearnin anon-linemodeary new dataasthey aremadeavailableover
time;

2. they canwork in acomple ervironmentwith changingdynamicsg.g.a stock
index systemcanbe in a randomwalk state,thenit movesto a chaoticstate,
andthen - to quasiperiodic state,and an EFuUNN that predictsfuture stock
values,learnsall the time the new behaiour without any humanintervention
for parameteadjustment.

3. they canbe usedto mix expertrulesanddataastherearealgorithmsfor rule
insertionandrule extraction;

4. they canclusterdatain an on-line modewithout pre-definingthe numberof
clustersor thedimensionalityandthe sizeof the problemspace;

5. they canbeusedor bothsupervise@ndunsupervisetbarningmodesassuper
visedsystemghey canbe usedto predictfuture valuesof the outputvariables.

Examplesof usingFuNNsand EFuNNsfor adaptve, intelligent decisionsup-
port systemsfor stock predictionand loan approval are givenin [26]. Other ex-
amplesinclude:imagerecognition[34]; speectandlanguageecognition[24][33];
mobilerobotcontrol[24].

Simulatorsof EFUNNareavailablefrom http://divcom.otago.ac.nz/infxi/kel/
CBIIS.html (Software).

AnotherECOSalgorithm,calledEvolving Self-oganizingMap (ESOM)[4], is
proposedisavariationof the SOMalgorithmbasednthe ECOSprinciples ESOM
usesalearningrule similarto SOM, but its network structurds evolveddynamically
from input data.Simulationshave shovn thatESOM IearnsfastethanSOM with a
smallerquantisatiorerrorfor featurevectors.

ECOS-basedhodulessuchasEFuNNsandESOMarepartof theNew Zealand
Repositoryof Intelligent Connectionist-Base8ystemgRICBIS), which alsointe-
gratesmodulesfrom the FuzzyCOPEernvironments,a Java versionof rule-based
systemCLIPS (JESS),anda platformindependeninterfacerunningasa Java ap-
plet, which allows for dynamiccreationof new modulesduringthe operationof an
ECOS,or anHIDSSin particular RICBIS s availablefrom thefollowing URL:
http://divcom.otago.ac.nz/inkxi/kel/CBIIS.htm (Software).



A new expert systemarchitecturecalled Adaptive Intelligent Expert Systems
(AIES), basedon dynamicgeneratiorof interconnectednodules(agentsfrom the
RICBIS, is explainedin [34]. It is in sharpcontrastto the conventionalexpertsys-
temsandDSSthatusuallyhave a fixed structureof modulesanda fixedrule base.
AlthoughtraditionalexpertsystemsandDSShave beensuccessfuin somespecific
andrestrictedareastherewasno, or little flexibility left for the expert systemto
adaptto changesequiredby the user or by thedynamicallychangingervironment
in which the expertsystemandthe DSSrespectiely operated.

AIES, or HIDSS in particular consistof a seriesof moduleswhich areagent-
basedand are generated'on the fly” asthey are neededFig.2 shavs a general
architectureof an AIES [34]. The userspecifiegheinitial problemparameterand
tasksto be solved. The AIES thencreatesModulesthatmayinitially have norules
or maybesetupwith rulesfrom the ExpertKnowledgeBase TheModulescombine
theruleswith thedatafrom the Environment.The Modulesarecontinuouslytrained
with datafrom the Environment.Rulesmay be extractedfrom trained FUNNSs or
EFuNNsfor later analysis,or for the creationof nev Modules.The Modulesdy-
namicallyadaptheir rule setsastheervironmentchangesincethe numberof rules
is dependenbn the datapresentedo the Modules.Modules(agents)are dynami-
cally createdupdatedandconnectedn an on-line mode.They canbe removedif
they areno moreneededat a later stageof the operationof the AIES.
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Fig. 2. A block diagramof an agent-basedadaptve intelligent decisionsupportsystem—
HIDSSthatusesthearchitectureof anAIES.

A very complex problemof risk analysisof the EuropeanMonetary Union
(EMU) system establishedn 1999to unify the curreng andthe economicdevel-
opmentof eleven Europearcountries,is the problemdiscussedand handledhere.
The restof the materialherepresentdirst the problemandthena frameawork of a
HIDSSfor its solution.It thendevelopssomespecificmodulesanddiscussesome
preliminaryexperimentabndimplementatiorissues.



