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ABSTRACT

We proposea hew methodto predicttime seriesusing the techniqueof IndependenComponentAnalysis (ICA) asa
preprocessingpol. If certainassumption$iold, we shav thatICA canbe usedto transforma setof time seriesinto another
setthatis easierto predict. Theseassumptionsire not unrealisticfor mary real-world time series,including financialtime
series We have testedthis approacton two setsof data:artificial toy dataandfinancialtime series.Simulationswith a setof
foreignexchangeratetime seriessuggesthatthesecanbe predictedmoreaccuratelyusingthe ICA preprocessing.

1. INTRODUCTION

In this paperwe build a predictionmodelusingIndependen€ComponentAnalysis(ICA). In theintroductionpartwe briefly
explainthe conceptof ICA, we presenthe predictionalgorithmandthe generaimodelwe use.In Section2, the genericso-
lution to the ICA problemis outlinedandthe FastiICAalgorithmis introduced.Furtheron, in section3 and4, thesimulations
andtheresultsareshovn andsomeconclusionsaredrawn.

We startby consideringasetof parallelsignalsor time seriese; (t), with 4 indexing theindividualtimeseriesj = 1,... ,n
andt denotingdiscretetime. In our casethesesignalsare the toy dataor the financialtime series. In the basicICA, a
generatie modelis assumedby which the original signalsz;(t) areinstantaneoufinear mixturesof independensource
signalsor underlyingfactors s;(t), j = 1, ... ,m with someunknovn mixing coeficientsa; ;:

zi(t) = Z a; ;s;(t), 1)

for eachsignalz;(t). We assumehe effect of eachtime-varying underlyingfactors;(t) on the measuredime seriesto be
approximatehfinear

Utilizing informationof eitherhigherordermomentsor time structureof the obsenedtime seriesz;(t), the ICA algo-
rithms are ableto find good estimatedor the underlyingindependensignalss;(t) andthe unknovn mixture coeficients
Qi 5.

If wegoto vectormatrixformulation,definingavectorvaluedtime seriesx(t) = [z1(t), . .. ,z,(t)] with elements; (¢),
avectorvaluedsourcesignals(t) with elementss; (), andamatrix A = (a;,;), thenwe canwrite (1) as:

x(t) = As(t). (2)

Matrix A is calledthe mixing matrix. Thebasicideaof ICA is thatwe do nothave to know eitherthe matrix A or thevector
s(t) atall, but insteadcan estimatethe modeland obtainboth matrix A andthe underlyingfactorss(t), given sequential
obsenationson x(t) if we make theassumptiorthatthefactorsarestatisticallyindependent.

ThelCA model(1) is realisticin certainsensorarrayapplicationsn which a numberof independensignalss; arrive at
a numberof sensorsout are weightedand superimposedueto the differentlocationsof the sensors.Also, in the caseof
financialtime seriestheremay be someunderlyingfactorslik e seasonavariationsor economiceventsthataffecta number

of simultaneougime seriesbut canbe assumedo be quiteindependentln [9], evidenceof suchfactorswasfoundin retail
storesalesdata.
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We proposehe following algorithmto predicta setof time series:

1. aftersubtractinghe meanof eachtime seriesandremoving asmuchaspossibleof the secondrderstatisticeffectsby
normalization(afterwhich eachtime serieshaszeromeanandunit variance) we estimateheindependentomponents
s;(t) of thegivensetof time series andsimultaneouslyind themixing coeficientsa; ; in (1).

2. for eachcomponentwe apply suitablefiltering to reducethe effectsof noise— smoothingfor componentshatcontain
verylow frequenciegtrend,slow cyclical variations),andhigh-pasdiltering for componentgontaininghigh frequen-
ciesand/orsuddershocks.

3. we predicteachsmoothedndependentomponenseparatelyfor instanceusingsomemethodof AR-modeling.

4. wecombinethepredictionsor eachindependentomponenby weighingthemwith thecoeficientsa; ;, thusobtaining
the predictionsfor the original obsenedtime seriesz; (t).

