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ABSTRACT

We proposea new methodto predict time seriesusing the techniqueof IndependentComponentAnalysis (ICA) asa
preprocessingtool. If certainassumptionshold,we show that ICA canbeusedto transforma setof time seriesinto another
setthat is easierto predict. Theseassumptionsarenot unrealisticfor many real-world time series,includingfinancialtime
series.We havetestedthisapproachon two setsof data:artificial toy dataandfinancialtimeseries.Simulationswith asetof
foreignexchangeratetimeseriessuggestthatthesecanbepredictedmoreaccuratelyusingtheICA preprocessing.

1. INTRODUCTION

In this paperwe build a predictionmodelusingIndependentComponentAnalysis(ICA). In theintroductionpartwe briefly
explain theconceptof ICA, we presentthepredictionalgorithmandthegeneralmodelwe use.In Section2, thegenericso-
lution to theICA problemis outlinedandtheFastICAalgorithmis introduced.Furtheron, in section3 and4, thesimulations
andtheresultsareshown andsomeconclusionsaredrawn.

Westartby consideringasetof parallelsignalsor timeseries��������� , with 	 indexing theindividualtimeseries,	�

�������������
and � denotingdiscretetime. In our casethesesignalsare the toy dataor the financial time series. In the basicICA, a
generative model is assumed,by which the original signals � � ����� are instantaneouslinear mixturesof independentsource
signalsor underlyingfactors ��� ����� , ��
�������������� with someunknown mixing coefficients � ��� � :

��������� 
! � � ��� � � � ����� � (1)

for eachsignal ��������� . We assumetheeffect of eachtime-varyingunderlyingfactor � � ����� on themeasuredtime seriesto be
approximatelylinear.

Utilizing informationof eitherhigher-ordermomentsor time structureof the observedtime series� � ����� , the ICA algo-
rithms areable to find goodestimatesfor the underlyingindependentsignals ��� ����� andthe unknown mixture coefficients� ��� � .

If wegoto vector-matrixformulation,definingavector-valuedtimeseries" ����� 

# �%$������ �������&� �('������*) with elements� � ����� ,
a vector-valuedsourcesignal + ����� with elements� � ����� , anda matrix ,-
 � � ��� � � , thenwe canwrite (1) as:

" ����� 
.,/+ ����� � (2)

Matrix , is calledthemixing matrix. Thebasicideaof ICA is thatwe donothave to know eitherthematrix , or thevector+ ����� at all, but insteadcanestimatethe modelandobtainboth matrix , andthe underlyingfactors + ����� , given sequential
observationson " ����� if we make theassumptionthatthefactorsarestatisticallyindependent.

TheICA model(1) is realisticin certainsensorarrayapplicationsin which a numberof independentsignals� � arrive at
a numberof sensorsbut areweightedandsuperimposeddueto the differentlocationsof the sensors.Also, in the caseof
financialtime series,theremaybesomeunderlyingfactorslike seasonalvariationsor economiceventsthataffect a number
of simultaneoustime seriesbut canbeassumedto bequiteindependent.In [9], evidenceof suchfactorswasfoundin retail
storesalesdata.
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We proposethefollowing algorithmto predictasetof timeseries:

1. aftersubtractingthemeanof eachtimeseriesandremoving asmuchaspossibleof thesecondorderstatisticeffectsby
normalization(afterwhicheachtimeserieshaszeromeanandunit variance),weestimatetheindependentcomponents��� ����� of thegivensetof timeseries,andsimultaneouslyfind themixing coefficients � ��� � in (1).

2. for eachcomponent,weapplysuitablefiltering to reducetheeffectsof noise– smoothingfor componentsthatcontain
very low frequencies(trend,slow cyclical variations),andhigh-passfiltering for componentscontaininghigh frequen-
ciesand/orsuddenshocks.

3. wepredicteachsmoothedindependentcomponentseparately, for instanceusingsomemethodof AR-modeling.

4. wecombinethepredictionsfor eachindependentcomponentby weighingthemwith thecoefficients� ��� � , thusobtaining
thepredictionsfor theoriginalobservedtime series��������� .