3 The Problem of Risk Analysisin the European
Monetary Union

Sinceits conceptiontherehave beenalot of materialgpublishedon differentissues
concerningeMU. Global policy requirementxist, suchasfor eachparticipating
countryto have adeficitlessthan3% of its GDP andexternaldebtlessthan60% of

the GDP In theEMU framework, the EuropearCentralBank (ECB) s in chaige of

the monetarypolicy, with priority andresponsibilityfor inflation control. The ECB

publishesa monthly bulletin containinga rich setof real, monetaryand financial

dataregardingthe EMU economiespthercountriesthatwould be membersof the

EMU, USA andJapanin orderto follow theevolution of the EMU in aworld-wide

contet. Importantfinancial and economicparametersare recordedand analysed
monthly, quarterly andannually e.g.:Reseresandassetggold, foreignexchange,
other); Liabilities; Stockmarket indexesof the EMU, eachcountryseparatelyand

themajorworld indexes(Dow JonesEURO STOXX, S&P500- USA, Nikkei225—

Japan)jnterestrates;ExchangeaatesEuro/US$,Euro/JY, Governmentondyields

(2,3,5,7and10years);index of consumeprices;Industryandcommodityprices;
GDP; Employment/unemplgmert; Saving, deficit/surplusratio (asa % of GDP);

Grossnominal consolidatedebt (as a % of GDP); Balanceof payments(goods,
servicesjncome,capitalaccount).

Of a particularinterestis the analysisof the EMU as a dynamic cluster of
economiesn termsof volatility, variations changetendenciesandprediction(e.g.,
monthly, quarterly yearly). Therearesmallersub-clustershatevolve with the eco-
nomicdevelopmenbf differentgroupsof Europearcountriesandworld economies
thatshouldbe alsomodelledandpredictedn relationto the EMU cluster All these
clustersmove quickly in a dynamicallychangingproblemspace thus makingthe
problemof their predictionandrisk analysisextremelydifficult.

The problemthis paperis dealingwith asa casestudy canbe describedasrisk
analysisof the EMU systemHere,moredetailsaregiven.

With the EMU in effect, countriessharingthe Euro as a commoncurrengy
should overcomethe risk of curreng criseswithin the Euro area.However, the
Europeammonetaryunificationhasnot ruled out possibleepisodef financialin-
stability in Europe.The MaastrichtTreatyimposesigid constraintson public bud-
getdeficits. Theseconstraintsareaimedat preventingan excessie debtburdenon
nationalgovernmentswhich could leadto a wealer Euro. On the otherside,EMU
governmentscould put pressurdn orderto easesuchconstraintsn the presence
of externalshocks suchasthe crisisin the Balkans.Moreover, Europearfinancial
marketsarenotimmunefrom shocksoriginatingin theworld economy

In an extremescenarioyisk of unilateralwithdrawval by wealker membercoun-
tries (otherwisecalled breakavay risk) cannotbe excludeda priori, sincethe po-
litical costsassociatedvith respectof rigid fiscal and monetaryconstraintsn an
anchoredregime could make withdrawval imperatve. Any withdrawval would be a
disruptive event,anticipatedand/orfollowedby instability andcrashesn creditand
assetnarkets.Credibility of EMU membershigvill beassessedndpricedby finan-



cial markets.In theEMU, expectation®f breakavay, unlike expectedrealignments
orwithdrawalsin theExchangdrateMechanisnoperatingrom 1979to 1998under
theEuropearMonetarySystemswill nolongertranslaténto widerinterestratedif-
ferentialamongcurrencieshut into variationof creditspreadsppliedto sovereign
debtfrom differentcountries.Holdersof financial assetswill beara new sort of
macrorisk, which will be differentfrom plain curreng risk and more difficult to
identify andmeasureStudieson curreng crises(e.g.[6]) mustbereinterpreteénd
extendedo thenew context. Earlywarningsystemaisedby centralbanksandspec-
ulators,fed with signalsof realandfinancialdis-equilibrium,mustberedesigned.

The goal of this projectis to developa computationamodelfor analyzingand
anticipatingsignalsof abruptchangesof volatility in financial markets. The sys-
temwill beaimedatassessinthe possibility of speculatie attacksagainstspecific
EMU membercountries prospectie EMU membersor the EMU areaasa whole.
Potentialusersof the systemincludemonetaryauthorities,assetmanagerstraders
on money, debt,curreny andstockmarketsandcorporatdinancialmanagers.

