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Abstract. Recently SupportVector Regression(SVR) hasbeenintroducedto
solveregressiorandpredictionproblemsin thispaperweapply SVRto financial
predictiontasksIn particularthefinancialdataareusuallynoisyandtheassociated
risk is time-varying. Therefore,our SVR modelis an extensionof the standard
SVRwhichincorporatesnaginsadaptationBy varyingthemamginsof the SVR,
we couldreflectthechangen volatility of thefinancialdata Furthermoreywe have
analyzedheeffectof asymmetricamaginssoasto allow for thereductionof the
downsiderisk. Our experimentalresultsshav thatthe useof standarddeviation
to calculatea variablemamgin gives a goodpredictie resultin the predictionof
HangSengindex.

1 Introduction

SupportVectorMachine(SVM), basedon StatisticalLearningTheory wasfirst devel-
opedby Vapnik[4,6]. It hasbecomea hottopic of intensie studydueto its successful
applicationin classificationaskq7,8] andregressiontaskg5,3], speciallyontimeseries
prediction[1] andfinancialrelatedapplicationg2].

WhenusingSVM in regressiortasks the SupportVectorRegressomustusea cost
functionto measur¢heempiricalriskin orderto minimizetheregressiorerror. Although
therearemary choicesof thelossfunctionsto calculatehecost,e.g. leastmoduludoss
function,quadratidossfunction, etc.,the -insensitve lossfunctionis suchafunction
that exhibits the sparsityof the solution[4]. Typically, this -insensitve lossfunction
containsafixed andsymmetricaimaigin(FASM)term.Whenthe magin is zeroor very
small,onerunsinto therisk of overfitting the datawith poorgeneralizatiowhile when
themaminis large,oneobtainsabettergeneralizatiomattherisk of having highertesting
error. For financialdata,dueto the embeddedhoise,onemustseta suitablemamgin in
orderto obtaina goodprediction.This paperfocuseson two waysto setthe maginsin
SVR.

When applying SVR to time seriesprediction,the practitionersusually overlook
the choicesof the magin setting.For example,in [2], they simply setthe maigin to 0.
This amountsto the leastmoduluslossfunction. Othershave just setthe mamgin to a
very smallvalue[5,9,10].In [1], they appliedadditionalcalculationse.g.,validation
techniguesto determinea suitablemargin empirically.
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Oneof theshortcoming®f theabove methodss thatthemaigin is symmetricabnd
fixed.Consequentlythistechniqués insensitve andnon-adaptieto theinputdata.This
may resultin less-than-optimgberformancen the testingdatawhile it obtainsa good
resulton thetrainingdata.

In this paperwe proposeo useanadaptve maigin in SVR for financialprediction
to minimize the downsiderisk, which is an essentiapartin financial predictionwith
volatile financialdata.More specifically we presentwo approachesoneuseshefixed
andasymmetricamagins(FAAM), whereaghe otherusesnon-fixedandsymmetrical
magins(NASM).

A key differencebetweenFAAM andFASM is thatthereexist an up anda down
mamgin thatareasymmetricalln the caseof FAAM whentheup mamgin is greaterthan
the down mamgin, the predictve resultstendto be smallerthanthe predictive results
which areproducedoy usingFASM.

In NASM, themaminis adaptvetotheinputdataTherearemary possiblechoicego
setthemaigin. For example onemayusethen-th orderstatisticgo calculatehemaigin.
More specifically we choosethe secondorderstatistics the standardeviation, asour
methodto calculatethe adaptve mamgin. This is because¢hatthe standarddeviation is
frequentlyusedasa measuref thevolatility of stockpricesin financialdata Whenthe
stockpriceis highly volatile, it hasahigh standardleviation. In financialtime serieshe
noiseis oftenverylarge,andwe try to tolerateour predictionby having alargermaigin
whenthestockpriceis highly volatile. Ontheotherhand asmallermaigin maybemore
suitablefor lessvolatile stockactiities. Hence ourapproactavoidsthefixedmargin in
orderto obtaina betterpredictionresult.

The paperis organizedasfollows. We introducea generakypeof -insensitve loss
functionandgive the inferentialresultin Section2. We reportexperimentsandresults
in Section3. Lastly, we concludethe papemwith a brief discussiorandfinal remarksin
Sectiord.

2 Support Vector Regression

Given atrainingdataset,(x1,y1),...,(Xn,Yn ), Wherex;  X,yi R, N isthesize
of trainingdata,andX denoteshespaceof theinputsamples—fonstanceR". Theaim
is to find afunctionwhich canestimateall thesedatawell. SVR is oneof the methods
to performthe above regressiortask[4,3].

