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5 Prediction Methods and Modets
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50 ftedrction Methods anr M.n.h I

In con[asr 10 classiicarion md regre$ion problems, .tim.' is the ma]n forre
of a lime series problem, wilh each case onBining many values nGured ovei
$mc rifre p€riod in the pasl I. otho words, the tine-dependenci$ am^nC rho
cases are so stiong tal the cases must be kepr in a sequendal dme o.der. In dme
series probl€ns, rhe lulure is .elbrenced explicilly: we would tile to p.edicr
a vaiable's value in the fulure (omoftow, nexr monrh, etc.) A clasic exampt€ in
€onomics would be Lopredicr nextreafs C{oss Domcstic Producr (cDP). Pleiry
ofhisrcical data are alailable (relesed elery quarrer), ed rhe prediclio! nodet
mayinclude nany additionaleconomic iidicato$ as v iables (e.e., employmenr
indcial, surley, production, and sales indicabrs).

Dospite rhe thcr thdprediction problems come in ali shapes and sizes - ldyi.g
in the nunber of lariables, typ$ ol dara paflems, rime horizons, and 1y!es of
elp*ted outpur - obly rwo t]?es of prediction me$ods exht ior addrssing these
ptablems: quantitatiw nnd qualrarir. metbods. The quantirarile nrerhods assume
lhat. sulficicot amou of dara exisrs about ihe pasl, fiar tlse dara cai be quanti-
f,ed in the forn of numerical da1a, and $at past paudns rvill conrinue inro rle
future. Convesely, qualitative me$ods ee applied in situaions shre lery liule
quantilaive data de alailable. but where suffcienr qualitatnr knonledge exisls,

Alrhough qu tilatile merhods vtuy li-oo sinple (and iniuilirel na&ods based
on cmpnial expoience to lomal methods based on starhricalprincipl.s, all lhese
nelhods rcquire daral Forlunarely, rhe amount of srored dan de gro$in8 at
arapid rate Tbis growth tak€s place on lwo dimeisions: fie numbs ol cases
slored (e 3., ne* tlansadions) and $enumber oflariahles in each case (e.9., rhe
detail of each transacrion). In genral, rhe more dara rhe be(cr. as dau mining can
ploduce better resulrs when pdlormed on large datasers, and rhe rcsulring predic-
rion modeh e morc accurale.

In $e cd disribuliod exanpte, there ue sv al impofla. t elemenrs olpredic
rion. For exanplc, *e would likc to predicr fie ele pri.e. ror dili!.enr c&s ar
diterenr auction sites on differenr <lxys. Because rhes. predicrions are based on
pastcascs, weshould know aU rhc v iabhs (e.g., 'make, _dodet. -body style,.
"mileage ) ollhe ca8 rhal qcre sold over lhe lasr, sa). rh.ee leasi and \!e should
also know rhe sale pricc, and the exacr date.nd lGrtion. Ha\iDg all his inlbrmr,
don, we .an lncn apply larious prediction methods ro dc\clop a good predictioD
model. Ol course, as se discu$.d in Chap. 3, rhe predicrion mod.l should atso
take inlo accooni lhe dislribulion of orher cds as \rell. becruse ol rhe \.lune

The proces olhuilding a p.ediction modelusually coosins ola lew sleps:

. Dara t)repa\rion. \o aecid lhe situation of "ga.bage in, larbage oul." rhe rele,
vanr drm must be prepded." This step includes dam uanslorndion, nomali-
zation, {caio. ol derived arribotes. lariable selcction, climinaton of noisJ
dara, $pp\,lng missi.g.ralucs, and dam cl*nine. TIis sldge is cftcn aus-
menlcd by prelimindy dala eallsis to identily the mon rcl.\ant varixbles ed
ro deGrnine rhc complexit, of tle undedying probleir T}'e dara fepuadon
step c.n be rhe nost laborious, andma.ypeople beliere rhdr ir consdrures 807a
ofanr data mining efftr.

I
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5,1 Data Preparation

G.ne.aly speaking, rhqe are only t*o .1$es,' ot vniabtes: , hetuat and nohi-rdl Nlnqical vdiables are numbeB (e. s., 
,.34,982,' ibr miteage), while nominal

vairble. ra^. rheir \a,u+ Fom J p.edefined .el e.8...h,e(..:..qn e,..o..red..
lo co or \. Because r1e \atue. o. nnmrna \dEbte. ee.)mho.:,.tring. ol -ida,
ters), rhde is rdely aDy order berqeen rhom, md nathemarical conpdisons sod
operations do nol make mlch sense (as it is difficulr to add ,,50- lo iblue." or ro
cohpare which is ldge.r ,,btue or ,,sreen,). 