Thepredictionmodelis represented Fig. 1. It consistof anunmixingstagewvherethesourcesareobtainedoy applying
aseparatingineartransformatioriW to theinputtime seriesx(t) (seeSection2 for detailsfor computingW),

s(t) = Wx(t) @)
Theelementof s(t) aretheunderlyingfactorsfoundby applyingICA.

Thenext stagesonsistof anon-linearsmoothingfunctionf andanAR predictionfunctiong. Thesmoothings formally
doneby applyingf onthesourcevectorss(t),

s°(t) = f[s(")] (4)

Takinginto consideratiorthetemporalstructurein ag-orderAR model,the predictionequationis:

sP(t+1) = gls*(1),s°(t = 1),... ,s°(t — )] (5)

Theforecastedialuesx? (t) resultfrom themixing stageby applyingalineartransformA to thepredictedsources?(t).

xP(t) = AsP(t) (6)
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Figurel: An illustration of the predictionmodel. The unmixing stageconsistsof a linear unmixing matrix W' yielding the
sourcess;(t), j = 1,...,m. Applying the nonlineartransferfunctionsf;, j = 1,... ,m the smoothedcomponentsre
obtained:s%(t), j = 1,... ,m. Theforecastedime seriesresultfrom alinear mixing of the predictedsmoothedsources

Plsy ;i —
si(t),j=1,...,m.
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2. INDEPENDENT COMPONENT ANALYSISAND ICA ALGORITHMS

In thebasicapproactto solve the ICA problem[1, 3, 7, 8, 10], thetemporalstructureof thetime serieds in factomittedand
s(t) andx(t) in Eq. (3) areregardedasrealizationsof randomvectorss andx. We thusseekthe solutionin theform:

S=y=Wx. @)

The goalis now to find a matrix W that makesthe elementsof y statisticallyindependent.We call sucha matrix a
separatingnatrix. A recentreview of variousinformationtheoreticcontrasfunctionsfor solvingW, like mutualinformation,
negentrofy, maximumentropy, andinfomax,aswell asthe maximumlik elihoodapproachis givenby Cardosd3], whoalso
discusseshe numericalproblemsin minimizing/ maximizingsuchcontrasfunctions.

The problemof solvingthe separatingnatrix W' is somavhatsimplified if we consideronly oneof the sourcesignalsat
atime. Fromeq.(7) it follows

=y = w;-rx (8)

with w7 thei-th row of W. Thelastauthorhasearliersuggeste@ndanalyzedneuraltype one-unitlearningrules[6] that
give assolutionsonerow w7 of theseparatingnatrix. A conditionof local cornvergenceto a correctsolutionwasgiven. The
conditionis very robustandshows thata wide rangeof nonlinearfunctionsin theselearningrulesarepossible.

Theproblemis furthersimplifiedby performinga preliminaryspheringor prewhiteningof thedatax: theobseredvector
x is first linearly transformedo anothervectorwhoseelementsare mutually uncorrelatecandall have unit variances.This
transformatioris alwayspossibleandcanbeaccomplishedby classicaPrincipalComponenfAnalysis. At the sametime, the
dimensionalityof the datashouldbe reducedsothatthe dimensionof the transformeddatavectorequalsm, the numberof
independentomponentsThis alsohasthe effect of reducingnoise.lt canbe shavn thatafterthis preprocessingW will be
anorthogonalmatrix.

As an exampleof contrastfunctions,considerthe simple caseof maximizingthe kurtosis E{y$} — 3[E{y?}]? of the
estimatedsignalsy;. Becausave assumedhattheestimatedignalshave unit variancethis reducego maximizingthefourth
momentE{y}}. Its gradientwith respecto w; [seeEq. (8)] is 4E{(wlx)3x}. In a gradienttype learningrule, the row
wl of theseparatingnatrix W would be soughtusinganinstantaneousersionof this gradient,in which the expectationis
droppedandthe gradientis computedseparatelyor eachinput vectorx. In addition,anormalizationtermwould be needed
thatkeepshenormof w; equalto one—remembethatour W matrix mustbeorthogonabdueto the prewhiteningof the data
X.