Thepredictionmodelis representedin Fig. 1. It consistsof anunmixingstagewherethesourcesareobtainedby applying
a separatinglineartransformation0 to theinput timeseries" ����� (seeSection2 for detailsfor computing0 ),

+ ����� 
102" ����� (3)

Theelementsof + ����� aretheunderlyingfactorsfoundby applyingICA.
Thenext stagesconsistof anon-linearsmoothingfunction 3 andanAR predictionfunction 4 . Thesmoothingis formally

doneby applying 3 on thesourcevectors+ ����� ,
+65 ����� 
137# + �98:�*) (4)

Takinginto considerationthetemporalstructurein aq-orderAR model,thepredictionequationis:

+�; ���&< � � 
.4�# +65 ����� ��+65 ����= � � ����������+65 ����=?>@�A) (5)

Theforecastedvalues" ; ����� resultfrom themixing stageby applyinga lineartransform, to thepredictedsources+ ; ����� .
"(; ����� 
B,C+ ; ����� (6)
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Figure1: An illustrationof thepredictionmodel. Theunmixingstageconsistsof a linearunmixingmatrix 0 yielding the
sources� � ����� , �D
E������������� . Applying the nonlineartransferfunctions F � , �G
H�I����������� the smoothedcomponentsare
obtained: � 5� ����� , �J
E������������� . The forecastedtime seriesresult from a linear mixing of the predictedsmoothedsources� ;� ����� , ��

�I����������� .
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2. INDEPENDENT COMPONENT ANALYSIS AND ICA ALGORITHMS

In thebasicapproachto solve theICA problem[1, 3, 7, 8, 10], thetemporalstructureof thetimeseriesis in factomittedand+ ����� and " ����� in Eq. (3) areregardedasrealizationsof randomvectors+ and " . We thusseekthesolutionin theform:

K+MLBNO
P02"Q� (7)

The goal is now to find a matrix 0 that makesthe elementsof N statisticallyindependent.We call sucha matrix a
separatingmatrix. A recentreview of variousinformationtheoreticcontrastfunctionsfor solving 0 , likemutualinformation,
negentropy, maximumentropy, andinfomax,aswell asthemaximumlikelihoodapproach,is givenby Cardoso[3], whoalso
discussesthenumericalproblemsin minimizing / maximizingsuchcontrastfunctions.

Theproblemof solvingtheseparatingmatrix 0 is somewhatsimplifiedif we consideronly oneof thesourcesignalsat
a time. Fromeq. (7) it follows

K� � LBR � 
BSUT� " (8)

with S T� the 	 -th row of 0 . The lastauthorhasearliersuggestedandanalyzedneuraltypeone-unitlearningrules[6] that
giveassolutionsonerow S T� of theseparatingmatrix. A conditionof localconvergenceto acorrectsolutionwasgiven.The
conditionis very robustandshows thata wide rangeof nonlinearfunctionsin theselearningrulesarepossible.

Theproblemis furthersimplifiedby performingapreliminaryspheringor prewhiteningof thedata" : theobservedvector" is first linearly transformedto anothervectorwhoseelementsaremutuallyuncorrelatedandall have unit variances.This
transformationis alwayspossibleandcanbeaccomplishedby classicalPrincipalComponentAnalysis.At thesametime,the
dimensionalityof thedatashouldbereducedsothat thedimensionof thetransformeddatavectorequals� , thenumberof
independentcomponents.This alsohastheeffectof reducingnoise.It canbeshown thatafterthis preprocessing,0 will be
anorthogonalmatrix.

As an exampleof contrastfunctions,considerthe simplecaseof maximizing the kurtosis VXW�RZY��[ =]\ # VXW^R`_�I[ ) _ of the
estimatedsignalsR � . Becauseweassumedthattheestimatedsignalshaveunit variance,this reducesto maximizingthefourth
moment VXW�R Y� [ . Its gradientwith respectto S � [seeEq. (8)] is a7VXW � S T� " �9b " [ . In a gradienttype learningrule, the rowS T� of theseparatingmatrix 0 would besoughtusinganinstantaneousversionof this gradient,in which theexpectationis
droppedandthegradientis computedseparatelyfor eachinput vector " . In addition,a normalizationtermwould beneeded
thatkeepsthenormof S � equalto one– rememberthatour 0 matrixmustbeorthogonaldueto theprewhiteningof thedata" .