Hence, it makes rnse ro ratk abouroda,d norun t vr€ht5. qo..e .ompdbon, o. rh( rrcr .eads rhan,.. - .
(han, and "('qu.l Ln ha\r mr0nrnC.

4r dd,r.onal rrpe { rn-ber o,ndJ ,ct!o.at.ed q Bootran o, EUeh rrmrbhi.a. dl raksoeu.rwopo.lbte\st16,e.r.. .J(
''lJ!r. -: we ma) atso c. n. dcro-, ncr rype. or ra.ia"r".,.. E \d,rhtc, rhJ.r r ireerrrAaqr,r.ha u,nr-rn a.c' ot'vauc\,. Mo- fl;J.,,"n mernoJ,
and mme: requ..e rhd \j dhtc. he pr\q brney or nher.lJt r., nom_nat w h
nr rernal cme. a5 \dtre.,. r\1. l or,1p,ohe order. so irJ. .loLtd ur do nln
fiuly nominal va.iables, such as cotor?Well, there re xvo posi bitities: Eirh6 fie
color oia c& ca. be coded as a unique number, oi it can be con\qtd inro selomlhrn- rrrue/fa. rr rd."bk.. v..h ea!h vdrdDte rcFe.ellrg d pd cuttu . .tor fo.
erahp,e. rt ure cotor ol ... d n {hjre. rhen .he vxr'ahte.rn rd. ol lhe ldlue
''lrue" (o. "1"); ifrhe color ofrhc car h not whire. then rhe vatue woul.l6e,,rrk.,,
(or'0").

5l

Model butldqq Thi,,lep.D.tuoe:. corptelc "n"t),i. o he dda r. e., he daraTrrn8 .Ldge). l}r lclcctiol oI rh. N.l p.rd.clion nerl J on $- oa.i, ur
id)?\ptarr,1e hc \di.h,lil) ir q(.rior. a1d rhj p, dk 1s rolj.relr re.Ltt,.
and $edevclopmen' ot oneor more predrcr on model\
Dppla\npat ahd Haat@n. ft.. .lep .r.tude, iTpicm.l .nB u ( \r I.edi..ion modc'. dnL dnplyirg r 

'o retr dlld .o 
Ecnerore Fedrc r n.. H, we\cr, r-..rur nen 

'rdlo 
mrr. nr J c. n intou, hd!.. rt .. c..cnr.,t lo n.J.rrc rhc p.c

dicdon model's pqformance aod tune it accor.lingly.

td us examine qch ofihese sleps.

which isasinglc numericd \Eiable. -,-\i

To rroper ) prepJ. d ...u. I . impo dl ro tr.r i.1 . t) hc t ar a1c .l)pe..
ri e..okno$rnerhe.hc\ru-.ot J Lriqble d ov a,.hmc,r.rt orc.".ro lo,
logical comptuisons, wheder rhere is a n.rual ords inposed anong lhem. @d
whethq is it memingrul (r detine a disu.cc berween rh; varueg rir exampte,'\er\lFl ,1i8rr -oeJrrr'" ne1\).'dnd.\,rJt,c_\\ " o,,..,r"roj,,
bL hedhDr.( hqq(n l. .r"r detrr"J Mj.edee\ar.. .1 (o.her h_no,
ha.c 1 r.'ual me..J ur a,. -r. .: J.r qih 14, sr nit,. -J, t.rLrlr dr c. te,,
rtdo a'ar w d a8.?8o.., c. B .d, .r.r, eox o""f y p,eoicri.,.,, 

",ict r .o p.,
L (c 1n oL nJ, .e.., j, f.cd...jo.. ir." mpon.r.'o i,. r. i rl, o, rp, i. or.o
a!tuiahlc. h lne cd disrnburnrn exxmple. lhe predictcd ourpur is rhc;ate p.i.e.