Theconceptuamodelunderlyingthecomputationamodelwill bederivedfrom
arepresentatioof financialmarketsascomplex dynamicsystemswhosestochastic
behaior is influencedby exogenoushocksandendogenousincertaintythe latter
causedy interactionamongmarketparticipantgdegreeof consensuandtendeny
to crowd behavior). Inspirationfor this approachcamefrom a paperby TonisVaga
([50]). Thesystemwill befed with informationfrom differentsourcespamely:

- macroeconomi@ndmacro-financialndicators,suchasthe real exchangerate of
the Euro againstUS Dollar and Japanes&en, inflation differentials,Government
deficit, aggreyateliquidity andsolveng/ measure¢debt/assetatio, resene/debtra-
tio);

- risk spreadon debtsecuritiesssuedby sovereignandprivateborroversin EMU
countries;

- risk appetiteof investorsn securitiesmeasure@nthebasisof correlationbetween
returnsin “risky” and“safe” markets(risk appetiteis high whenriskier marketsare
rallying versus'safe” marketsandthe correlationis highly positive);

- returnsandhistoricalvolatility in financialmarkets(stock,curreng, bond,money,
derivatives);

- signalsof trend,reversalandchangeof regimefrom technicalanalysisof financial
prices(moving averagesresistancandsupportlevels, relative strengthindicators,
etc.);thesesignalswill sene asproxy variablesor endogenousncertainty;

- implied volatility in option markets and expecteddistributions extractedfrom
them;

- recentepisodesf instability in other curreny areasthat can exert a contagion
effectonthe EMU area.

Thelogic of the systemwill be designedasan extensionof existing eventrisk
modelsappliedto foreign exchangemarkets([45]). The systemwill betestedon a
setof recentepisode®f market crash,andthenextendedaking careof uniquefea-
turesof thenew EMU monetaryregime. The systemwill producearich informative
output,consistingof descriptie reportsandwarningsignals.



Firstly, the systemwill provide anintelligentinterfaceto informationcurrently
analyzedyy economistaindtradersUserswill beableto navigatethrougharich set
of economicandfinancialdatapresentedh tablesandgraphsThe presentatiomwill
focuson phenomenaertainingto theeconomigerformancen theEMU areaem-
phasizingdivergencesamongcountriesandsustainabilityof Maastrichtconstraints
bothatthenationalandthe EMU level.

Secondlythesystenwill provide signalsandindicatorsreflectingthelikelihood
of a crashin EMU financial markets. An extensie setof symptomsof financial
fragility will be monitoredin credit, bondand stock markets.New eventswill be
checledagainstypical patternsof evolution of financialcrises.

The systemwill provide a valuablesupportto analystsanddecisionmakersin
two ways: (1) selectingelevantinformationto be subsequentlgnalyzedy human
expertsand(2) extractingandsynthesizingsignalsfrom a vastarrayof information
sources.

4 Collecting Relevant Data for Risk Analysison the
EMU. The Trento Financial Data Dictionary

The datacollectionis animportantpartof the researctproject,becauséhe results
andthe reliability of the hybrid systemdependcrucially on the quality of the raw
data.In facta hugeamountof datais necessaryo monitorthe so-callecbreakavay
risk in the EMU, in orderto detectthe solidity of the EMU system the degreeof
asymmetryandthe potentialexternalshocks.

Hugeamountof datais beingcollectedthatincludesdifferentlevel of informa-
tion: macroeconomiénformation;financialdata.Macroeconomiaatais available
from mary sourcesincluding EUROSTAT, the EuropeanCentral Bank Monthly
Bulletin, OECSand IMF. A vastamountof macroeconomiaatais madeavail-
ablethroughDatastreamFinancialdatais availablefrom differenton-line sources,
suchasDataStreanandReuter Differenttime-scale®f dataarepresenin thedata
repository(e.qg.,yearly, quarterly monthly, daily, irregulartime intervals, etc)

It is not easyto dealwith this relevantamountof datawithout preparingat least
a generalinitial structure.For this reasonwe have built two main prospectsthe
“sourceddictionary” andthe“datadictionary”.

Thefirst prospechasathreedimensionaktructureln thex-axiswe have placed
the countriesrelevantfor the EMU risk analysiswe have choserthe elevenpartic-
ipating countries the potentialentrantsthe big world players,andsomeemeging
countriesto proxy for ary contagioneffect. In the y-axiswe have setall thetypes
of datawhich could be usefulfor the researctproject. The third dimensionis con-
cernedwith the sourceof the gatherednformation;every singlevariablerelatedto
everyinvolvedcountryhasbeencollectedby aspecificsource Thisaspects impor-
tantto evaluatemainly thereliability of the data but alsothe degreeof homogeneity
in the dataset.In fact, choosingthe datasourcewhich coversthe mostpart of the
involvedcountriesallows to achieve high degreeof similarity in the modellingpro-
cedureandin the updatingtiming andmethod.Consideringhe specificpurposeof



the analysiswe rely uponofficial statisticsfrom Eurostatfor mostof the required
data.

