; e3ej R6TgxL METHOD AND SYSTEM TO PROVI DE A FORECASTI NG MODEL by Inventors s
Background of the Invention 1. Field of the Invention The pre n
rel ates generally to forecasting. Mire particularly, the presjmmmmmmlmﬁlmm
relates to a method and systemto construct a forecasting nodel. 2gg002*

Description of the Related Art 10 Forecasting refers to the prediction or
calculation of a future event or condition based on a study or anal ysis of

known data bas i C i i tly perforned
by i ndi vi dual sME@?@%WT@@ﬁ@é"@%@hﬁf’h@@%ﬁ@%&@@@ﬁgcer. es or the
anount of traffic on the commute ) mRikrsa muich greater degree of
sophistication is required to have any success at forecasting conplicated
events such as 15 the weat her or the performance of a stock nmarket. O her
conplicated applications for for ecaat ifr}ﬂ iyacl ude i nventory control,
proddction planning, nark sLQunG OLINE NVER ¢ and financial pl anning.
Forecasting usually includes the construction of a forecasting nodel that
pr edi ct . i val ue of a desired variable or a set of

vari abl Zlé% e‘sfvtg?l&gﬁﬁng@ﬁare 20 conputed from known data collected from
past events, which are used to train the forecasting nodel. One form of
known dat a i sTHe presaerinestidatralateshgenbratlgnpr foseastings eMat mEaiculab, niis
recorded sequentially in time. In time series, each adjacent data point is
typi cal |Bressapavertinn relatosdy asmsthodpndsypemite sonstimat & freessing meddcast i ng

nodel s include |inear regression nodels, Auto 25 Regressive |Integrated

Movi ng . I rtificial Neural Networks (ANNs) and

Suppor t ':iégsgr?lp Ock??@e%ﬂ?%%}:‘?rﬁA | i near regression nodel is a statistical
nodel that assunes that a forecast can be deconposed into a wei ghted sum of
a number of cRureaktifigiadfasso thy predistiomoe oalcalation of & fturd\Rrdh orosialition
represent a general class of 1 | i near nodels for forecasting a tine

seri es, BRedAn afhdyeorsanabysisrfrknona dnja bassd ondraseevestss Whilp ferecasting éy enci ng
and | oggi ng.. hn t to Ji. regqr ion_and ARl MA |s... ANN. nodel s
are non- Olﬂgt(%%.tllly cp%gr;fghrp%fibc‘{ng dlvr%@g% stotﬁrg?lségrcgm edl g‘:h/een St%lgf&))g@? aqrécel Pke a

bi ol ogi cabcdirk \@UBe aMdliMNdMriffic onl the eaihalt Itb twork Oa hfRhNeresdMiegdéL ol SO
| earning algorithnms for pattern classification and regression. The basic

pri nci plsephighiation $y/Ksuired to haveranyt suecesp it foatcabtingeeomplinatedogvientssaeh) as
hyper pl ape (see abgve fiqure) such that fhe expected.classiticatiqgn error
£ oF “lihsdbi, weadier 88 i esstofide T ook rerket” GRHBR Coraisaiats somicifpns 1o

per f or M@fR)sting include inventory control, production planning, marketing, as well as

economic and financial planning.

Forecasting usually includes the construction of a forecasting model that predicts

or estimates the value of a desired variable or a set of variables. The variables are

20 computed from known data collected from past events, which are used to train the
forecasting model. One form of known data is time series data, which comprises a set of

data points recorded sequentially in time. In time series, each adjacent data point is

typically dependent on adjacent data points.

Conventional forecasting models include linear regression models, Auto-

25 Regressive Integrated Moving Average (ARIMA) models, Artificial Neural Networks
(ANNSs) and Support Vector Machines (SVMs). A linear regression model is a statistical
model that assumes that a forecast can be decomposed into a weighted sum of a number

of causal factors, plus a random error term. ARIMA models represent a general class of

AN
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Unfortunately, each of these nodels has limtations that are exposed by 1 o
conplicated forecasting applications. For exanple, because an AR MA nodel
and linear regression nodels are linear, these nodels are unable to capture
non-linear relationships fromtraining data (defined as known data used in
training, of forecasting nodels). Therefore, the use of ARI MA and |inear

r egr essiBarHasls forderecastiae itige seiies, Which ean be statignariged by Gansforpglens

f orecast] : | L performance. 15 A further problemw th AR MA
R

nodels is ssu characteristics of the training data. This
is undesirable as it introduces a bias into the forecasting nodel. For
exanpl e, if dnpentrasttd Hheat hegressioar drrit ARIMA mhbdels|aANNtQodsds hrermoadidead i S
absent fromthe training data used in the construction of an ARl MA nodel,

t he ARl Mampyipsiongl medelnthapere fgsignedstopnsiatel ikep bindegieal mervoys sydem véfhhce t hat
parti_cul ar characteristi 11 npt .be 20 reflected in the farecast.. ANNs
Bre ol 4t ARIRY IS lein, §vPhsiese A8b a8 alsfrieiie B meflgiTesieRifitind o

trai ned Byregsio MPhd SAISSHIRINE 88Hind SR fsi thlingythe 3ptiAMNinear (draoRRfe _
presenting a set of training data to the network and thereafter, adjusting
t he wei dhypsrplanet(bee aboveufighredsudr thaheyexpected alastifieatioatanmr Kor eissemtest he
desired estinmate. .However, before training of 25 the ANN can conmence, a

| ar ge mfﬁ’ﬁ’é’iesd? nlfl?‘g’ézv%&'%n%?%lrgfng’@ FRUOD REFRTAMCELr  hi dden | ayers and nodes
in an ANN, the learning rate of the ANN, the initial weights, and the
traini ng al gamhbRMAQyEREPYofMHREe BRo&3E I HIRT Bfhitafons ittt Q" B Red %%gause
back- propagation of efror using the gradient descent nmethod i's co nly
enpl vy ecompliasted shrechtingeapplit stionsheFoi skangple ebécanse anchARBMAI modéli gl a | ocal

m nima i nstead of  the global mnim in a solution _space) in an ANN i s

i ncr eas dHICATHRSTESSIANN rrwgeléf argNeeansthese mprdelsy argi anable)de cCapturgrdioRdieiiequi r es
a subst i - i j 1.} iffjcult to
rrive akBiohh Qining AR RZ U By nbed T HahE b RReid 1S

i nsuf fi aheddld)y Therifsredthaiuké of ARIMUADaddlihar Esppéstiion ]y whéd rfiRflRidatd N a
conplicated data set, resulting in underfitting. Conversely, an ANN that is
over - t r db Rewrtlineay reswds ippegengedshys Ao seletalisatitneperdirmenesnshi p bet ween dat a,
but also noise as well. This |0 is referred to as overfitting. Both

overfitting a nderfittin nesult, i 0Qr general i sation. perfornmance.
Fur thier . an AR B ollth SRIMATEOs snBRE SRSt SRbwsdshet el A
separ at andbiinifp 4480 ThRAY uh8ekifable KtihBftroddRR% Bihs #76 the RYMBstirpUsbddas t he
one discussed in US Patent No. 5,950,146 issued to Vapni k) are data-driven

nmodel s Héoriengmplesifl apartenlarchiaradtepistici of the datibtodiesfordcastbd ist abaemtifrgm dlat a, 15
al so kngwn .as support vectors. .Conpare t he. ot her ventj on