,r,1t)"ii

//rr
5 / r.r.nir,

,?J,
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52 5 PredicliM Methods and Model.

ln the dala prepdation phase, some variables may also requile tmsforma
tion." Fd exmple, il h quite trlical for "date of bn&" to be r@orded 6 a !ad-
able, but many deisi^ns (..1,'ris io the sysren\ mav he hased on tbe'tse" of
an individual. A simple data transfornation slLp would convert the v iable date

of birth" inlo lhe lariable age" by subrading apqson's date ol birth liom 1he

cutrent dare. RetminS 10 the car disribution exmple, &e vIN is clearly the key
larlable, because we can use it to idenrify any cd. Hoaeler, the \'IN ltself is no1

usetul for dala nining actiliris (aftq all, lhe string oi 17 chdactqs looks rd.don
and moa.inglss: e.9., JD8320DJ2094GK2X3), bur by using a vIN deoder it can

be lrmsformed into meaningtul informaiion about de make, model, yeu, and

Altiough data tmsiormation is ad impdtml step ]n the data Preldation pr@_

ds, v.ia e selection Nd varidble @,npostian te .\en nore impd14t. Vari
able composition which is sonewhar similt lo dala transfornadm requiros
problem{!@ific k.owledge Io croate new laiiabl*. Because these new variables
(oftetr called ryrfte,r uariabl$) prsenr exisiing dal2 in a "hettef' form, they may

have a greater impact on fie r$ults th& tbe specific prcdiction nodel used to
produce tese resulls. A trivial exmple is the cealion ol a new ladable to iecord

the ale.age niles driven per yed, which coreslo.ds to lhe ratiol

Miteage/ (Cunenl Yee Yce+ l)

The denominato! sould €ll us rhe number ol yems the ce was in se.vice, md
the entire ratio would reu us thc average miles drilen Per yea!,

Veiable sel{lion on lhe other hand (also known as /.atu.. r.l.ctio't ot ottrib-
ur, s/".,D,) is rhe ploces oi selectl.glhe mo$ relevant ldiables. This p!@ess

should hc pe.io ned carefully, b€cause if medninglil variabls dc not sel*led
rhen everrlhing elsc - hom daia transformtion allte way to ihe finalprediciion
nodei - vill bemeaninglcss. Convesely, Plectiog nrelclan1lari.bles nay detc_

liorale iho accuacy ot a predjction model (ii other tlords, remoling irelevant
vaiiables usually inproves rbe p€lfolmance of a prediction model) This mry
s@m sraigbtlbsvard: Aier all. thse de a iinile number of !6iable subsets. so

we can exaninc all ol them md sel4t the best one! unlorunately, il is nol quite

lhar simplc. Firsl, 1he number olpmsible subsets may be loo ltree: For a dalabse
with onlr" 20 lariahlcs, 6ere &e over I million possible subsers. Second, to
claluate each subset, we qill need 10 build a predictio model and evaluale il by
measurins the predicrion eror (qe will discuss this ii delail in S@t 5.3. along

wiLh soneother lalidaiion issues). So, whal islhesolution?
Alrhough rhe bcn way ro select the mosl relevanl lariables n sdll manual

(based on problem sp{ific knowledge), thete dc numcrous lulomalic ncrhods
lhat cau bedilided inlo selelal catego.i6. For example. we can consider melhods

thal elaluate he rclelance ol a sinelc v iablc vetsus melhods that evaluale

a subset ot lariables. Anolhe! category ofautomatic mcthods is based on $o lim-
ins orselecrion: Som. methods sel4t latiablcs at thc very heginning using chd
acteiistics of the dau, while other hethols seld tele,anl vuiables during the

model construction proces.
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t t $ consider a few (simple) ekrnDles of differenl automalic derhods for
\diable sel4lion Lhar we could alply 10 a problen- Say the prediction ploblem is
one of dassificatjon (o.s., "llaudulent" ad'legilimate ) d se de hyiig to
elaluate the usetulnes of panicul& ladabls Guch a $e dme of l]ansaclion, or
the momo ior predicting th€ oulcome. One of the most populd automtic meth-
ods we could use is based on means and vdian@s." Usi.g a sinple srafistical
tesr, lhe m*ns of , vdiable ale compeed for th€ rwo cla$es to see whelher the
difielence is likely to be random d ior. SmaU differences in mea.s usually imply
ifteleva.t vriables. ftis melhod evaluabs the variables onc by one, and d@s so
b€lore the development ofany plediclion model. O. rbe othd hand. we could use
an auromadc me$od wheie tIe ldiable selelion pr@esisan inhreDtp oflhe
prediction nodel. For eiampl., when a d4ision tre is buix (these de covered in
tbe next secljon), fie relevant vtulables are sel@led, one by one, durins the trtr
buildlng p.@ess. Lastly, we could also us auromalc mel,hods $at evaluate rhe
entire subset ol variables, Many optimizatjon lechniqns dhcused i. Chap.6
would be appropriate lor lhis r),pe of appr@oh, as the problem is really an oplimi-
zation Foblem (i e , nnding $e opdml" subser of valiabls).