Thesecondrospectnamed'datadictionary”,is formedasatablewith columns
reportingthe specificfeaturesof eachdataseriesthe mostimportantonesarethe
first availabledate thefrequeng of collection,andthemnemoniccode whichis an
alphanumeriexpressionusefulto automatethe informationdownloadingprocess.
We have distinguishedwo broadcatejoriesof datathat are beingcollected.The
first level of informationis concernedvith macroeconomiwariables;the second
level is more specificandregardsfinancial market data.A third level of informa-
tion, connectedwith qualitatve knowledge,for examplethe political situationor
particularnews, is notformally consideredn this first modelimplementationThe
typical featureof thefirst groupof variables- macroeconomidata—is thelow fre-
gueng of collection,which is monthly, quarterlyor evenyearly, dependingon the
specificsector;anotherimportantfeatureis the potentialvariety of sourcedor the
samekind of data.A third propertyis the potentialdifferentcalculusandupdating
procedurefor the samesort of indices.The mostrelevantmacroeconomiclataare
generallyavailableeitherashistoricaltime series or asa consensuforecast.

The financial market variablesare collectedmore frequently even on a daily
basisandareusuallyreleaseafficially by theexchangesln ourresearclprojectwe
have tried to considemot only the pastevolution of the variousfinancialseries but
alsothe market expectationamplied in option prices;thereis a growing literature
dealingwith this aspeciith two mainapproachesThe simplerapproachs related
to the calculationof implied volatility at differentmonetarydegreesas a forecast
for expectedvolatility. In the secondapproachthe underlyingrisk neutraldensity
functionis extractedfrom option market prices;it is very useful subsequentlyo
monitorthe evolution of thevariousmomentof the probability distribution.

5 The EMU-HIDSS: Architecture and Functionality

5.1 A General Framework of the EMU-HIDSS

Hereapreliminarydesignof the EMU-HIDSSis presentedseeFig.3). It is amulti-
level, multi-modular structurewhere mary neural network modules(denotedas
NNM), rule-basednodulesandothermodulesareconnectedvith inter-, andintra-
connectionsEMU-HIDSS doesnot have a clear multi-layer structure,but rather
a modular “open” structure.lt is an evolving hybrid connectionist-basesystem
([22)).

Themainpartsof the EMU-HIDSS aredescribeelow.
(1) Featureselectionpart. It performsfiltering of theinputinformation,featureex-
tractionandforming input vectors.Typical featuresextractedfrom the input data
eitherin anon-linemodeor from the alreadystoreddatain files are:

e Basicstatisticalparameters;
e Probabilitydistribution andclusterinformation;



Moving averages;

Wavelettransformations;

Pawver spectrumandFFT frequeny characteristics;
Main frequencies;

Lyapunw coeficients;

Fractaldimensions;

Firstandsecondierivatives;

Skewnessmeasures.

Theabove transformationsreperformedn the pre-processingfeatureextraction)
modulesof the systemappliedto certaininformationinput streams.

(2) Learningandmemorypart,whereinformation(patternsprestored .t is a multi-
modular evolving structureof neuralnetwork moduleg(NNM). Thesemodulescan
bebuilt with theuseof MLP, SOM,ESOM, FuNNs,EFuNNS,etc. Thereareseveral
levelsof processingn thesemodulesin termsof timing:

e Daily updatedmodules,theseare modulesthat dealwith daily financial pre-
diction and daily input data,e.g. MIB30 prediction,Euro/US$exchangerate
prediction,etc.

e Weeklyupdatednodules

e Monthly updatednodules

¢ Yearlyupdatednodulesg.g.longtrendprediction,andin termsof theproduced

resultsthatarepassedo the next level higherdecisionmodules:

Onedayaheadpredictionresults

Monthly predictionresults

Yearly predictionresults

Longertermpredictedresults

This partof thesystemwill includeseveralmoduleso dealwith differentlevels
andscalesof predictionfor eachof the Europearcountriesthe big economiesand
theemeging economiesDifferentmoduleswill dealwith:

e Predictingvalues(differencesn values)

e Predictingshorttermtrends,e.g.oneweektrendif a stockvaluewill be going
up extremelyhigh, or moderatelydown.

e Predictinglong termtrends,e.g.one-yeartrendif a stockvaluewill be going
up extremelyhigh, or critically down.