A muchmoreefficientalgorithmis thefollowing fixedpoint iteration[5]:

1. Takearandominitial vector S ��c7� of norm � . Let de

� .
2. Let S � d � 
�VeW�" � S � d = � � T " ��b [ =f\ S � d = � � . Theexpectationcanbeestimatedusinga largesampleof " vectors

(say, 1,000points).

3. Divide S � d � by its norm.

4. If ghS � d � T S � d = � � g is notcloseenoughto � , let dX
.d < � andgobackto step2. Otherwise,outputthevector S � d � .
Thefinal vector S � d � givenby thealgorithmequalsthe transposeof oneof the rows of the (orthogonal)separatingmatrix0 .

To estimate� independentcomponents,we run this algorithm � times.To ensurethatweestimateeachtimea different
independentcomponent,we usethedeflationalgorithmthataddsa simpleorthogonalizingprojectioninsidetheloop. Recall
that the rows of the separatingmatrix 0 areorthonormalbecauseof the sphering.Thuswe canestimatethe independent
componentsoneby oneby projectingthecurrentsolution S � d � on thespaceorthogonalto therowsof theseparatingmatrix0 previously found.Also asymmetricalorthogonalizationis possible.

Thisalgorithm,with thepreliminarywhiteningandseveralextensions,is implementedin Matlabin theFastICApackage
availablethroughtheWWW [4]. A remarkablepropertyof theFastICAalgorithmis thata very smallnumberof iterations,
usually 5-10, seemsto be enoughto obtain the maximalaccuracy allowed by the sampledata. This is due to the cubic
convergenceof thealgorithmshown in [5].
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(b) Thefour independentcomponents

Figure2: Themixturesandthefour independentcomponents
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Figure3: Smoothingandprediction

3. SIMULATIONS AND RESULTS

In oursimulationsweusedtheFastICApackage[4] implementationof theabovealgorithm.Thenumberof IC’s is variable,
we considered4 independentcomponentsin thetoy dataexperimentand5 independentcomponentsfor theexperimentwith
financialtimeseries.

In figures2, 3 thealgorithmis appliedon a toy datasetthat consistsof a mixtureof four differentsignals:a trendlike
signal, a spiky signal and two seasonaltype signals. Fig. 2a shows the original time series(mixtures)andFig. 2b the
independentcomponentsfoundby theFastICAalgorithm.TheIC’sareverycloseto thetruesourcesignals.

Thesmoothingmethodweusedwastheapproximationof theindependentcomponentswith 3rdorderpolynomials(spline
interpolation)usingvarioussmoothingtolerances.Thesmoothinghasbeendesignedto allow visualdeterminationof optimal
smoothingtoleranceby viewing smoothedcurveson the graphicdisplay. The procedureis the following: smoothwith an
initial tolerance,visualizeboth the smoothedandoriginal time seriesandsmoothagainwith the tolerancemost visually
appropriatesothatthecharacteristicsof thetimeseriesarepreserved.

Whendealingwith noisy datait makessenseto usea moreslowly varying curve which doesnot interpolatethe data
pointsbut dampsout the noisecomponent.By increasingthe smoothnessof the curve the varianceof predictedvaluesis
reduced.However, in thesametime this canintroducebiasin thepredictedvalueswherethetrueunderlyingrelationshipis
changingrapidly. Thesmoothingcouldbealsodonein a moreprincipledmanner:a first stepin this directioncouldbethe
minimizationof thefinal predictionerrorusingcross-validation.Fig. 3ashows thefourth IC andits smoothedversion.