Because the variahle seledion step remov$ redundlnl md/or non,Foducdve
variables, we can consider $is slep as pdt of ihe "data leduction" p!@ess, the
general gMl oi which is lo delele non*sential data (as tle data set may be roo big
lo some predicdon dodels andor tbe erpecred rime tor buildine a model mighr
b€tooIong) Asdala e.epresented in arable, secan: (1)reducesof,e ldiabtes
Golunn$ in the mb1c, (2) reducc some values prcsent in dre tabte, an or (3) re-
d0ce sohe cases Gow, irom the tahlc. We hale already discussed fie redoval of
some variables, vhich is equivalenr ro rhe task of va able soleclion, so let us
move on toreducidg lalues.

It n oitcn necessaryto "discretize a nuneric atkibute inro a snaller nrnber oi
distinct categories (e.g., the radable mileage cm b. gouped nno values of
''below 10,000 niles," betweei 10,000 @d 19,999 miles," "bctwcen 20,000 and
29,999 miles," and so on, ighr up io "over 200,000 ,niles"). This l@ks narural,
bur how can we be sure thar such dis(etization is any good, Moreolor, what is
a eood ivat to discretizc numeric variabl* into catogorid? As usual, there de
a fes possibihies ro consider. one.pproach would b. lo discrerize an auribure by
roundinSr Thc aclual mileage ol the cd can be rounded ot lo lhe closest
l.0O0miles, rhus 23,772 miles would b€conrc 23,000 mil6. Anolner po$ibilirr
rvould be ro creare sone number otdisoere caregodes (say, 20), and dsribure all
Elues ro tcse categolics in such a way that the ar€.age distmce ola value from
irs caregory m{n is lhe smallest. For example, thc tirsr category nra} co.tain
mileages iionr 0 to L,209, the second ca€gory nay contain nileages t'om 11,?89
to 18,991, and so on. Some mathematcal mcl\ods Guch a lqeahs clusternls)
can deliler near-optitual solulio.s lor such disnibutions Hoqever, lhis approach
mighl be a bit risky tbr fi rcchanginC data. ln the case of of-lcase ca, new c6es
are coring in at regul& i.tervals, so the optiml mileage disfiiburions mighl
change quite frequendy.

Finally, ler us turn ou llrcnrion ro $e lan possibiliry oidatd reducLion. *hich
is rhereduction oidses irom the kble. Cledly, the number of cmes is ofte, the
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ldsest didssion of ihe datai it is nor u.usual to have hm<lreds ol millions ot
cass contaioing 20 to 30 vdiabls each. This does no! m@, however, ihat Ue

?roce$ of ase reduction is oasy. Just the opposne is true: very o:ten, cae reduc
tion is the hsd6t r$e of data leduclion lo perform. The general apprGch for
haDdling case .eductio. is based on random smpling. Rnlha lhd using lhe whole
drta set io build a pledi.don nod.l, radom samples de uscd inslead Tvo popu

ld l@hniques tbr rtudom sampling irclnde:

. tn t Mital sanplkg. \\T'..c the model is rained on i..reasingly lEecr ran_

dom subsels of es4, the tren.ls &e obse.ved, and the pr@ess ls stoPped when

no sigoificanr progress is mde.
. AverdC. Mhplinc. \lhqe eleral samples oi the Mme size de drawd fiom lhe

dara se1, a prediction model is created lor each sanple, md the oulpur of all
rhe dodels de combi.ed by votins or avemsins (more on this in S4l. 10. I )

Wlile disu$ing data FeParatio., it is also wonhwhile to mention sone olhd
asp4ts of thh phase. Sone problems reqoire data nomali?liio, (e. 8., scaling sone
values to a spdincrange, say,10, 1l). For examP]e, tbeageofac (in iumber of
yeaB) should be i e+reted oo a differeht scale than the mrldge. In pdticular, tqo
cars ofthe sane age, butvhich difid bynve miles, ca. be considetd qune simild
(asumins $a1 the orbq veiables re the same), whercas rwo cars olthc sahe Bile'
age, but shich ditrer by live yeus, ue quile differenl. Data nomalizatioi aho al_

lows us ro exprc$ sonelalues as intoge6. categories, fl@ling point numbels la_

beh. etc Foi insl ce. q. can tansform 5400 in damase inro 'damas. level" = 0.04,

or we can assign dmage to I oi t0 categories, such as calegory I ibr damage undd
$500, caregory 2 for danage betw*n S50l and $1,000, ald so rorth. As indicaled

earlic!. we .an .lso fianslord the ldiabh toloC inlo 20 binary \?tiables, one lor
eachcolori"white, "!il!er,'tcd,""green, "blue,","bl.ck."