For ecastiy R daHREs mslieiceRTTisHES o Andt A dBrdeh ot I Fadeh L sotng
NoN- St atyeORAé Yo RFRRAE R actihte ordchst il Rt PRHIBIGAHRRR st WBCARI BT
error. However, "t he dependence of SVMs on a single set of training data is

undeXi r abflectdsbinahe foredast. SVM i s unabl e to account for the possibility that
the set of training data may be flawed. 20 In view of the foregoing, it is

desirable to a hod and system.to construct. a forecastin del that
ves obad JomBKE e TEl T BoRE GRlahEalarseaisl oF Mot lisemn sk Dl gt Ol o cot
of trainkp . i eg} t : 2 t o]
constr utr:t '%ﬂlgedﬁgyr %g%r{slglildﬁ Sedrar%rggeisgi %bﬁfi?%aﬁlyf %‘éﬁﬁq\gfﬂfﬂgéd;%?‘é‘%?%@égnfﬂ%d and

whi ch r dcpming sddtdhdo ethe | mtvorkn and  thereyfiax, fadjwstinge ehg aveaghas ansthel hetiverkf ur t her

desired that,the f%re asti ngkrmdel 25 be applicable to both |inear and
non- | i né&Forgingly soxthat tag Retopk Ftump, they desiaset ssbimatth o essmelom RS el 111 s

t he n idi t ting
roder. | 1HE SRGgeHh BEhichet, 3 15e IR Of RS bR ALY dedhl bl B0AH
i mpl emenkgds bid ROAERIiAWE AWNS thd B8l ffe §5tha ANNC 2RSinitAN walihey, ahdi$he a
systemor a 5 device. Several inventive enbodi ments of the present

i nvent i dreiing alpesithm Keempley owst boestimatesbodi nent of the present invention

a method to construct a forecasting nodel is provided. The nethod begi ns by
sanpling a primary training data set to generate a plurality of sanpled
training data sets. Sanpling is preferably conducted by boot strapping.
Thereafter, a plurality of estimators is trained with the sanpled training
| 0 data sets. Each sanpled training d@ta set is used to train a single
estimator. The estimators are preferably SVMs. The forecasting nodel is

t hen generated by conbining the estimators.



In a preferred enbodi ment, a set of optimal free paraneters is selected for
each of the estimators. The selection of a set of optimal free paraneters
begi ns by selecting a set 15 of free paraneters for one of the estimtors.
The estimator is then trained with a sanpled training data set. After

whi ch, a set of cross-validation data is applied to the estimtor to
generate a sdturhermpreqbseavae acknpsopagatinne of cRITBnLERE dhe | gradisal, dssgeat| at ed
with th f ' €Sy fafr i timal if
the. pr oar iR ooty kiR KPRy e 3Py e R RPEALRUALE, i MR
sel ect edoggaiftinhd inkfeed BF & FbbA MiAlth#In 4 SoldGén fFhcB) Ml FBANN {s iféyeated. be
appreciated that the primary training data set may be constructed froma

ti me serfhsdrainihg ohAMNsrusufg thegradeant dessentimehethrequises ssubsiantidantousbohl ed
trainin dat? set. may be increased to obtain a better generalisation

per f or rrg:ﬂ@é’.u qtlﬂnﬁlﬁg?%er preferred embodi ment, the conbination of the
estimators begins by 25 constructing a predicted training data set fromthe
primary trai n peh1psRenSd Hidtd BAriNeatOSidWBKARh afbhfaligrth of Rfining.
forecasting nodel is constructed fromthe predicted traimng data Set. The
f or ecastAmANMNdbht issinpufficent|tiaincineilt dait ¢ol faliy waptusshthentetagienssp iinet or .
Preferably, a set of optipmal free paranmeters is selected for the shrinkage
est i mat GPMPplicated data st ‘??B{{’r%érmélﬁﬂ?f@it%tc‘b‘?vef%‘fb”ﬁFeAsthh?tH%ﬁ?rr%‘}eda system
to const f : L i I Q| . ] 11S8S,:

sarpl or P cad o B EATE ho (P Rind PR B dnlh Bu S0 R TREIP TS
prinmry i rrafefieddodad avasittingA Baah neferfitihpld hmietfiting anpy eesult & Psod
plurality of estimators with the sanpl ed traini nig data sets generated. 5
Each sargsherdlisatian mierfgrmaencs. Jarthps an;@ﬂNt@ntheamr Htedli tagegpoad ttp watyopne A

conbi ner,_co d to_the trai.ner conbines the esti s to generate the
forecastt?'%egéjﬁr)f% e|}i‘s‘aaﬁ"§? A&‘@‘éésctﬁ‘%“ Eleﬁﬁlrgcgéoéﬁﬂ}% © n‘%eﬁ% i nvention wl |
becone apparent fromthe foll owi ng detail ed description, taken in

conj uncti on VEVMs{(fihas eReTpaistugsell MWUS Patent NoUSo56/1406sstyd waYagfikexanpl e
the principles of the invention. 5 Brief Description of the Drawi ngs The
present argdatatdriyan vmaedelsplavirg displption dbatsdeperiisbyn subsets gif| theitnatning: tata) ed

AeSS1T PLL ol SQU SIS | 2ot EBrb2a %S SRR AL AL A DRl A 12

SVM exhibits greater resilience against noise and non-stationary problems, which are the
two main causes of forecasting error. However, the dependence of SVMs on a single set
of training data is undesirable because the SVM is unable to account for the possibility

that the set of training data may be flawed.

20 In view of the foregoing, it is desirable to have a method and system to construct
a forecasting model that gives good generalisation performance that is not dependent on
a single set of training data. It is also desirable to have a method and system to construct
a forecasting model in which the training data is augmented and which requires the
estimation of only a few free parameters. It is further desired that the forecasting model

25  be applicable to both linear and non-linear data.



description, like reference nunerals designate |ike structural elenments. 5
Figure 1 illustrates a nethod to construct a forecasting nodel in
accordance with one enbodi ment of the present invention. Figure 2
illustrates a sanpling process to generate a plurality of sanpled training
data sets in accordance with one enbodi nent of the present invention.
Figure 3 illustrates a net fgnParebfthe InveRfon ' €€ paranmeters for an
estimator in to accordance W ith one enbodl nent of the present invention.
Figure 4 illustrates a nethod to conbine a plurality of estimators in
accordance WTHe prescneibatior fillsothesehfedds e8epiovidive at method Rind Wystem to
illustrates a bar chart conparing the performance of thirty individual SVM
regresscﬂOQStma@l’ﬁ@ﬂSén&qugg Tyslild be appreeipigd tleas the prgsent énventioitanght of t he

por For mal ISR {0 pBiorto M SskliEg B Earoeens o AaPEUSSH AERRAsI® |

accorsdantgicd! §BvaGnFeHRQE bABBEinRhtsl T8 PpREGR InveMGMrk ABscribbd BEIGwW!

illustrates a systemto construct a forecasting nodel 1 n accordance with 20
one enbodi nent of the present invention. 6 Detai | ed Description of the
Pref erred Endodnasmbodiunaentofithe prasens ysention, @ roethed taicenstruétor feemstingg nodel
are provided.. In the fgljlovm' escription,. nunerous specjfi¢c details are
Set Forhoda, inmenide, dhsvaBos e Rt RTTE SRR QRO P e Gt Seleh:

i nvent i QRnerhfe Mphukalfl§ o RERHRH Whind QUG \E1s: ShAPERE isPpraterdblf ohdhetedtna! t

t hat thgé%{)l?ese%\wp uianvgr(l)tionf)maty beln ractigeg mfft?lﬁ%bsfpsorre groalf ofeoyflhese
speci f i dodatrapping. Mhewbftar aiphahltyosestimeators isnealedowith elbs sapseditrhmng have
not been described in detail .in order not to unnecessarily obscure the
presént dafn, eetei oBachrsagpled frajning latag s sis usedttRo@ainod single gHimataet The
forecast ] i ce W ient of th resent

nvent: oaltRe e prie BN RNC TR bReRiRe SRRELSTER: afert PR eEREMAs 150
from a spéefdimdiord data, such as the daily market closing price of a

In a preferred embodiment, a set of optimal free parameters is selected for each of

the estimators. The selection of a set of optimal free parameters begins by selecting a set

15  of free parameters for one of the estimators. The estimator is then trained with a sampled
training data set. After which, a set of cross-validation data is applied to the estimator to
generate a set of predicted values. A prediction error is then calculated with the set of
predicted values. The set of free parameters is optimal if the prediction error is minimal.

The set of free parameters is preferably selected again if the prediction error is not

20 minimal.

It should be appreciated that the primary training data set may be constructed
from a time series. The number of sampled training data points in each sampled training

data set may be increased to obtain a better generalisation performance.

In another preferred embodiment, the combination of the estimators begins by

25  constructing a predicted training data set from the primary training data set using the
estimators. After which, the forecasting model is constructed from the predicted training

data set. The forecasting model is preferably constructed from a shrinkage estimator.