(3) Higherlevel decisionpart that consistsof several modules,eachtaking deci-
sion on a particular problem. The modulesreceie input from the NNMs, inputs
form othervariablesn thedata,qualitative inputfrom usersandmake decisionson

possiblecritical situationsthat might occurin the EMU. Thesemodulescansend
a feedbackto the NNM andthe featureextraction part of the systemin termsof

requiring more information, different scenariogo be explored, differentfeatures
extracted,etc. The moduleshereare mainly rule basedwith the useof production



systemsflat fuzzy rules, FUNNsand EFuNNsthat canrepresenboth fuzzy rules
anddata.Thereare several groupsof in this partthatinteractbetweeneachother,
for example:

(a) A groupof modulesthatdealwith a globalrisk evaluationproblemsge.g.:

e Moduleevaluatingthe degreeof stability in the EMU;

e Moduleevaluatingthedegreeof symmetry/ asymmetnbetweertheeconomies
within the EMU;

e Module evaluatingthe political sustainabilityin the EMU,;

e Module evaluatingthe degreeof suitability of a new countryjoining the EMU;

e Module evaluatingthe degreeof instability in the EMU basedon externalfac-
tors(USA,; Asia, Japan|ndia, Russiawars,etc.)

e others

(b) A group of modulesthat deal with importanteconomicfactorsand their
resultscanbe usedeitherseparatelyor by themodulesof type (1) above:

GDP

Rateof unemplyment

Internaldebt

Externaldebt

Shorttermglobaleconomidrends

Longtermglobaleconomidrends

Solveng ratio of householdshusinessbanksandgovernment

Indicationof reallocationof investmentdy globalassemanagers
Sharpmovementsf a certaincommodityin ashortor in alongtermpattern
Sharpfallsin shorttermor long termtrends

Evaluatingand indication of consecutie phaseshappeningover a period of
time, for examplean economyhasbeenin threeconsecutie phaseghatsignal
a critical situationfor this economyandwill beinfluentialfor theEMU

(4) Action modulesthattake the outputfrom the higherlevel decisionmodulesand
produceoutputresultsor sendoutput(control) informationin anon-line or in an
off-line modeto institutionsthatshouldbe alertedon a critical situation.

(5) Self-analysisandrule extraction modules.This part extractscompresseab-
stractinformationfrom the NNMs andfrom thedecisionmoduledn differentforms
of rules,abstractissociationsgtc. HereFUNNs’andEFUNNS’rule extractioncapa-
bilities will beutilised.

Initially the EMU-HIDSSwill have a pre-definedtructureof modulesandvery
few connectionbetweerthemdefinedthroughprior knowledge Gradually the sys-
temwill becomemoreandmore“wired throughself-omganisationandthroughcre-
ationof nev NNM andnew connections.

Eachof themodulesn the systemarebuilt, or automaticallygeneratedrom the
agentmodulesavailablefrom RICBIS, e.g.:dataprocessingnodules(e.g.normal-
isation, moving averagesFFT, filtering, wavelet transformation fractal analysis,
chaosanalysis.etc); productionrulesin JESS;fuzzy inferencerules,MLP, SOM,
ESOM, FuNNs,EFuNNs,Hidden-Marlov Models,etc.
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Fig. 3. A block diagramof the generalframavork of the EMU-HIDSS as an evolving
connectionist-basesiystem(adaptedrom [22]).

5.2 EMU-HIDSS/1

Here,thefirst versionof the EMU-HIDSSis presentedhatincludesa smallnumber
of modulesandgroupsconnectedetweereachotherasdescribedelow.

Group 1: Modulesfor higherlevel risk analysis

Herearemoduleshatmake decisiononthediscrepanyg/risk of asinglecountry
to developin adirectionaway from the expecteddevelopmentof the EMU. Fuzzy
productionrulesareusedfor theimplementatiorof thesemodulessuchas:
IF a countryis politically unstable or in war, AND the trend of its maciloeconomic
developmenin the last two periodsis away from the cente of the EMU cluster
THENTtherisk thatthis countrywill go evenfurther awayfromthe EMU is high.

Group 2: Modulesfor discoveringtrendsin themacroeconomidevelopmenof the
EMU clusterrelatedto the developmenbf otherclustersandothercountries.



Herethe conceptof EMU clusteris introducedbasedon the EMU aggreyated
dataprojectedfrom a multidimensionalspaceinto a two (or a three)dimensional
topologicalmapwith the useof self-evolving, self-olganisingmaps.The vectors
of the used8 parametergor the last 5-6 yearof all the EMU countries the other
Europearcountries someemeging market countries andalsothe USA andJapan,
aremappednto oneSOM or ESOM.