Another importanl issueco.necled wi6 daia Preptuation i s 1hat ol inaccurale or
mi$ins lalues.lnaccurate values usrallyarise AoD ir?oemphical eEo6. some of
these cdors can be "discovded'by analrzing the outlie$ rd each v&iable, but

somc olthen may bedifi.ull to nnd. Furlhdnore, id alnrost any dall set. some

values de nol recorded. For cxamlle. the color mighl be unknown fo! sotoe cars

oi rhc mileage mighl be missing. Sonetimes missing values arc teated as just

morher !&hble laluo (e.e., "whne. \il!er,'"red,' ..., black,' "unknown").
Anoder posibiliry would be to igntrc all cases Pilh missing values, but in sone
data sels ilc dighr lose oaer 9o9o ol the cases by doi.g lhisl yet another s.y of
appro.chine the problem of mj$ing lrlues is to repla.e &em wilh te ! iable's

mean value. This miSht be €mpting, but it is very risky, as lhe dala could become

biased. lnstead. il is Mler to obseile a relationship bet{een te variable in ques

tion and some olhd vaiables, and tien replace lhe nhsing value Nnh an eni_

nated value For exadPle, we can srid.le the mileage on the basis of other vdi_
ables (suchas yed" and'tr?e"):a four yearold ofirlease cd shouldhaverro!.d
48.000 nlles, bccause cd leases tFicatly allow for 12,000 milcs per vear.

The nnal asp&r of data prepralion is conneted wilh tme_deperdent dala Be_

cause all ode.s. deliveries, add lransacrions ha,e some sort oi I time stamp Dosl
real-world busine$ probhms havesonetime depcndem relarionships vithin lhen

-.-
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data s$. Even sme relatively "stable' data seh, such as b3nk customers, chaoge
over tine. Of come, Oese types oi changes haplen at a much slower raie rhe
chTg€s io the stck mekct, bul they do happen, Thus, this addirional dlmensio!
of rime - adCitional to cas* ed laiables - plays a significaol role in mct prc
diction models, Tht tme taclor necessitates updales of lhe prediction model at
resuld intrvals. Irih cm be done online, whd new dara mive, or offline, by
analrzine tbe neq dala and nodiiying L\e prediclion model. We vill rerm to rhis
issue latq, in Sect. 10.3, when we discuss the proBs ol updating a prediction

Time dependencies should be recognjzed and dqlt wit duing rie data prepa-
rarion phase. Usually. nme series f,odels .sume $ar lhe values fd some ldi
ables ai€ re.orded at Iixed intervals. For exmplq we can r@ord lhe US Gr63
Domesric Product at the end of erch qudter, the Dow Jones Indushial Avd.ge ar
rh. e.d of each busioss day, the lenperalore at some lftado. every four houis
{i. €., sir mdings a ilay), ed so on. However, irwe look at the cu disEibutiot' ex-
ample, our time series is fu lss lesuld. Althoush he p ce prediclioi h for
a prticuld make/model. lhere de many subcategoiies wi$in qch ruke/model
category (becau se oi different nileage, color, triq eLc.). Hence. if we ind several
exact cases iiom the past, they will not have regule time inlelvah: For example,
a blue Toyora Corolla with 33,000 mihs was sold oo Apdl l3lh, t*o more sde
sold in edly May, and mo$er qas sold id late August - bul *e have to mrke
prodiction for this exacl cr lor mid-October. Because ol lheso inl€rlalilregului-
tics, wc should relax the precision of some input vdiables. For insrance. color
neal not be exactly lhe same (md lor sooe nakeyoodeh, color is not a major
influencer of price an,ryay). On top ol everythins, we are not predicting the value
ol a vadable lor lhe nexl' dme unit. lf we slip a cd ftom C.lifomia to an aucton
siie in tuizona, we highr be intrested in a !,rice prediction io! nexr week (as the
shipping time would be sevoraldayr. On the other hand, if we ship lhe sme cd
Io an auction site in Neq York, then we migh be i.(er$red in a pnce p.edicrion
ior lhre wee*s nom bdayl Needless to say, lhe lolume efi@r should also be
idken into a(ounr, as olhs disrribudon daisions may influence rhe actual price

Ano$er inpomni issue relaled ro ime-dependency is &e 1ine horizon" of the
historical dah. Sinplypul, we hat to nake a d*ision on how far hack to look,It
scems narulal thar we should lay mole attendon ro recent data, as "old'da1a may
ha\e lo$ their sienificance. For example, using pre Seprember ll$, 2001 dala lo
predicr air [af6c foi 2002 would nor yield good eluhs.