Preferably, a set of optimal free parameters is selected for the shrinkage estimator.

4



particul ar stock over a period of a year. This particular raw data set
woul d be represented by a tine series ~yl~, i =1, ..., |, however tine

i ndependent data, such as the system performance of a conputer, nay al so be
used. The primary training data set is subsequently sanpled in a bl ock 200,

preferably 15 by bootstrapping or Arc-x4, to generate a plurality of
sanpl ed tr ai niin¥fFt BROEhEE embodiment of; the presept MVERHOR, e SKLEIR AP; ¢apsERCtstinpl ed

trainin : | j j f j | .
Exanpl eg&g@ﬁ%ﬁfiﬁnﬁ%rﬁs& ?ﬁgf%gléﬂﬁf grsl{eég? J;br e%ééggg%%{ﬁp%@e?@?&@ k}&galﬁ';}gﬁﬁb and
SVMs. Eaathplalnphifihgt datd 6ét8 groh@dpritfiryi teainifg dlat0sdt! aA Nradive cofipledas ke
Finally, a forecasting nodel is generated by conbining the plurality of
est i mat ciespley tepinsoa pluakity 3efoestmatorp Wit the samailed Haining dats oets ggnergted.
constructed in bl.ock .150 with the follow.ng training,data.pattern

r v T8 shiiol%y Wi Serf'shls bk bl tdle b BRloR A Bl b BTl ¢ ot
nunber ahe traefddbiH& e b&ihit6rsS6 benetate Aifototasting model. ,

=~Y~-~r~. .., Y~=->>et)~Y~~~i=d+1, .. ~t 7 where yi" 1s a tinme series. Each
training data pattern conprises a vector of an input variable xi and an
out put vari abDtheynspetts andsatyantageseofy thei inventionnwilk bedoass, appaeey doinotheof t he
i nput varij.able xi . rises d lagged values of the tine series (yi-d ...
Vitl ) anloumecdselcirserpian e dR conpgiem it e SECBPEBHS RS AL of

out si de ; TS Is L; : omtted in instances
wher e tHg?ghgﬁgb%E“?gﬁé?%gﬂ%?ﬁ%ygégﬁggﬁgﬁ%g“%%ﬂggken into consideration
The next value of the tinme series yi is the output variable. Figure 2
illustrates sanpling block 200 in greater detail in accordance with one
enbodi nent of the present invention. In general, sanpling involves
selecting a nunber 1 o of training data points fromthe primary training
data set to forma sanpled training data set. Exanples of sanpling

t echni ques, which can be applied in sanmpling block 200, include Arc-x4 and
boot strapping. In the bootstrapping process, a primary training data set
202 is repeatedly random sanpled to generate a plurality of sanpled
training data sets 204, 206, 208, 210, and 212. Primary training data set
202 is nade up of the following 15 training data: t" tz, t3, t4, ts, tb
Each sanpled training data set 204, 206, 208, 210, and 212 includes a
random conbi nation of training data fromprimary training data set 202.
Each sanpl ed training data set 204, 206, 208, 210, and 2l 2 may contain a
nunber of training data points equal to, greater than, or less than the six
training data points in primary training data set 202. 20 The nunber of
training data points in each sanpled training data set is chosen to bal ance
generalization performance with conputational tinme. A greater nunber of
training data points selected will result in a better generalisation
performance, but increases conputational tinme. Wen a smaller nunber of
training data is selected, conmputational tine is reduced at the expense of
the generalisation performance. 25 Because each of the sanpled training
data sets are obtained by sanpling the same prinmary training data set, the
statistical distribution of the sanpled training data sets will mmc that
of the primary training data set. Therefore, because the sanpled training
data sets share the sane statistical characteristics as the primry
training data set, the sanpled training data sets can be used to train SVMs
to estimate the primary training data set. 8 Referring back to Figure 1
each sanpl ed training data set 204, 206, 208, 210, or 5



G ven a sanpled training data set (x,, vy,), (xz, y2), ... , (xi, yi), where
X, EX c R'" represents a vector of an input variable and y, EY c R
represents an output variable, an to where ~(x1) represents a feature space
of a higher dinension on which training data xi froman input space is
mapped. w and b are coeffl Ci ents which are estimated by 212 generated by
sanmpling in bl ock 200, 39} it oé such as a linear
regressi on nodel, an ARMVA DA ' OT SVVPT n bl ock 250. For
exanple, training the plurality of esti mators using SVMregression is
ef fected by nBRppREerdaindedticdMaal BePealil$ Pamerse¥dobR the AoUbRingPasEilef a
hi gher dinension. A linear estimator is then constructed in the feature
space. ﬂwcﬂptwcaam eczpmumtlm wrﬁhtﬂhe herampanying adwwingsr esponfisilitae athis
non-| i near est |nthe| ac i mator derived using SVM
o0 eso BT R e RS HGmeBls Sxarenata K5 SRPCMB SRDI: |1 (x> w~(x: ) +b (1)
mnimsing the follow ng regularised risk function: 15 r Mnimse 2 Ilw z
+ C 35 ~ LE ( pigurell iiistratds 4 dbthel§6 Gonstrutea Fote Qﬂﬂg‘nﬁaeltlﬁ%c&ﬁgéﬂc@r\ﬁlﬁﬁd term
Because it is |rrportant to restrain the ability of the function to estimte
t he tr aionermbedimdnabf therpedsentriaderttionas f uncti on capacity), | wz is
mnimsed. In this manner, the estimator attains maxi num possible flatness
to control functi aci t and m nimze overfit . 20 r The second term
1~ L~ (y,, Lﬁgwe%ljluf»t@ﬁ mﬁrpr%q?ﬁﬁ%ﬁgﬁramafu ﬂgégﬁﬁ@apls@tr@wglgl
fO||OWI of i | y" f ~x~)|
- y~q%%%eksﬁ\§m%g?drhéﬁég &19?%;}/ apptdg/lﬁér;flé Og;qlllf fsgﬁt l?igﬁﬁhthe I|near est i mat or
in equatl on (1) may be represented even with only a sparse nunber of data
poi nts. s i s KgmeOnllystra¢sa methotldo adedthoptitnabfres paramatets foriaa ektivoawor as t he
regul ari sation constant. Both s and C are user defined free paraneters and
are Qet ccroTdarFeatith onecembapimentas thaprasent WyentiAl es of w and b, equation (2)
is transfornmed into the following primal obj ective function through the
'_Fnir oduct | '10? I?Eu@%ilfu'sffﬁe?h%&hd’cﬁfo‘ @olﬁlﬂ:ﬁﬁe a’plurart’y A\fqéghmaﬁ)?s n ‘Jiéc\‘yltdagcé" C- (~,
w1th one embodiment of the present invention.

Figure 5 illustrates a bar chart comparing the performance of thirty individual
SVM regressors and a forecasting model in accordance with one embodiment of the

15  present invention.

Figure 6 illustrates a bar chart comparing the performance of a conventional
SVM regressor and a forecasting model in accordance with one embodiment of the

present invention.