A muchmoreefficientalgorithmis thefollowing fixed pointiteration[5]:

1. Take arandominitial vectorw(0) of norm1. Letk = 1.

2. Letw(k) = E{x(w(k — 1)Tx)?} — 3w(k — 1). Theexpectationcanbe estimatedisinga large sampleof x vectors
(say 1,000points).

3. Divide w(k) by its norm.
4. If | w(k)Tw(k — 1) | isnotcloseenoughto 1, let k = k + 1 andgo backto step2. Otherwise putputthevectorw (k).

Thefinal vectorw(k) givenby the algorithmequalsthe transposef oneof the rows of the (orthogonal)separatingnatrix
W.

To estimaten independentomponentsye run this algorithmm times. To ensurghatwe estimatesachtime a different
independentomponentye usethe deflationalgorithmthataddsa simpleorthogonalizingorojectioninsidetheloop. Recall
thatthe rows of the separatingnatrix W are orthonormalbecausef the sphering. Thuswe canestimatethe independent
component®neby oneby projectingthe currentsolutionw (k) onthe spaceorthogonato the rows of the separatingnatrix
‘W previously found. Also asymmetricalorthogonalizatioris possible.

This algorithm,with the preliminarywhiteningandseveralextensionsjs implementedn Matlabin the FastiCApackage
availablethroughthe WWW [4]. A remarkableropertyof the FastICAalgorithmis thata very smallnumberof iterations,
usually 5-10, seemsto be enoughto obtainthe maximal accurag allowed by the sampledata. This is dueto the cubic
corvergenceof thealgorithmshown in [5].
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(a) Themixtures (b) Thefour independentomponents

Figure2: The mixturesandthefour independentomponents
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(a) Original (above) andsmoothedbelov) independent (b) Predictionof the mixture
component

Figure3: Smoothingandprediction

3. SSIMULATIONSAND RESULTS

In our simulationswe usedthe FastiICA package[4] implementatiorof theabove algorithm. Thenumberof IC’s is variable,
we considered! independentomponentsn thetoy dataexperimentand5 independentomponentsor the experimentwith
financialtime series.

In figures2, 3 the algorithmis appliedon a toy datasetthat consistsof a mixture of four differentsignals:atrendlike
signal, a spiky signalandtwo seasonatype signals. Fig. 2a shows the original time series(mixtures)and Fig. 2b the
independentomponentfoundby the FastiCAalgorithm.The IC’s arevery closeto thetrue sourcesignals.

Thesmoothingmethodwe usedwastheapproximatiorof theindependentomponentsvith 3rd orderpolynomials(spline
interpolation)usingvarioussmoothingolerancesThesmoothinghasbeendesignedo allow visualdeterminatiorof optimal
smoothingtoleranceby viewing smoothedcurveson the graphicdisplay The procedurds the following: smoothwith an
initial tolerance visualize both the smoothedand original time seriesand smoothagainwith the tolerancemostvisually
appropriatesothatthe characteristicef thetime seriesarepresered.

Whendealingwith noisy datait makes senseto usea more slowly varying curve which doesnot interpolatethe data
points but dampsout the noisecomponent.By increasingthe smoothnessf the curve the varianceof predictedvaluesis
reduced.However, in the sametime this canintroducebiasin the predictedvalueswherethe true underlyingrelationshipis
changingrapidly. The smoothingcould be alsodonein a moreprincipledmanner:afirst stepin this directioncould be the
minimizationof thefinal predictionerrorusingcross-walidation.Fig. 3ashovs thefourth IC andits smoothedsersion.

After smoothingan AR modelis fit to the smootheddata,increasingn time thelengthof the datawith asmary points
asthe numberof predictedmoments. The orderof the modelis chosento minimize the meansquareerror. The orderis
differentfrom componento component.In Fig. 3b the continuoudine representshe independentomponentandfor the
last20 pointsthe predictionusinglCA is plottedusingthe dottedline.