The neuron(the point in the two-dimensionamap space)wherethe current-
periodEMU vectoris projectedis consideredo be the centerof the EMU cluster
The clusterincorporatesll pointswherethe dataof the individual EMU countries
aremappedThe form of the clusterandits movementfrom oneperiodto the next
onecanbe obsened on the mapsandthe informationwill be quantifiedbasedon
thedistancébetweerthepoints.Theshapeof the EMU clusterandits dynamicscan
suggesfurther political andeconomiadevelopmenin the EMU.

Themovementof thecenterof theEMU clustercanbecomparedvith themove-
mentof thepointswherethedifferentcountriesaremappedA quantitatve measure
onthedifference(the distancen thetopologicalspacepetweerdifferentcountries
from the EMU, andoutsidethe EMU, is evaluatedthatis usedasa separatenfor-
mationresultsaswell asaninput informationto the higher level decisionmaking
modules.

Different clustersare formed on a SOM: the EMU cluster; the emeging
economiegluster(e.g.,Poland);the clusterof the non-Europeanlevelopedcoun-
tries (e.g.the USA, JapanCanadaAustralia,New Zealand);the clusterof under
developedcountriesthe clusterof thedevelopednon-EMU countriege.g.the UK);
theclusterof thedevelopingnon-EMUcountrieqe.g.,Bulgaria,Romania) A vector
of fuzzy membershipglegreesto which eachcountrybelongsto eachof theclusters
is calculatedandtracedovertime.

Modulesfrom group?2 cover differenttime-scalesannualmacroeconomieap-
ping, quarterlymacroeconomienapandmonthly macroeconomieapping.

The following variablesdescribethe macroeconomictateof a countryin a
givenperiodandall thevectorsfor all therelevantperiods(years quartersmonths)
areusedin theunsupervisetraining: GDP debt,deficit, inflation rate,interestrate,
unemplyment,balanceof paymentproductiongap.

Group 3: Modulesfor evaluatingtrendsin the exchangeateEuro/US$

Themainmoduleherepredictsthe trendof the exchangeatebetweerEuroand
the US dollar, but othermodulesdealwith nationalcurrencieshatare not part of
theEMU.

The following 10 input variablesfor example can be usedto predict the
rate R(t+1) of Euro/US$,wheret is the currentperiod: R(t), R(t-1), Euro/JY(t),
Euro/JY(t-1),ratio inflation ratein EMUY/inflation ratein the USA for both (t) and
(t-1) periods;ratio interestratesin EMU/interestratesin USA for both (t) and(t-1)
periods;ratio GDPin EMU/GDPin USA for both (t) and(t-1) periods.

Two typesof modelsareused- FUNNsandEFUNNs.Thetwo modelsusediffer-
enttechniquedor extractingrulesandthemeaningof theextractedrulesis different.



In therulesextractedfrom FuNNsthe conditionandconclusionelementshave im-
portanceactorsattachedo thempointingto theimportanceof thedifferentpartsof
arule. Therulesextractedfrom EFuNNsarealsofuzzy, but they point to the clus-
tersin theinput andthe outputspacethat arelinked togetherin the rule. EFUNNs
requirelesstime for training andcanbe updatedvery quickly with new datain an
on-linemode.

Thepredictedrendsof theexchangeratescanbe usedeitherasseparateutput
results,or asinput valuesfor the higherlevel decisionmodulesfor both quarterly
andmonthlytrendsprediction.

Group 4: Modulesfor evaluatingtrendsin major stockindexesandstockmarkets

Herea mapof thedifferentstatesf a stockmarketaccordingo [50] is created.
Thetransitionbetweerrandomwalk state chaoticstate,or a coherenstatewill be
modelledby the useof differenttechniquesthatinclude: hiddenMarkov models;
evolving fuzzy neuralnetworks EFUNNS;productionrules.

Anothermodulefrom this groupevaluateghevolatility of monthlytrendsin the
Dow JoneEuroSTOXX50 index (DJE).Othermodulesvaluateweeklytrendsand
daily values Thefollowing 14inputvariablescanbeusedo evaluatethe DIJE(¢t+1),
wheret is the currenttime period:DJE(t); DIE(t — 1); S&P500(t); S&P500(t —
1); Euro/US$t); Euro/US%t — 1); Euro/JY(t); Euro/IY(t — 1); Inflation rate(t);
Inflationrate(t — 1); GDP(t); GDP(t — 1); Interestrate(¢); Interestrate(t — 1).