Figure 7 illustrates a system to construct a forecasting model in accordance with

20  one embodiment of the present invention.



subject to the foll ow ng optim sation constraints: .Yr -w'|"'(xr)-U ~ E+~r
10 i v~~(xr)+b-yr < s+~,;, i=1,~~~,1 ~c.> > 0 r A Lagrange function is then
constructed fromboth equation (4) and the correspondi ng optimisation
constraints through the introduction of a dual set of variables. Because
the optimal solution occurs where the Lagrange function has a saddl e point

wi th respect 10 ) eypiled DaSerigtiin ¥Pthe Brefer(dERTbbARheify | valives of

t he Lagrange 15 function Spec € prinal varraplfes w, b, ~ and

~;~ equate to zero for optinmality. Exploiting the Lagrange function with

the saddl e poi hetboahd alstts Wi drdué @Im@leca%ﬁh'% Fhed ia8 pRyvaddde Min ke t he

process of deriving the dual optimzation problem a set of the dual

var i abl dellewingedgspiiptiane dumeses ﬁgycwl getaite arpeopet fontht in grdep to prgvide a

otherwls knvvn sZOthe mul ti plj Th a errultl liers a;
s eanhepyel el eTng RomEghae Bruon! 1L WilLbg undesiodd HiExer 1o ofe ' g

‘Q’pflr {%/e's sggiled in ‘he art at ﬁ!ejF@@&hmn%ﬁ%ntxﬂﬁy E‘é’ﬁx‘acﬁ’&fd' \thfcﬁitt ‘s&iﬁe Bf @bbpmei@ge (a-

ar ) (a; spedfic )dé(aﬂs ~In( ot})errmstanees @e}l—knqvm ptdfc)ess lobg:mﬁdmst ha\'tehﬁotlc bkdrowi ng

constraints; r é a "~ < i=1,~~~1 |n equation (95),
K(xi, xjdesqribed in ?tﬁlélm ‘P@ﬁ’é‘t‘?té‘i’u uP‘PF&FSS%]t @ﬁ%g ﬂmrew HVERiMi tion with a
val ue defl ned by K(x, , x~) ~( X, ~ ~(x~) . The use of kernel

functions al 'lﬁg{?{gtlh@u&‘}a‘%&%‘hekﬂ&ﬂ 't8%o§&nfc@§%x‘e9&sﬂn§%ﬁn§fgf‘§1(zi B}dégé‘e Spaces

of arbitrary nsions w thout the need to conpute rnel

f unct i onsith v ehibakmestfof thdpresenoimention, A ipfalavgdeainiig duth geolisysoasinadtedker nel ,
t he Gaussi an kernel, and the two-|ayer tangent kernel. Upon further

expl §i t dhjphlock He0f ﬁpmowsathQXW idala spelt a5 e dpkdy masketrclesing praee ofim

equat i on a{‘tlcul:)r stgckarorv'efl %dpéar}od of a year. This particular raw data set would be
represented by a time series {y;}, i =1, ..., I, however time independent data, such as the

system performance of a computer, may also be used.

The primary training data set is subsequently sampled in a block 200, preferably

15 by bootstrapping or Arc-x4, to generate a plurality of sampled training data sets. Then,
in a block 250 the plurality of sampled training data sets is used to train an estimator or
forecasting model. Examples of estimators include linear regression models, ARIMAs,
ANNs, and SVMs. Each sampled training data set is used to train one estimator.
Finally, a forecasting model is generated by combining the plurality of estimators in a

20  block 300.

The primary training data set can be constructed in block 150 with the following

training data patterns:

{ X,y hi=101

where y; is time-independent and / represents the total number of training data in the set;

25  and

{x, =V grs V26 ¥, }i=d+1,-t



r f(x~) _~(a - a, )K(x, ,x!') + b (6) The training of an estinmator
using SVMregression can be likened to the solving 15 of a linearly
constrai ned quadratic programr ng problem represented by equation (5),
having tw ce the nunber of variables as the nunber of training data points.
Because the generalization performance of an estimator is affected by the
enpi ri caVheye BH 84NG EES - par anet ers, such as E and C, the sel ected ker nel
function, and the free paranmeters, which define the kernel function in the
precedi ng ex 1 J i J i i,pn

pert or mance. [T BaPiHAE e paREh complivcs Sekfer B AEIDEL VAL RETEASMBERIE o) cct
t he optivapiableryge hakcaseetwhice fipris antimet depies,othe i wecidr| ofStheaibpat varidblgwy e 3. A
set of free paraneters for the estimator is enpirically selected in a bl ock
352. Theoawrispnd Hheeed valpesofithe timeseries &ipl- ock- 350 AN eKOZENeuHATERI 70 ni ng

dat e 1 f | i dat d which | t t, that i
ot - decd“iiEh ¢ bastio gftpeaE TpY BusieR' ta8Beoc e bk Jofotif ke et or
to generghhigied iBCinshinced Slefd hkr drblSfo rélafRdCOt PrbBN dafal & YeS tdkBE Minto
calculated in a decision block 3S8 with the set of predicted values. If the

pr edi ct iconsiderabon.cEhendxavalde b theitmaseries yhie theatutpit varigde.par anet ers sel ect ed
in block 352 is 5 accepted as the optimal free paraneters for the

esti mat or. the other hand, if th diction errar calculatedq i s not
i el ¢ he Taegtedt TRFeuen Sttatineat 6 BDEER Eigafeh aEloh «6&xtined ot e Rgai n.
Predi ct | ibdith&t of e HRs@G &ehfibS dTdigdnahlt ﬂﬁlp@lﬂ%@ﬁ\l’&%sfs@fecﬂﬂé Fabinggd mean
squared error (NWVSE) given below. 10 NVBE= 1 ~~Y~ -.f~x~~~z Wwhere |

r epr®s enifsraitheg tlath pointsfromrthe prickatyatraininghiataset toforor osmmplad iralaingatatadat a and

Qis a neasyre of the standard devi atjon of the actual values in the set of
cr oss- varld ?@ﬁfeaa& CoampfIpg Aokl augs. hich Cﬁwgmp@ﬁeci 1y §3mpling, blogke 29Pedi ct i on

error i [ Or g ol ui. . , root
rean squir oo ARFER aSEURSEar Rt e bYOtanp OB AR C) Hhfhafy (Rhink i e
As di scuss2ep BrepcaRUBA tanddrh l@arﬁﬁlfe@lt(ege’h%rdt@a piugalite of sar@sledtraiaiiipl ®eh dotai Ni ng
data set generated by sanpling in block 200 is used to train a single

est | mat Gl0% A0 I208K2 Hisand BEd alismasatining datwse202s mede Mpt tha follavant f er ent
sarrpllsed tt r.al ni th,tdatts §e% thavi ng a 20 different statistical distribution,
each “est f%'f’%fl i s1PKkelY>té generate a different prediction error. To
mnimse the prediction error, the plurality of estimators trained in block

2S0 is conbi neghisampledciaisBp dava set 208 MR PHZL310, AU WHEEs HYiddehsS a
final prediction. Exanples of shrinkage estimtors include principal

conponerfombéeption oif trainimCAyta fivan piimary waivingsipimses 202 PEGHh samplgé treimingessi on
(P KEke B P, SRIPRRER S0R SR8 S B A Sk | o2
to, greater than, or less than the six training data points in primary training data set 202.
20  The number of training data points in each sampled training data set is chosen to balance
generalization performance with computational time. A greater number of training data
points selected will result in a better generalisation performance, but increases
computational time. When a smaller number of training data is selected, computational

time is reduced at the expense of the generalisation performance.

25 Because each of the sampled training data sets are obtained by sampling the same
primary training data set, the statistical distribution of the sampled training data sets will
mimic that of the primary training data set. Therefore, because the sampled training data
sets share the same statistical characteristics as the primary training data set, the sampled

training data sets can be used to train SVMs to estimate the primary training data set.

8



Shrinkage estimators are required because the sanpled training data sets
used to train the plurality of estimators in block 250 originated fromthe
same primary training 12 data set, causing a correlation between each
estimator. If not dealt with properly by the shrinkage estimtor, this
correl ati on hetween each of the pl uralitcilgo,f,esti mators can result in

muf ti - col | i ndsafeeipg bagk tonkiguee b iwach srapded tainive data s 20406y 208,24 10ner

general ig3t i r e . | ity .of est.i Bt [ ined in
B ock 3002 sehBpREEPLRIRE 5TE0: 250, 0 Ui b deflanriBliniRY R oS 80TERL

pl ural i tigg@fsi@ o8l ah ARIMAMEERERn ANBR By ld SeR irP@BcHQS@Pq?oQ%Mﬁh?IE,ed by
generalising the kernel nethod into a linear PCR nethod, is illustrated in
det ai | vidiming dfieepluraligy tob eFiimators using\SyM degressibnt rsaéffrictey bjatmappisg data