In generalthe estimationfunctionin SVR takesthefollowing form,

f(x)=(w- (x))+b, @)

where(-) denotegheinnerproductin , afeaturespaceof possiblydifferentdimen-
sionalitysuchthat : X andb R.

Now the questionis to determinew andb from thetrainingdataby minimizing the
regressiorrisk, Rreg(f ), basedontheempiricalrisk,

N
Rieglf) =C I(F () = y) + 5w -w) @

i=1
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whereC is a pre-specifiedvalue,l () is a costfunction that measureshe empirical
risk. In generalthe -insensitve lossfunctionis usedasthe costfunction[4]. For this
function,whenthedatapointsarein therangeof + , they do notcontrikuteto theoutput
error. Thefunctionis definedas,

0 it ly-f(X)]<

rEex) -y = ly- f (>2)| - , otherwise @)

In this paper we introducea generaltype of -insensitve lossfunction, which is
given as,
(0} if — down <y —f(x)) < P
FEx)-y)= yvi—-fx)- * ifyi-fxi)=2 ° . 4
f(xi)=yi= P if f(xi) -y 2 fown

where P and d°"" correspondo thei-th up magin anddown mamgin respectiely.
When P and 9" are both equalto a constantfor all i,i = 1,...,N, Eq. (4)
amountgo the -insensitve lossfunctionin Eq. (3) andit is labeledasFASM (Fixed
andSymmetricaMargin). When P = UP foralli = 1,...,N and jdo""” = down
forallj = 1,...,N with YP = down thjs caseis labeledas FAAM (Fixed and
AsymmetricalMargin). In the caseof NASM (Non-fixedandSymmetricaMargin), we
usean adaptve mamgin for which the up magin equalsto the down mamgin. The last
caseis with an adaptve andasymmetricamagin. In this paper we just considerthe
first threecasesi.e., FASM, FAAM, andNASM.

UsingtheLagrangdunctionmethodo find thesolutionwhichminimizestheregres-
sionrisk of Eq. (2) with the costfunctionin Eq. (4), we obtainthefollowing Quadratic
ProgrammingQP) problem:

1 N N N
argmin 5 Cim DCi= DEo)- N+ (=9

' i=1j=1 i=1
N
+ ("Mt (B)

i=1
subjectto
N

( i i):oy is i [O,C], (6)
i=1
where and arecorrespondind.agrangemultipliers usedto pushandpull f (x;)
towardsthe outcomeof y; respectiely.
Solvingthe abore QP problemof Eg. (5) with constraintf Eq. (6), we determine

N

the Lagrangemultipliers and andobtainw = (i— ) (Xi). Thereforethe
i=1

I
estimationfunctionin Eq. (1) becomes

N

fF= Ci= DO X)) +b. @)

i=1
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Sofar, we have not consideredhe computatiorof b. In fact, this canbe solved by
exploiting theKarush-Kuhn-Tucker(KKT) conditions Theseconditionsstatethatatthe
optimal solution,the productbetweerthe Lagrangemultipliers andthe constrainthas
to equalto zero.In this casejt meanghat

(iP+ iy (we () + b =0 ®)
(M Y- (W ()= B =0
and
(C- i)i=0
(C- )i =0.
where ; and ; areslackvariablesusedto measuregheerrorof up sideanddown side.
Since ;- ; = 0and i( ) =0 for |( ) (0, C), bcanbecomputedasfollows:
b= Y~ W ()= P for i (0,C) ©
yi— (W (x))+ {o" for ;  (0,C)
N
Using the trick of kernelfunction, Eq. (7) canbe written as,f (x) = (-
i=1

i=

i JK (X, xi) + b, wherethe kernelfunction,K (x, x;) = ( (x) - (xi)), whichis a
symmetricfunctionandsatisfieghe Mercer’s condition.In this paperwe selectacom-
monkernelfunction,e.g.,RBF function,K (x, x;) = exp(- |x — xi|?), asthekernel
function.

In thenext sectionwe applyourinferentialresultof SVR basednthegeneraltype
of -insensite lossfunction to the regressionof financial data,for example,indices
andstockprices.By applyingregressiorto the data,we canbuild a dynamicsystemto
modelthe dataandhenceusethe systermfor predictingfutureprices.