Othermodulesevaluatethetrendsin major Europearstockmarkets,suchasthe
Italian MIB30 index (Milano).

6 Implementation and Curr ent Experimental
Resultswith the EMU-HIDSS

Theimplementatiorof the conceptuamodelof the EMU-HIDSSfrom section5 is
avery complicatedaskandalong-termobjective. Here,differentmodulesdrom the
EMU-HIDSS/1conceptuamodelthatfollow thegeneraldescriptiorandthelogical
links presentedn the previoussection aredevelopedandresultsareexplained.

6.1 Group 1 Module for Statistically-BasedHigher-Level Risk
Analysis

This moduletakesdynamicinputinformationfrom the clustermapsof the previous
level of processingand calculateghe Euclideandistancebetweeneachcountry’s
representatiomectorandthe centerof the EMU clusterover consecutie periodsof
time (yearsguarters)ln thisway thecountrieghataremoving away from the EMU
clusterareindicatedalongwith thespeedatwhichthey aremoving. For examplethe
distancebetweerthe clustercenterof the main EMU countriesand Italy for 1997
canbe evaluatedas 3.8 andfor 1998 as3.3, while the samedistancebetweenl T
andJPfor thesameperiodscanbeevaluatedas1.2 and0.7 respectiely (seeFig.4).
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Fig.4. The annual map of the 15 countriesaccordingto 5 characteristicS¥DBT/GDP,
DEF/GDR Inflation rate, Interestrate, Unemplgyment). The contourshaws the centerof the
EMU clusterfor 1998.

6.2 Group 2, SOM Modules for Visual Exploration of the
Annual and Quarterly MacroeconomicDevelopmentof the
EMU Cluster Relatedto the Developmentof Other Clusters
and Other Countries

The following 5 variablesdescribethe annualmacroeconomistateof a country:
DBT/GDP, DEF/GDR Inflation rate,Interestrate,Unemplayment. The SOM model
wastrainedon 15 countriesdatafrom 1992till 1998.1t is seenhow the points of

the mapof the main EMU countriesandUSA aremoving from left to right. Fig.4
shaws alsothe contoursurroundingthe centreof the EMU clusterfor 1998.1t is

ohbviousthatthefollowing EMU countriesarewithin the cluster:OE, NL, DK, IR,

UK, SD,BD, FRin additionto the USA andthe UK. But four countriesareoutside
it (IT, BG, GR, ES)with only ES moving into theright directiontowardsthe EMU

clustercenter

Fig.5shavsthedirectionin whichltaly (IT) is moving overtheyearsfrom 1992
till 1998.
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Fig. 5. 1so-graphf the 15 countriesannualdevelopmentmapandthedirectionof thedevel-
opmentof Italy.

Another SOM moduleis trainedon quarterlydataof the following threevari-
ables:Inflation rate,Interestrate,Unemplo/ment.Fig.7 shovs themapandtheline
of thequarterlydevelopmenbof Germary (BD).

The SOM modulesaresuitablefor visualexplorationasSOMsprovide with an
efficienttool for vectorquantisationi.e. turningann-dimensionaspaceausuallyinto
two dimensionabpacepreservinghe similarity betweertheinputvectorsacrossall
the attributesastopologicaldistancebetweernpointsof the map.SOMshave some
difficulties,mainly: (a) they have afixedstructure|b) they cannottoleratemissing
values;(c) learningusuallytakesalong time.

In orderto overcomethelimitations of the SOMs,hereevolving SOM modules
arealsoused.

6.3 Group 2, ESOM Module for Dynamic Mapping of
MacroeconomicAnalysis

Anotherannualmapis evolvedwith the samedatasetasin the SOM modulesand
is shawvn in Fig.8. The mapis first clusteredusingESOM algorithm,andthenpro-
jectedonto a two-dimensionabplanefor visualisationusing Sammons algorithm.
Henceboth clusteringand datastructureare available within the map. The layout
of labellednodesis very similar to that of Fig.4, but the ESOM map gives more
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Fig. 6. Componentnalysisi(a) Thefirst componen{DBT/GDP)from themapof figs.4and
5 shaw thatin this respecBG, IT andGR arein a similar position.SD97 and SD98form
an‘“island” in the EMU clusterwith a goodtendeny. (b) The Inflation componenshavs a
dramaticincreasan Greecegrom 1996to 1997and1998.
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Fig. 9. Clusteringof annualdatawith EFUNN.

explicit informationon similarity of countryperformancevhich canberepresented
by distancebetweernthenodes.