Some p€ople alsoconsider aprclimirdy (expluator) anal,sislo be a pdt ofthe
dala prepration phAe, while orhes considei n a sepdste stage of lhe data nining
pr@ess,In eithercase, such anallsis is exu.melt helptul for gainioe an under
sranding of rhe data kelimintry data anal)sis usually includes graphioB dara Ior
lisual insp{tion (e.9., we can eraph $e prics for a pa huld mkdmodel wnh
rspect to nileage)j and computiig sone sinple stathtics srch as averages, mlni
mums, mximums, means, smnddd dcviaions, and perccntilos for each dala scl
(e. e..lneprices ofa prdicdl& make/nodel al aprticuld auclion site). We can also
use "dccomposition aDalysis'' to detcci llends, seasonality, cycls, and to idenrify
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oudiers. Anyway, De main pupose of such an analysis is noL to lmnediately selet
. predicrion model. but rathe! ro get a "feel" for data. This stage is lilal, as iI can

sugge.: he i?Fr.iriare Predicdon mPrh.il

5.2 Ditferenl Prediclion Methods

After the data ue prepded, we cad begin our search for the righl prediction
method. Thegoalis ro build a prediction modelrhal will[edicr rhc "outcome" or
a trew caso. This outcome mishr be the Drice oi a used car snr lo auction, hc
clasificadon ofa loan application, llle assigmenl of a ncN cunohi. to the aP'
propriate clustd, and so on. Many prediclion metf'ods hale been deleloped ovcr
rhe years thar diffe, rrom one another in rhe represenhtim or a soludon (e.9.,

decision ree versus a se1 oi rules), as well as sonrc olher diflorences (e 9..
qhether they are caprble of explainins' the predictioo, $e ease wirh shich a so

ludon qn be editcd). we can Cioup these diflerenr Fedicrion oethods inro a leq

. Marhenarical (e. C., linee roere$ion, srathLicrl methods).

. Dhrance (e. 9,, instoc+based leariinS, clusteing).

. LoCic (e. S , decision lables, d4ision tres. olasificadoi ruls).

. Modern heurhdc (e,s,, neuralnetNorks, evoluriorry algorithms, iuzzt logic).

The lirsr three caiesorics ee cove.ed in lhis chapler, bur the la$ category,
modcrn heurisric dethods, is colered in la16 chapters These heuristic relhods
i.clude fuzzysystenrs (Chap. ?), ncu€l nerlvorks (Chap.8), geo.tic prosramhine
(Chap.9), lnd agent-basd syslems (Chap.9). One can teuc, otcou6e, tar neu

ral.etworks can be placed inlhe calegory ofnrathemadcal models. whereas luzzy
systems and genedc procraDrming de in the category ol losic modek (as they
represenr cla$ification rules @d d*hion tres, rcsprlirely). However, &se
rechniqu* are orgro{ing imponance lo'buildin8 predicrion 6odeh, and so *t
havemoved them into scpralc .hapteB to discus $cm in griater depih

5.2.1 MathematicalMelhods

As discussed earlier in lhis chafler, therc arc thre 0!es olpediction problemsl

classification, ,esressio., and rine rries Chs\ific.rion problems have bcen dc
lbcus oldan minio8research lor the la$ ies d4adcs, and sone predicttun methods

G. g., disran.exnd loeic) woe deleloted eaplicilly lor classincarion problcms. For
thedmebeing, howeler.lel us locus on rcgession lnd dme series pioblems.

The m.jor {niferencc het*ren regession and limc series problens n lhal $c
foiner a$umes thal $e exp4led ouput oxhibits some explanalory relationship
wilh some o&er v&iables. For exanple. someone's (Fedicred) slry nighr b.
a luidiod oleducation, experience, induslry, and tcation.In such cases. a! ci'
pllnatory method sould be urd ro find the relatonship bet$ten lhese uriables
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&d make a predictiol.'Ihe 8oa, otUm leries rm.ts. on rhe orher hand, ir nor rodacor. o! e\p dq rhe reladon$ips bflwen vdiaote., heir goat rs puetJ one or
p,ediclon. Neurol ne,\ork, ,Chsp 8,&easo@e\ampteorIis \\,: maino, r
deJ,hd Lle conneclion wighh. rhe impoaMce otpdurLta v Eb.s Jr lneu
,ersrron\hrp. ,nd qt rhe neuqt ner$tri modcl mghr be prdlJcin8 qurre dccude