(F(x, )Xy, ), (f.(xz),yz), .. .. f(xl)xyl) ..s first constructed in a bl ock
502 Srielidsh ahi GG IR e P afoalii: ekt S brhihrlifpngn Y Higer SstiipBess 1<
vect or r.egl I est..pat i t:neqar i | ni ng
dat a se'?fl?lg ctgﬁéetﬁ%regr gﬁitﬁ%% t&gsfqdﬁgﬁogge?};’nﬁ%ﬁb@ﬁggll@c thE , réé(lssrp?ﬁée i nput
vect or asodgsponts fsa idielinesi pstimatar inghé mpuflépaceect or of predi cted val ues
f(xi) is then mapped in a block 304 onto a feature space ~(f(xi)) of a

di nensi on greater than the nunber of training data 1. In doing so, the

fol | owi ng ei deivemh sampled idagring dats stt(edy,)16,,9,), U, , €GUY;), whete ¥~ XIc(B) r
where C=~~~( f (x; ))~( f (x; ))T represents a sanple covariance matriXx
of ~( f répxesonys g veetqr afepprivmeniasakie anh-)z erlocek gepresdntrearodut@itaradable, an
represents a correspondi ng ei genvector. 20 Equati on,(81)' is then transforned
i nt ol0a (estimetor defiiead; usinganiMearpicssiarappaeximsfas dhgfollowingllinear egimator:j = |
.~ 1 (9 13 where KK~ _ ~( f (xr ))T ~~( f (x~)) , representing a 1 x
| kernel matrix. ~,; represents an eigenvalue of K satisfying the condition
~ 5 =1~ . af%(’fiéﬁr‘@'s@(erfg%+2’ correspondi ng ei genvect o(ra(tlgf K satisfying the
condition: 1 ur = ~ar(j~(.f(x; )) j=1 5 where ai (j), j =1, ..., | are

conponents of _ai. Jo ensure that the eigenvectors of .(f(xj)). .are. of unit
| ength, that vlvﬁe!re ,x,),rqy,resgit,s a, 8T|J11.r€afpaﬁﬁ§ afug %rqiﬁniepsslélang%]hc}étr.ammg
cor T eSPape fkh AR MYl Baddis ARPPY.NP abd8 ROLAH QB whic ard colilal P

val ues of a, are then u to calculate the principal conmponents s of f (X,
) wth trhmihsidgthe fglosdugatdgatarised askbfuactkor306: r i 0

s~(1)=uT~~. f ~x, ~=~a~~k~K(. f (xk~~1"(x,~J~ 1=1,...,1 k=t (210) r In order to
center f (x; ) in ~( f (x; ))1, that is, ~~( f (x; )) =0, in equation
. Ty 2 1
15 Minimise EHW” +C;ZLg(yi,f(x,.)) )

i=1

where ||w||2 is known as the regularised term. Because it is important to restrain

the ability of the function to estimate the training set (also referred to as function

2. ) . . . . .
w” is minimised. In this manner, the estimator attains maximum possible

capacity), |

flatness to control function capacity and minimize overfitting.

!
20 The second term lZLE (y,, f(x,)) represents an empirical error measured by the

i=1

following &-insensitive loss function:

|y,-—f(x,)|—e |y,-—f(X,)|28 3)

0 otherwise

Lc(y.,f(x,))={



r=t (10), the kernel matrix of the training data set K and that the testing
data set Kr are nodified as follows: 15 K=(I1- jl;I; )K(I-~1;1; ) (11) Kr =
(Kr - ~21;1~ K (I -2 1rli ) (12) 14 where | represents an 1 di nensi onal

identity matrix and It represents the nunber of data poi nts for testing. 11

W fé&? By g caystiqa Grelip Jeem !gs%gleaggrsiseaqﬁﬁwiqllﬁgﬁ Ak %@ﬁ%ﬂ'ﬂtﬁ@%&f a edl
Poe"co litbfSid Bsg Puden TR SR8’ ot KirhmoRiseRitadn s B Goefifd M ) 27
essence ¢?§181%Ws tﬂgfegﬁianggi&%ﬁ Entarl?dtﬂz-'aﬁdcangﬁﬁer-é%‘egd Tﬁjégp&a%:n[ gék—dsa.t ed

pl’l nci pal conponents orecasti ng no cons In a

bl ock 30Gd abBydfemjieed émgiriclfy.xi )) onto s, the standard regression nodel to
in feature space can be expressed as fol I ows: y=sb+~ (13) where y

represents a vector of 1 observations of a dependent variable, s represents
a | ¥ m matriko ebtapy estisates ofcwrﬁpé#emgatmo@é iy Gangformed Bée thenblipwing m
principal 15 conponents s (i ), m, b represents,a vector o
f regregqyinggl obisefive ﬁmemrsthamtghrtb@nmdmtmnapf\pe@twc slo¢k warrabtest@rdis. A | east
square estimate of the coeffici ent b can be calculated using: b = A'SrY
where A = diag(~., , ~z, . (14) 20 Using the first m

non-linear pryfinpal rted in descending order of their
ei genval ues, the for ez:@ﬂapl @%Jé&?can be constructed as foll ows:

4
subject to the following optimisation constraints:

—wg(x)-b<e+E
10 weh(x)+b—y, <e+&,i=1 0,1
£O >0

A Lagrange function is then constructed from both equation (4) and the
corresponding optimisation constraints through the introduction of a dual set of
variables. Because the optimal solution occurs where the Lagrange function has a saddle

point with respect to the primal and dual variables, the partial derivatives of the Lagrange

15  function with respect to the primal variables w, b, & and 5,.' equate to zero for

optimality.

Exploiting the Lagrange function with the saddle point constraints yields a dual

optimization problem. In the process of deriving the dual optimization problem, a set of

the dual variables are eliminated, leaving only one set, that is, a,, a: , otherwise known as
20 the Lagrange multipliers. The Lagrange multipliers a,,a, satisfy the following

conditions: a,a, =0, a, >0 and a, >0, where i =1,---,1.

By maximising the dual optimization problem, one arrives at:

10



1Jnmde ~~x, ~~b) _ ~c¢c, K(.~~xf ~ .~~x, ~~ (15) 15 m where {c;
=~bka; };=t . k=t To inprove generalisation performnce, the set of
cross-validation data and nmethod 350 to select the optinmal free paraneters
for an estimator, illustrated in Figure 3, nmay be enployed to choose the
optimal free par anet ers such as ghe kerneh fuqction, the 5 kernel
paraneters an 8] _OoNt [ el _nunb f prindi onpepent s for \KPCR. The
free paranet eﬁ/s(atﬁé“t I.E_tp‘%'gg‘ucg'tbt h@@zﬁrldét zeg;(%ar & (i€ed atf'g?(%h@t)ruct t he
forecasting nodel. Astudy involving a well~khown sunspot tine series was
conducte@d)to eval uate the accuracy of forecasting nodels obtained in
accordance with one enbodi nent of the |0 present invention. Sunspots are
dark spots. that a qean fromtime to tine on the sun's surface and are

usual |y 5?b¥%hﬁﬁ¥vwﬁﬁ$8ﬂﬁﬁméwfelescope. The set of data used included two
hundred and ei ghty yearly averaged sunspots recorded between 1700 and 1979.
Dat a obtai ned i;n the period between 1700 and 1955 were used to forma
prinmary trainihyadalgd)set, while the remaining data obtained in the period
bet ween 1956 afifl 1979 were 15 used to forma set of test data. Thirty-five
randomy selected data fromthe primary training data set were used to form
a set of validatigp data for the selection of optimal free paraneters.
However, this @&@, of GraiF Hatilon data was not used to train the estimators.
The primary training data set conprised twelve previously recorded

sunspots. Thirty sets of  sanpl.ed training data 2q erated hy. .

boot g t r appi ng{“\)%}l%tlof“l{ég Ifé’egﬁ on F?f&?lrfﬂ’actg’&t @gﬁ%ﬁﬁgﬁ\gergggs Bi{’r‘i’inr“(’f/h SVM
regress SSQL [ 5 x0Pt iTH i I net ers
e S g 1 S S B A S R Tl

val ue ofprbheasmvbhtam PakIBiEicolR! feRbredPRERBMShiRA iifciatR Rindftahdi Ng
data set enployed. Three types of kernel functions were investigated: the

pol ynomi aded ke corapute tahRa B(xa Kefrich furkce o Iwtadtdsatissy, thsocdndition, irehgenke ker nel .
Val ues of Cranging fromO0.1 to 1000 and values of s ranging from0.0001 to
0.1 Wer epcdyngamialokarpel; the Canssianskestel andithpiveslayer teogentkemehi rty SVM
regressors were then conbined via KPCR to construct a forecasting

Upon further exploitation, the following explicit form of the linear estimator in

equation (1) is arrived at:

f(x,)=) (a,-a] )K(x,x )+b (6)

The training of an estimator using SVM regression can be likened to the solving

15 of a linearly constrained quadratic programming problem, represented by equation (5),
having twice the number of variables as the number of training data points. Because the
generalization performance of an estimator is affected by the empirically chosen free
parameters, such as ¢ and C, the selected kernel function, and the free parameters, which
define the kernel function in the preceding example, the estimator will give a better

20  generalization performance if optimal free parameters are selected.