All thesetransformationgeadusto processeihdependentomponentsgor thefutureinterval of time. Fitting the mixing
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Figure5: Predictionof real-world/financialdata: the upperfigure representshe original mixturesandthe lower onethe
forecasiobtainedusinglCA predictionfor aninterval of 50 values.

model (1) to theseforecastindependentomponents? (t), the predictionsx?(t) for the initial time seriesare obtained.
Onthis data,the ICA predictionclearly outperformshe direct prediction,the error obtainedwith the ICA predictionbeing
significantlysmallerthanthe errorobtainedwith AR predictionon mixtures.In Fig. 4 thelower curve representsheoriginal
toy datai.e. oneof the mixtures,the middle oneshows the predictedvaluesusingour algorithmandthe uppercurve shovs
the AR predictionapplieddirectly onthe mixture.

We also consideredthe casewherethe original signalswere AR-processes.In this case,the resultsobtainedusing
predictionwith ICA weresimilarto the onesobtainedusingAR predictiondirectly on the original signals.

In our last experiment,we appliedour algorithmon a setof 10 relevant foreign exchangeratetime series. The results
werepromising,asthe ICA predictionperformedbetterthandirectprediction.Fig. 5 shavsanexampleof predictionusing
our method. The upperfigure represent®ne of the original mixturesandthe lower one the forecastobtainedusing ICA
predictionfor aninterval of 50 values.In table1 thereis a comparisorof errorsobtainedapplyingclassicalAR prediction
andour method.Thelastcolumnshovs the magnitudeof the errorswhenno smoothings appliedto thecurrencies.

Tablel: Theerrorsobtainedwith our methodandthe classicalAR method. Ten currenciesvereconsiderecandfive inde-
pendentomponents.

Errors
tolerancedor direct | 2 0.5 0.1 0.08 0.06 0.05 0
AR prediction
ICA prediction 0.0023| 0.0023| 0.0023| 0.0023| 0.0023| 0.0023| 0.0023
AR prediction 0.0097| 0.0091| 0.0047| 0.0039| 0.0034| 0.0031| 0.0042
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4. DISCUSSIONS

We have presentedh predictionmodelthatadoptsthe ideasfrom independentomponentnalysisandappliesthemin fore-
castingof time series.

Themaincontribution of this papetis the predictionalgorithmitself. It performedwell bothontoy dataandfinancialtime
series.We startby supposinghattherearesomeindependentactorsthataffect the time evolution of economicime series.
Thisis oneassumptiorthatmusthold sothatour algorithmworkson financialtime series. Theeconomidndicators,interest
ratesandpsychologicafactorscanbetheunderlyingfactorsof exchangerates,asthey arecloselytied to the evolution of the
currenciesGiventhetime seriespy forecastinghe underlyingfactorswhichin our casearetheindependentomponentsa
betterpredictionof thetime seriescanbe obtained.Thealgorithmpredictsvery well theturning points.

ICA andAR predictionarelineartechniquesalthoughthefirst onehasanon-lineadearningrule, howeverthesmoothing
is responsibldor the non-linearityof the model. After the preprocessingvith ICA, the sourceestimatesreeasilypredicted.
Introducingthe smoothingpart, the independentomponentspredictionis moreaccuratelyperformedandalsothe results
aredifferentfrom thedirectpredictionon the originaltime series.Thenoisein thetime serieds eliminated allowing a better
predictionof the underlyingfactors. The modelis flexible andallows varioussmoothingtolerancesanddifferentordersin
theclassicalAR-predictionmethodfor eachindependentomponent.

For time serieswhich aregeneratedy a linear model— AR-processedor instance- our algorithmhassimilar perfor
manceswith theclassicalineartime seriesanalysigechniquesEvenwhensuchtime seriesare(linearly) mixed,they remain
linear, andthey canbe predictedusingstandardechniques.

In addition,someof the IC’'s may alsobe usefulin analyzingthe impactof differentexternalphenomenan the foreign
exchangeates[2].
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