By clipping weak connectionausing a distancethreshold,as showvn in Fig.8,
clustersin the annualmacroeconomiperformancedatacanbe revealed.Herewe
find two major clusters,the EMU clusterwith countrieslike FR, BD, FN, PT etc.
plusUK andUS, andthefall-out clusterwith GR, IT, andBG.

6.4 Group 2, EFUNN BasedModule for Prediction and
Clustering of the Annual and Quarterly Economic
Developmentof the 15 Countries

Here EFuNNsare usedto develop modulesthat canpredictvaluesfor all the five
selectedattributesin the annualdevelopmentandthe threeselectedattributesfor
the quarterlydevelopment.Suchmodulesarethe annualmoduleandthe quarterly
module.Thefirst onetakestwo inputvectorseachof 5 variableqatthetime moment
t andt—1) andcalculateneoutputvectorof 5 elementgpredictingwhatthevalues
for thesevariableswill be.Fig.9 shawvsthe clusteringof the annualdata(displayed
with thefirst two variablesDBT/GDP andDeficit/ GDP)achievedin therule nodes
of an evolved EFUNN. It is clearthat IT, GR and BG form a clusterwith high
DBT/GDP value and DEF/GDPrunning from low to high values.The clustering
of datasamplesare quite similar to that of the SOM module,but it is muchmore
quickly learnedn theone-pas$earningEFUNN module.

Fig.10shawvs theannualEFUNN predictorfor the 15 countriesrunin anon-line
modeto predictthe DBT/GDP valuesannually
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Fig. 10. Annual EFuNN predictorfor predictionof annualDBT/GDP values.
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Fig. 11. Quarterlypredictorfor the 15 countriesandthe on-line predictionof thefirst variable
(Inflation rate).



Rulescanbeextractedrom EFuNNsthatarefuzzy, andthey pointto theclusters
in theinputandtheoutputspacedhatarelinkedtogetheiin therule. EFUNNsrequire
lesstime for training and canbe updatedvery quickly with new datain anon-line
mode.

Fig.11 shows the 15 countriesquarterlypredictor which canpredictvaluesof
thethreeselectedariablesinflationrate,Interestrate,Unemplo/mentfor any of the
countriegn thefollowing quartergiventhe datafor the currentandpreviousquarter
andalsothe annualDBT/GDP andthe previous year DBT/GDP are entered.The
first outputvariableis shavn aspredictedn anon-linemode.The systemimproves
its predictionovertime.

6.5 Group 4, EFUNN Module to Evaluate Trendsin the
ExchangeRate Euro/US$

Themainmoduleherepredictgthemonthlytrendof theexchangeatebetweerEuro
andthe US dollar. Thefollowing 10 input variablesareusedin orderto predictthe
rateR(t+1) of Euro/US$wheret is thecurrentperiod:R(t), R(t—1), Euro/IY(t),
Euro/JY(t — 1), ratioinflationratein EMU/inflationratein the USA for both(¢) and
(t — 1) periods;ratio interestratesin EMU/interestratesin USA for both (¢) and
(t — 1) periods;ratio GDPin EMU/GDPin USA for both (¢) and(¢ — 1) periods.

6.6 Group 4, EFUNN Module to Evaluate Trendsin the DJE501
Major Stock Index

This moduleevaluateghe monthly trendsin the Dow JonesEuro STOXX50 index
(DJE).Thefollowing 14 inputattributesareusedto evaluatethe DJE(t + 1), where
t is the currenttime period: DJE(t); DJEt — 1); S&P500(t); S&P500(t — 1);
Euro/US$t); Euro/USEt — 1); Euro/JY(t); Euro/JY(t — 1); Inflation rate(¢); In-
flationrate(t — 1); GDP(t); GDP(t — 1); Interestrate(t); Interestrate (¢t — 1).

Besidesthe moduleslisted above, several other modulesare currently under
development.

7 Conclusionsand Dir ectionsfor Further Reseach

A framawork of hybrid intelligent decisionsystemis presentedn the paper By
applying a repositoryof intelligent information processingnodulesimplemented
in an agent-basedarchitecturea casestudy systemEMU-HIDSS is built for risk
analysisandpredictionof evolving economicclustersin Europe.

The EMU-HIDSS is designedto be usedat differentlevels of analysisand
decision making about the EMU and about the relevant changesin the eco-
nomic clusters of Europe and the world, that includes: the EuropeanUnion
level; the global world economieslevel; national level; compary and bank
level. Data and someof the developedmodelsare available from internet URL



http://divcom.otago.ac.nz/inkxi/kel/CBIIS.htm (Software- FinancialRisk Analy-
sisandPrediction).
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