A method 350 to select the optimal free parameters for an estimator is illustrated
in Figure 3. A set of free parameters for the estimator is empirically selected in a block

352. The estimator is then trained in a block 354 with a sampled training data set. A set

11



nodel. In the process of conbining the thirty SYMregressors, a vector of
predi cted 16 val ues was estimated fromthe thirty SYMregressors using
the primary training data set. A predicted training data set was then
constructed fromthe vector of predicted values and data fromthe primary
training data set. Optinmal free paraneters were selected for KPCR 5 The
resul ts fcressra IQ%tIR!‘yéaé%é”liﬂFlP i5s2 afp st that 1sinpl ueedstor trayning, 18 applied W chart
conpari r jrty indlvi e Sors. Wi:th that of
the for gg%ésl{]?sndg;%r%h%em%ﬁgﬁ oértépctg?s elnﬁ%géesf{rsgf%}éé%{d g%@%‘ Sé?l\ﬁr%éﬁ%%sor was
cal cul atgfbragcheaaldufled MSa e¥dislenbldck BFRViE IR ot of PRAICBsdECASEs Ng thedel
produces the small est NVMSE as conpared to the other individual SVM

r egr essamredictivn grretenatoudatedaisaninirnals thetset af focef parauetstsisalgcted de blogk 352 ve s

better generalisation.performance than the thirty individual SVM.regressors
ond. BhatbepRsehpS e ARBEeaeh ATt L) e rrstieley” O S oBE el B ur t her
conpar i S0a4i¥Rsh 6R6! EACIRALE iPRMBRIMEN hd S&f G HBNSRabieR CRUKRAN ABA SM
regressor and the forecasting nodel. The optinmal” free paranmeters of the
convent i 324k clRdébh ngajnessor were determ ned with the sane set of validation

data as in 15 the previous study. Likew se, the polynom al kernel, the

Gaussi an kernel .and the twol ayer tapgent. kernel were studi ed, Val ues of c
rangi ng from0cqIction £595H %ﬁdg%éluﬁ’é’ét??ﬁif uging othe; erpafen o nopBalised Hean wer e
studied jn.i : i-pl.es of 10. The results of this study are
illust ragtqg%‘]e?%ﬁwg%%w@g%gﬁ illustrates a bar chart conparing the
performance of a conventional 20 SVMregressor with that of the forecasting
nmode] . Once again the forecasting nodel produced a significantly smaller
NVBE' han t heM¥8hvera T dn@t ~SYM Vegressor, denonstrating that the
forecasting nodel achi éVes a better generalisation performance than the
conventi@mpal SVMregressor. A system 400 to construct a forecasting nodel
is illustrated in Figure 7. System 25 400 conprises a trainer 402 coupl ed
to a sanpler 404 and a conbiner 406. A primary training data set is first

i nput t owkaenp) wpresonts thettoth nemhpl afslatahia the setenf\erass-anhdatign datacarsler ist @
generate a plurality of sanpl.ed frainin ata sets. Thereafter, trainer 402
trains aznﬁqswfeaqfit{i? sthndasd Fraton of W@ﬁtueﬁ%aqwsup &hq 1) ogﬁrog%mﬁrd@aoe daieni ng
data set 4 . . {.nj

pr ot or anPy of PEAR Y ieciH, Saof i BN CROIRLAE RO Bl R, ¢ 1
t henisconiMSE) mean cbsdluteedrct(81AR), genemaire squated @f@ORMS PPanDiéimalifed

di scussed previously, the primary training data set is constructed froma
set of ra¢ BeUESqUIIFLSIIOE Saw data can be a tine series or
time-independent. Further, each 5 sanpled training data set can contain
greater, fewe - Of .00 N C . t primary
Praining dat s o TleE GG S ookl E1S 800t 7, ERn IR Bahihe 0

boot st r apgai@raed bAsSmEkngL Ablbek 20Pisoysed tb raivdrpingle etfithatod iQORRkA50. t he
plurality of sanpled training data sets. Simlarly, estimtors such as

ARl VA Raayse eacheastimatagrisdesined Witk @l diffepmpisampled Sxaiming dataeseh heviag f

estifmtors. that can be t.o trained i.n trainer 402, Becau the .. .

gonetal {STeeBh pERPa fahBul o oA seiPheldrts PEfly 1emeBfEd Fheknrraicton
chosen f&RR. MBMAARARE ﬂlﬁﬂ@fhct@cﬁl &eror, the pldriigy o€ egtRhatbidNfaidednn PRIRD50Gs and t he
free paraneters, which define the kernel function, optimal free paraneters
for the comhinukt or blaske3¥e byt ehrinkaga estimatorowhithgoutpatsr pdinat ecedictionr ai ner

402. 15 nmbi. ner. 406, conpr.i ses a fi,rst. constructor 410 and econd
oot T DI Rl BRIOr PR PR R RIS RS I DL B00r 410

construc i righ N t : ri ata set
si ng  HesSPaR, (LS. By MRt IRRE KmEl pHIGOR Lhplndnl 2Bl %, Ren
f ed 25nt o KBEGRONKeraelpmitial ddasr sqghidizs {KPLS$ ) and keratlrnitdpeiregresion (KRR )or ecast i ng
nodel . The forecasting nodel can be constructed froman estimtor such 20
as, for exanple, ARIMA nodels, SVMs and |inear regression nodels. To

over cone t he YA e EFHPF?%E%ﬁaPFyt,he §WPW&&’§‘@“E& B?‘Wﬁr‘ﬁse‘% h as
PCR, PLS,.; [ j ﬁﬁzﬁei% As the
gener al ﬁ%%?&enﬁggﬁ%mﬁﬁ g)rf Pﬁt?ﬁcla&c? gjrsgca I %%@#8 gtlhgirggllng?bg%l%??%ct by
enpirically chosen free paraneters such as the kernel function, the kernel
paranmeters and 25 the optimal nunber ©2 principal conponents m optinal
free paraneters for the forecasting nodel are selected in a selector 414

i ncorporated in second constructor 412. System 400 can be inplenented on a
singl e device such as an integrated circuit chip or a handheld device. 18
An advant age of the present invention is that the forecasting nodel
constructed with the present forecasting nethod or systemgives a better
general i zation performance than the conventional forecasting nodels.