3 Experiments

In thissectionwe conductwo experimentdoillustratetheeffectof FASM, FAAM, and
NASM. Thefirst experimentillustratesthe SVM financialpredictionwith fixedmagin,
includingFASM andFAAM. Thesecondxperimenteststhe SVM financialprediction
with NASM undershift windows.

In our experimentwe usethe daily closingprice of HongKong's HangSengindex
(HSI) from Januaryl5, 2001to Junel9, 2001, a total of 104 days’of datapoints,out
of which 100datapointsfor trainingandtesting.We setthe lengthof the shift window
to 80. The dynamicsystemis modeledasl; = f (I¢- 4, l¢t- 3, lt- 2, lt- 1), wherel is
therealstockpriceattimet, andl; is the predictive valueattime t. Thereforethefirst
training datasetis from Januaryl5, 2001to May 22,2001,atotal of 84 days’of HSI.
We usethemto predictthe next day’s HSI. This window is thenshiftedandan entire
trainingis performedagainto predictthefollowing day's HSI for theremainingtesting
data.
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The SVR algorithmusedin our experimentis modifiedfrom LibSVM [10]. Before
runningthe algorithm, we needto determinesomeparametersThey are C, the cost
of error; , parametenf kernelfunction, andthe magins. After performinga cross-
validationin thefirsttrainingdatawesetC = 6000, = 2~ 24, Sincedifferentmamgins
will affect the resultsof prediction,we usedifferentvaluesin our tests.Furthermore,

we usethe following three error definitionsto measurethe testingerrors, error
1

L M -1 errorpes o g (em ) errorneg g (2 (-
It), whereM is the sizeof the testingdataanderror reflectsthe total risk, erroros
reflectsthe upsiderisk anderror,eq reflectsthe downsiderisk respectiely.

The experimentsare conductedon a Pentium4, with 1.4 GHZ, 512M RAM and
Windows2000 With theseconfigurationsthe predictive resultsareobtainedwithin sec-
onds.

In thefirst experimentwe usedifferentvaluesfor upmagin anddown magin to test
the effect of FASM and FAAM. We shaw the settingof the magin in the secondand
third columnsof Table1, andreportthe correspondingrrorsin thelastthreecolumns.
In all but the first andthe lastmaigin setting,their overall maigin widths arethe same,
i.e., UYp + down — 150 This allows usto have a fair comparisorof the four cases.
Fromthe Table 1, we canseethatthe errorpes graduallyincreaseswith the increase
of YP. At thesametime, with theincreaseof UP, we allow for moreerrorsabove the
predictvevalues Thustheerror ey decreasesn termsof theoverallerror, it increases
andthendecreaseagain.This indicateshatneithera narrov maigin for theupsidenor
thedownsidewould bedesirablen termsof theoverall error.

In thesecondxperimentafterconsideringhevolatility of thefinancialdatawe set
theup magin anddown maigin bothequalto the standardleviation of theinput vector
x to performthe prediction.The predictive error of the experimentwith the NASM is
reportedn thelastrow of Tablel andtheresultshavsthatthetotal erroris significantly
decreasedomparingwith thefixedones.

Table 1. ExperimentResults

[Cas¢ "P| ™" [ error [errorpos[errorneg
1/0( 0 134.59| 56.46 | 78.13
50| 100 || 131.96| 49.44 | 82.52
75| 75 || 129.03| 60.47 | 68.56
100 50 || 129.96| 73.44 | 56.52
150 O 135.64| 101.28| 34.36
116.19| 53.29 | 62.90

OO Bl WN

4 Discussion and Conclusion

In thispaperwe presentigeneratypeof -insensitvelossfunctionin SVRandoutline
thevariousmamginsused,.e., FASM, FAAM andNASM. UsingHongKong's HSI as
thedatasetfor SVR with differenttypesof magins,we have thefollowing conclusions:



396

1.

2.

H.Yang,L. Chan,andl. King

Oneinterestingobsenationis thatneithertheup maigin northedown maigin would
affecttheerror unilaterally This canbe seenfrom theresultsof Case2 to Caseb
in Tablel.

Anotherinterestingobsenationis thatfrom the point of view of the downsiderisk,
CasebinTablelisagoodresultsinceits error,eq, whichis relatecto thedownside
risk, is minimum.In practice we canreducethedownsiderisk by increasingheup
maugin while decreasinghe dowvn mamgin.

. In the NASM case we find that using standarddeviation to calculatethe magin,

which canreflectthe changein volatility of the financialdata,resultsin the best
predictionin our experimentsincethis resulthasa minimal error.
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