After smoothing,anAR modelis fit to thesmootheddata,increasingin time the lengthof thedatawith asmany points
asthe numberof predictedmoments.The orderof the model is chosento minimize the meansquareerror. The order is
differentfrom componentto component.In Fig. 3b the continuousline representsthe independentcomponentandfor the
last20 pointsthepredictionusingICA is plottedusingthedottedline.

All thesetransformationsleadusto processedindependentcomponentsfor thefutureinterval of time. Fitting themixing
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Figure4: Comparisonbetweenthepredictionmethods

Figure5: Predictionof real-world/financialdata: the upperfigure representsthe original mixturesand the lower one the
forecastobtainedusingICA predictionfor aninterval of 50 values.

model (1) to theseforecastindependentcomponents+ ; ����� , the predictions" ; ����� for the initial time seriesareobtained.
On this data,theICA predictionclearlyoutperformsthedirectprediction,theerrorobtainedwith theICA predictionbeing
significantlysmallerthantheerrorobtainedwith AR predictiononmixtures.In Fig. 4 thelowercurverepresentstheoriginal
toy datai.e. oneof themixtures,themiddleoneshows thepredictedvaluesusingour algorithmandtheuppercurve shows
theAR predictionapplieddirectlyon themixture.

We also consideredthe casewhere the original signalswere AR-processes.In this case,the resultsobtainedusing
predictionwith ICA weresimilar to theonesobtainedusingAR predictiondirectly on theoriginal signals.

In our last experiment,we appliedour algorithmon a setof 10 relevant foreign exchangeratetime series.The results
werepromising,astheICA predictionperformedbetterthandirectprediction.Fig. 5 showsanexampleof predictionusing
our method. The upperfigure representsoneof the original mixturesandthe lower onethe forecastobtainedusing ICA
predictionfor an interval of 50 values.In table1 thereis a comparisonof errorsobtainedapplyingclassicalAR prediction
andourmethod.Thelastcolumnshows themagnitudeof theerrorswhenno smoothingis appliedto thecurrencies.

Table1: Theerrorsobtainedwith our methodandtheclassicalAR method.Tencurrencieswereconsideredandfive inde-
pendentcomponents.

Errors
tolerancesfor 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 presenteda predictionmodelthatadoptstheideasfrom independentcomponentanalysisandappliesthemin fore-
castingof timeseries.

Themaincontributionof thispaperis thepredictionalgorithmitself. It performedwell bothontoy dataandfinancialtime
series.We startby supposingthat therearesomeindependentfactorsthataffect thetime evolution of economictime series.
This is oneassumptionthatmustholdsothatour algorithmworkson financialtimeseries.Theeconomicindicators,interest
ratesandpsychologicalfactorscanbetheunderlyingfactorsof exchangerates,asthey arecloselytied to theevolutionof the
currencies.Giventhetimeseries,by forecastingtheunderlyingfactors,which in ourcasearetheindependentcomponents,a
betterpredictionof thetime seriescanbeobtained.Thealgorithmpredictsverywell theturningpoints.

ICA andAR predictionarelineartechniques,althoughthefirst onehasanon-linearlearningrule,howeverthesmoothing
is responsiblefor thenon-linearityof themodel.After thepreprocessingwith ICA, thesourceestimatesareeasilypredicted.
Introducingthe smoothingpart, the independentcomponents’predictionis moreaccuratelyperformedandalsothe results
aredifferentfrom thedirectpredictionontheoriginal timeseries.Thenoisein thetimeseriesis eliminated,allowing abetter
predictionof the underlyingfactors.The modelis flexible andallows varioussmoothingtolerancesanddifferentordersin
theclassicalAR-predictionmethodfor eachindependentcomponent.

For time serieswhich aregeneratedby a linearmodel– AR-processes,for instance– our algorithmhassimilar perfor-
manceswith theclassicallineartimeseriesanalysistechniques.Evenwhensuchtimeseriesare(linearly)mixed,they remain
linear, andthey canbepredictedusingstandardtechniques.

In addition,someof theIC’s mayalsobeusefulin analyzingthe impactof differentexternalphenomenaon theforeign
exchangerates[2].
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