o, DY e r o, o, o o, T




5 al so inproves the generalization performance of the constructed
forecasting nodel. Additionally, the present invention overcones the
dependency on a single set of training data by sanpling the primry
training data set to generate a plurality of sanpled training data sets and
conbining the estimators trained with the sanpled training data sets. The
present datAsshtGaBFNG RSOTTEIREPY betieen srdugsimatar. H)pet dealf|withaioperly by fheough t he

b5 10 by SRR 5L 00 b0y SRS AR S e e o

of the inv W pparen 0se’s e ar

consi deriat inQni-edllihdueity PaBichi Bat teNuadidired agletc of AetdrideatingV géerMRation
Furthernore, certain term nology has been used for the purposes of
descr i ptrevierroaneeivthen thepluradity ogestimatqrs tshrombirsddnblack\d@At i on. The

enbodi ments and preferred features descri bed above shoul d be consi dered

exempl ary, wigh the.15 invention,being .deti he .appended.cl ai ms. 19
QAR 1 A" Weuof Srasthltr B0 B kg ot ROkt e e SRR et ™
conpri siighg BPOR! 4 Ah-And POR Mhefhbd 4Bl 18pedadyPoecnbalitifg RG] tethdd ii@! ity of
sanpled training 5 data sets; training a plurality of estinmators wth said
pl ur al i taylindar LR Insathad, as milusgractdtia dettik withirefesénee gadhigwt 4 aiAd ppadioted i ty of

sanpl ed training data sets. i sed to train one of said plurality of
esti mat draér,nn&ﬁat%ésh%fwhb @ﬁ,ab'm-u ¥ ) 1pfird ppsiictsdn pdledniiZat Bhss ai d

f ti |.. 1Q 2. A nethod t a f ti del

acit od RFIERRITInE dHaisel SRt iGN oMK B 5 OB OBPETABO A 3. A
thad tQ.const i,ng: nodel ited in claim?2.  wherein 15

cach ot SRSt EbhRyS B SHRARPRE fua 3ot Syl o s Silhibrs E05GF A

met hod tig b%%ﬁ%fsb%‘s_tth@infg‘af FecRoriand9, %‘)g% th8duf ‘EF{/:#rEl@le'. n claim3, further

t
conprising: selecting set of araneters tor each of said plurality
of estimators; 20 training each of said plurality of estimators; applying a
set of cross-Melvedttriofpredadted vduesgdh) sfthaamdppdduina blbgk 804 erstbianfehtores t 0

generate a set of Pr edi cted val ues; and o
space ¢(f(x;)) of a dimension greater than the number of training data /. In doing so, the

following eigenvalue problem is solved:

15 A, =Cu,, i=1-,1

(8)
- !
where C=%Z¢( f(x, ))#(f(x,))" represents a sample covariance matrix of
i=1

#( f(x;)), A, represents a non-zero eigenvalue of C and u, represents a corresponding

eigenvector.

20 Equation (8) is then transformed into a Kernel equation and expressed as follows:

Ao =Ka, i=1-1
9)

13



calculating a prediction error with said set of predicted val ues, wherein
said set of free paraneters is accepted as optinmal if said prediction error
is mnimal. 25 20 5. A nethod to construct a forecasting nodel as recited
in claim4, wherein said set of free paraneters is selected again if said
prediction error is not mnimal. 6. A nmethod to construct a forecasting

nodel a ket ed @i erei ' [ i ni g is
const ruct e Ky erd e B 8L () i Aaley Pt Tkl Wk 07 SBeleril, T
nodel as recited in claim®6, wherein the nunber of sanpled training data
poi nts idigawalneodf Kaisatigfyiug athetoonditionafpldd, .t r aj neprgsetiat a s@tespolingicr eased
to obtain a better generalisation performance. |0 8. A nethod to construct
a f or ecaggdénvgctomeliek satisfying iheedndition] ai m 1, further conprising: selecting a
set of free paraneters for each of said plurality of estimators; training
each of said plurplity of estimators; applying a set of cross-validation

data to each of_ sgi ity of estimators to 15 generate a set of
s 2R B

predi cted val u'e_s;j=1 ting a prediction error with said set of
predi cted val ues, wherein said set of free paraneters is accepted as

optimal if said prediction error is mnimal. 9. A nethod to construct a

f or ecastwhege WY/ 2B, .I.eLark R8mbbndikPbd NS TOMIBLRI thatdRe &igbivee®ts OF otk qf
paranmeters is selected again if said prediction error is not mninal . 10. A
met hod tave o6nsit detpth, ahdtds,ecast Eng emahde) mast beadredistdiwithal oresportiirigei n sai d
step of conbining conprises: constructing a predicted training data set
fromsaid primary training data set 25 ysing said plurality of estimators;
and constgaveiuggy saplyineshe equatiph ¢, ro@elV4.r-om sai d predicted training data
set. 21

Estimated values of «, are then used to calculate the principal components s of

f(x,) with the following equation in a block 306:

-
10 $,(0)=u§(f(x, )= a,(lOK(f(x, ), [(x, ), i=1,1

(10)

In order to center f(x;) in ¢( f(x,)), that is, i(ﬁ( f(x;))=0, in equation

(10), the kernel matrix of the training data set X and that the testing data set K, are

modified as follows:

15 12:(1—%1,1?)1{(1—%1,1{)

(11

- 1 1
K:=(K, —71,,1,TK)(I—;1,1,T)

(12)

14



11. A method to construct a forecasting nodel as recited in claim1l0,
wherein said forecasting nodel is constructed froma shrinkage estimator.
12. A method to construct a forecasting nodel as recited in claim11,
further 5 conprising: selecting a set of free paraneters for said shrinkage

timator; traini i d.shri.nk timator,; | yi t . of
Cr oss- vat iR FepessRts v lignsional MopkwaEL: fridkl Eipréssnide PAPBETOflaia of
di ct ed.val . .and .t ' i cti i t-h ' t of
Do ot S B L el AR BB TS S e 1 i o ©
timal if id icti is mninal,,13. . A nethaod tyuct
For ecastFHETBAAREY TRer s A1 EPRETILS | th kT Br el 100 o84 BRpRger ' °
paramatetraiis selected again if said prediction error is not mininmal. 15
€

14. A foret&st generated from said forecasting nodel constructed with the
method recited in claim1l. 15. A systemto construct a forecasting nodel,

sal d ssyst em CpihhsHifdof R f 1GR3 orktd EpEAd theaRhulkidh id Bloek 3668p! ed
training data sets ‘from’a primary trainihg data set; a trainer coupled to
sai d sanpeé erinciphlecenporeaiscd off fAx;hare insessencerkeimel priptipahtorhyoneht esdlysimt or s
with said plurality of sanpled training data sets, wherein each of said

pl urali t(ypc%:fA)sarrpl ed training data sets is used to train one of said
plurality of estimators; and 25 a conbi ner coupled to said trainer, wherein

sai d combi nerwi g Z%mmi%@pﬁa&igalpé&ﬁﬁniem Lfa RGO hbdEP APRRRAS sal d

forecasting no A systemto construct a forecasting nodel as

recited doRstedcdédinldblo¥8081 Bygascifs @ixf)) Bhidrakiict tarfarfeletddBibR mfodeP @
Support Vector Machi ne.
10  in feature space can be expressed as follows:

y=sb+¢&
(13)

where y represents a vector of / observations of a dependent variable, s represents a
Ixm matrix of principal components whose row comprises the first m principal
15  components s(i),i=1,---,m, b represents a vector of regression coefficients and ¢

represents a vector of error terms.
A least square estimate of the coefficient b can be calculated using:

b=A"STy (14)

where A=diag(/?:,,):2,---,/l ).

m

20 Using the first m non-linear principal components, sorted in descending order of

their eigenvalues, the forecasting model can be constructed as follows:

Suoaa(F(%,).6)= ¢.K(f(x,).f(x,)) (15)

15



17. A systemto construct a forecasting nodel as recited in claiml6,
wherein 5 said trainer further conprises a selector to select a set of
optimal free paranmeters for each of said plurality of estinmators. 18. A
systemto construct a forecasting nodel as recited in claim1l7, wherein
said plurality of sanpled training data sets is generated by bootstrapping.
to 19. A\V é(rgt m bcgn}struct a forecasting nodel as recited in claiml18,
wherein sard prigary ‘tradining data set is constructed froma tine series.
20. A systemto construct a forecasting nodel as recited in claim19,
wherein 15 the nunber of sanpled training data points in each of said
plurality of Sarpipsevet gericndlisgtiotnparfemance,sthensat exfs endss-vallation rdata bed t er

e T oci 1 BAPA J3P30 A Rl e At ah LB UGS 1 VRS,
: _ b eV
[ ni ng Pk BRREY Ehadte IR B thhs M o KehRTRAR NG e 1Y

consty uckerhel qratyrheterstaad sk OptirhalSiuntlsn S pratipal, conjmnents 76 ol KPERINThe
constructor is to construct said forecasting nodel from said predicted

t r ai ni ngireaparagsters gt prodysesthe tsaralled eremisare used do feopeieues the dorreasting as
recited Iing é_‘ll aim 21, wherein said forecasting nodel is constructed froma
shri nkage gsti mat or. 23 23. A systemto construct a forecasting nodel as
recited in claim22, wherein said second constructor includes a selector to

sel ect a set Afst@pt invBlvidg & vllaRWRL &mSpdiQime sdriks SPdsl dDnaaRe® S evaENE . S5 24.
A systemto construct a forecasting nodel as recited in claim15, wherein

sai d systhercewasyhel orscastsg wadeds obtained impeeprddnce with @iei gmbalimen, afithe em t o
anlsm)rg}%ﬁgg@i%v%ﬁasﬁLgﬁmr{)léfsgellraﬁrl% gpcoit% ﬁ-gt iagpe%lr %‘iorrpl 1r5n’e t‘(’)\qlerrrlee |01r1] tﬁéjl isgn’g ystem
surface and are usually visible only through a telescope. The set of data used included
two hundred and eighty yearly averaged sunspots recorded between 1700 and 1979.
Data obtained in the period between 1700 and 1955 were used to form a primary training
data set, while the remaining data obtained in the period between 1956 and 1979 were

15  used to form a set of test data.