, Prcbsbly Lhe mo! populu e\ptanany r.rhod,t r,.a, rsr?r,,n. rncpre-
drcred ourcome i( num(ic rd att rhe \ariabte. in de predi(Uor rodcl tue nL-
meric, lhen lined.egre$ioo is rlte ctalsic cholce.r In this nelhod. we build a lin-
ear e\prsnon Lhar use\ fir \atue! o. dilrereq, LdGbt* ro pjre a predi,red
$lue for a "nev'variable (i.e., a vdiabr€ nor used in 1,he;odel). To-i[usnare
lhls prediclion nethod in no.e derait, let us onsidq tined regression for predicl
ins r\e auction prie of a car. In his ase, te..neu variab[ would be rhe pre-
dicted srleprice. Note that maly vdi.bles ee,,,numcric. so we hlw to adiirsth. $re fi6r. lr i\ c.er Lhat the no1-nume.i, uriabt*..mdte, ,,modet,. ad
"location" de of key inporrance, !s lhey deremjne lhe basic price range (which ls
tur.1a inlLen-ed hJ rhe miteape. yee. rrim. e,c , B1 bu:.ding " ,epJare .eg,e,(ion model rnr eqch mbtsmme. a. ecch .o.arion. w. ,sn etirinole tlese three

\e\r we .hdld conLerr Ue rerdinrns lolnumsr. Ld.rdD,e\ rnlo nun,dcvruhes Io.\apte.se,ankked'i,.oj rt- aq..ab.e cotor.. ,o .heo Aorn
whilc ro black accoJding lo sohe stand{d trdo (e.g., how rhey appe on
a specrun), ard asign consecudre narual nunbers. Assunins we ba;ao dir-
tcrEir ro q.. u,/. uoJtd br I o r/4cr $ou.d b, t0 S m,ttu a:nslmeis .dn be
65de for oLher non numdic vriables. Nore Lhar rhe variables ,,rit*g",,, 

"y"or,,,
and dahage lc!€l'uealreadynunre.ic,so thereisnoneeC r"."*.1 d,"r".'B(rN a Ln"d ,egre$ 01 m@e. nu.r 1n,qe, .i e.. p,ooucc L \dlue ro.,.lucs
,on \rh J..'vr'h4 \ d-e price ota to)or1 ..mqte., r oD . nodet) d ";rron.irehck.oq\!lk Floiod, lc.Ior',r' "-mrcroo.,e.ot,nn.,o.

S.lc Price= a + (b x Miteace) + (c x yqr) + (d x color) +...
thar prolidcs the predioed price for ane* case (i.e., a used Toyora Cam)) when
supplied wirh he nuoeric valu6 of lhe o$cr vdiables (,mil.i€e," ,r "r,- ,to_
lor," €tc.). The main chaltense here is ro ind rhe vatues ror p&i"etcri a, A, ., .i,d" hdr p'\r,he pred..-on modet rhc oe.r po.nb.e pflrnrhd.c .i e., ,har nnr-
m./e r-e r,co,-,,\e -ro.. S ,,? se nd\. d .nr ni,:ork dr. jrom h,e r I Ln
cases! we can exkafi alt cases where,.locarion.=.tacksonlille, ,,make,=Toyola,
and Bodel"=Cmy This subsel otcases (say we idendficd 150 such c;ses)
lbuld consduLe Ure dlra sr availabte in uaihins lhe predictioi model Gofre oi

\o ."l.o nd '' 
. 

'... o?d,1or.).,r.rro\d F.i.)...
o' "1o.'1 ,u iulen" o. lFn.d!.' ''0. . e..,.rh:,,1oec ,.grc..;r,.
..ko si-r:. rrgF o..rd".ri,.L.oJ oCrr..flt.d eC ra1.o..r.,no,
,dr Jhle\ bur d'nc I linear modelr
\ore'd T,".L\on. l..r..o-^{.d....,n -)p,eJc o noder r. Io,
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lti

these cases would also be used for validanon aod tsriogi w Ser.5.3 for doe

To mininize lhe ero. on the raining se! thdo s" severa! standdd pr@e.tures
Itr de,m'nin8 rhe peamere, rlue\ onr rhese pdaneLers ae deFrmne4 Lhc
pred'crion mooel rttr all 1o)ola abmr) cars \otd al rhe Jatron\r e rrctionj ..
rcady. For every oew 6e (agiin, by n€w case we tuean a ,rcd Toyota Cmy),
wo can detelmine l,he lale price ior rhe lacksonviltc 1Mdo" ty tnrirring rt" if
p.oprisle lalues for "mileage, , 

rea!,.. 
.tolor,', erc. into the sale price fun;dm. 