Thirty-five randomly selected data from the primary training data set were used
to form a set of validation data for the selection of optimal free parameters. However,
this set of validation data was not used to train the estimators. The primary training data
set comprised twelve previously recorded sunspots. Thirty sets of sampled training data

20 generated by bootstrapping were then used to train a corresponding set of thirty SVM
regressors. The SVM regressors were optimised by selecting free parameters such as
kernel parameters, C and &, which produced the smallest NMSE. The value of these free

parameters varies depending on the sampled training data set employed.

Three types of kernel functions were investigated: the polynomial kemel, the
25  Gaussian kernel and the two-layer tangent kernel. Values of C ranging from 0.1 to 1000
and values of ¢ ranging from 0.0001 to 0.1 were studied in increments of multiples of 10.

The thirty SVM regressors were then combined via KPCR to construct a forecasting

model. In the process of combining the thirty SVM regressors, a vector of predicted
16



26. A forecast generated fromsaid forecasting nodel constructed with the
systemrecited in claim15. 24
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to generate a plurality of sampled training data sets. Thereafter, trainer 402 trains a

plurality of estimators with the plurality of sampled training data sets generated by
sampler 404. Each sampled training data set preferably trains a single estimator. The
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ality of sampled training data set imilarly, estimators such as ARIMA models,
10810 D& SI) I &! 1tO /do&léc} FSz#10%h& g) g 101 (sl h d

linear regression models, ANNs and SVMs are examples of estimators that can be

10  trained in trainer 402.

Because the generalization performance of an estimator is affected by empirically
chosen free parameters such as C, &, the kernel function selected and the free
parameters, which define the kernel function, optimal free parameters for the estimators

are selected in a selector 408 incorporated in trainer 402.

15 Combiner 406 comprises a first constructor 410 and a second constructor 412
coupled to first constructor 410. First constructor 410 constructs a predicted training
data set from the primary training data set using the plurality of estimators. This
predicted training data set is then fed into second constructor 412 for the construction of
the forecasting model. The forecasting model can be constructed from an estimator such

20 as, for example, ARIMA models, SVMs and linear regression models. To overcome the
problem of multi-collinearity, shrinkage estimators such as PCR, PLS, RR, KPCR,
KPLS and KRR techniques may be employed instead.

As the generalization performance of the forecasting model is also affected by

empirically chosen free parameters such as the kernel function, the kernel parameters and

25 the optimal number of principal components m, optimal free parameters for the
forecasting model are selected in a selector 414 incorporated in second constructor 412.

System 400 can be implemented on a single device such as an integrated circuit chip or a

handheld device.
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training data sets and combining the estimators trained with the sampled training data

sets. The present invention also avoids the problem of multi-collinearity through the use
10  of a shrinkage estimator to combine the estimators.Other embodiments of the invention
will be apparent to those skilled in the art from consideration of the specification and
practice of the invention. Furthermore, certain terminology has been used for the
purposes of descriptive clarity, and not to limit the present invention. The embodiments
and preferred features described above should be considered exemplary, with the

15 invention being defined by the appended claims.
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| 10968 (dat@satsg 0908 () - - SSS>UUU; VAELC 111 &7! 10%3& () 96109%0% () - 3
10908 () - & ! 10%0% () - 3+#10%0% () - &) ! 109%0& () - ; V>V2V@/AWPYYZ-\

11 &' 10%b&' ()trdining %ﬁﬁ@&ﬂ&hﬂn@&r#@ﬂﬁ@ﬁhﬁhﬂm@htﬂ HEUMBdd) traidid@ dAdQets,
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wherein each of said plurality of sampled training data sets is used to train one of said

plurality of estimators; and
combining said plurality of estimators to generate said forecasting model.
10

2, A method to construct a forecasting model as recited in claim 1, wherein

sampling is conducted by bootstrapping.

3. A method to construct a forecasting model as recited in claim 2, wherein

15  each of said plurality of estimators is a Support Vector Machine.

4, A method to construct a forecasting model as recited in claim 3, further

comprising:
selecting a set of free parameters for each of said plurality of estimators;
20 training each of said plurality of estimators;

applying a set of cross-validation data to each of said plurality of estimators to

generate a set of predicted values; and

calculating a prediction error with said set of predicted values, wherein said set of

free parameters is accepted as optimal if said prediction error is minimal.

25
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7. A method to construct a forecasting model as recited in claim 6, wherein
the number of sampled training data points in each of said plurality of sampled training

data sets is increased to obtain a better generalisation performance.

10 8. A method to construct a forecasting model as recited in claim 1, further

comprising:
selecting a set of free parameters for each of said plurality of estimators;
training each of said plurality of estimators;

applying a set of cross-validation data to each of said plurality of estimators to

15  generate a set of predicted values; and

calculating a prediction error with said set of predicted values, wherein said set of

free parameters is accepted as optimal if said prediction error is minimal.

9. A method to construct a forecasting model as recited in claim 8, wherein

20  said set of free parameters is selected again if said prediction error is not minimal.

10. A method to construct a forecasting model as recited in claim 1, wherein

said step of combining comprises:

constructing a predicted training data set from said primary training data set

25  using said plurality of estimators; and

constructing said forecasting model from said predicted training data set.
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applying a set of cross-validation data to said shrinkage estimator to generate a

set of predicted values; and

10 calculating a prediction error with said set of predicted values, wherein said set of

free parameters is accepted as optimal if said prediction error is minimal.

13. A method to construct a forecasting model as recited in claim 12, wherein

said set of free parameters is selected again if said prediction error is not minimal.
15

14. A forecast generated from said forecasting model constructed with the

method recited in claim 1.

15. A system to construct a forecasting model, said system comprising:

20 a sampler to generate a plurality of sampled training data sets from a primary

training data set;

a trainer coupled to said sampler, wherein said trainer is to train a plurality of
estimators with said plurality of sampled training data sets, wherein each of said plurality

of sampled training data sets is used to train one of said plurality of estimators; and

25 a combiner coupled to said trainer, wherein said combiner is to combine said

plurality of estimators to generate said forecasting model.
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18. A system to construct a forecasting model as recited in claim 17, wherein
said plurality of sampled training data sets is generated by bootstrapping.
10

19. A system to construct a forecasting model as recited in claim 18, wherein

said primary training data set is constructed from a time series.

20. A system to construct a forecasting model as recited in claim 19, wherein
15  the number of sampled training data points in each of said plurality of sampled training

data sets is increased to obtain a better generalisation performance.

21. A system to construct a forecasting model as recited in claim 15, wherein

said combiner comprises:

20 a first constructor to construct a predicted training data set from said primary

training data set using said plurality of estimators; and

a second constructor coupled to said first constructor, wherein said second

constructor is to construct said forecasting model from said predicted training data set.

25 22. A system to construct a forecasting model as recited in claim 21, wherein

said forecasting model is constructed from a shrinkage estimator.
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25. A system to construct a forecasting model as recited in claim 15, wherein

said system is implemented on a handheld device.
10

26. A forecast generated from said forecasting model constructed with the

system recited in claim 15.
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