-

Note, however, thal lhe naining proc$s might not b€ ftar simpte ltrris is true
for dy p,edicrion model. no, iur tined regr*{on, Firr or ait, "ome \btd6
m.8hr b. mF.in8 ie.e.. rne mjle"ge ka, notrao.ded) In,uch ca,e, $e.an:
. Removc the case f.om consideration ed conkcr ihe appropriate aucion site to

rsover lhe milqge !.lue. Once lbis vatue is re.overcd, we @ insqt tbe case
back into the slstem fu proesing. Allhough rhis sould cause a delryio pr@-
essing lhe cd, il might prevent us Aon Dakjng a sedous predicrion enor.. Estimdte the mileaCe on rhe basn of othe diables, Fd exanple, if the car wd
"l%sed," it nighr be reasonabte to assume rhat the average mileage allowa.ce is
12,000 nilcs per rd.. Thus, a rhree year-old cd is ljkely ro ha"e J6,000 mil.s.

Sc-ond. heccu,e ,he -redicuon modet na. ru lnvrde mo.e drdn jrr romonor s

Pnce (a. i'kke. -re ume 
'o 

u-.poa r*,a lo tdc(,on\rl|t, anJ .o se oeed
a predicted p.ice lor r€xt wek an.Vor ftree w€eks ftom roday)i the tainjng proc-
ess nrisht be nuch more complex. Thc .eason tor rhis increasea compteiity isrrdden .r the rdcl thr he rredrflron rnodet 5 a.cL'ey mu\. be Ntr.rd "or borh
+o e, qnd long rime pe.rcd. Herce..lc prc$. at,earchrn. rr rne ben p,e
d' rion rodrl i: more di':culr. a. - i. hado to,ornpJre JnJ \.'c.r he be,er or
rro hodrl' qhe.e o1e ovide. bcler iho Jam preo ctior. whrte .he o ho prG
v d.( hcrer longs-em ppdnllon" r'hn n d rr?iiat nulr, orrcc.i,e oprrn rzai or
prublem tasdiscu$ed r. Smr 24r

Ihnd. tom rime ro time rhe linetr reeression model sould p.
such as a Dodge viper or Acura Nsx. Nore rhar we assumed a linetu regr*sion
model lft each make/nodelar och l@arion. This assumpdon is nne, buirhehis
lorical data set may only conlain lm Dodge Vipq cars wiLh zcro occrrences at
sone locadonsl How can {e build a model fo. a leation where lne dara set is
empty? Well, as usual, rhere are several ways otdealing wi$ rhis probhm One
way would bc to esrinale rhe Plice on rhe basis of (t) prices ot &e same
maker'model al de&by l@arions, and (2) prices ofsidilr models ar de sme l@a_
rion. This dpploach would requne somc addldo.al, lroblem*pecific kdoptedge,
Aiolner possibiliLy would be ro use an ap[@ch based on agenL moaeung
(Ch!p.9), vhichce be used as a dard minins technique ror.darales problemsa

The above example scrves to undcrline lhesihple fact rhal //re deil is in thb.te_
rail llris h rue for any prediction me$od, heause deletoping a predi.rion model
lor a real'world problenr usuauy in,olves rhe resolurion ot da,v ssues ranging
hom incompletc infornation to insufficient dat!. Sonethinsehe to consider is rh,l
'rpress.or m'Er ' bc tcr true . omptr. rrrd Urdn our .:mpk_crrn p.e l, c .ha rre
predicrion Bodel abore has one powcrtul disadlaniage: it is /r,eart Real-*o.ld

I



dara often disllay nonliner dependencies rhat we would like ro capture Gecal the
nonlin@ trmspdtatioD model in Secr.2.5). Of couse. a linee resession modet
\rou d trnd fie be\r D6.ible lire. bur he tme may nor fir \n) wel

One approach ro Lhis problem is ro reptace the line with a curve, which co be
done by ffansforming the vriables (by nulripllns some of hem tosothq! squr-
ing or cubinS lhem, (r laking iheir squde roor. After comploting rh$e resfor
marions, re can t\on detemine fie oew pranerem (i.e., d, b,., 4 elc.) of rhe
prediction model (alrhoueh riis new modet is mtre complex ed wc de now ratk-
ingahour n orlia.a r regression ). It is po$ible tooxperime.r wnh a wide la.iery of
transformdms, and if they do nor provide a mea.ingful contributjon ro lhe pre
diciion model, then theii pdmeros wiU sray c)ose lo zero. The difficulty, how
ever, is that the nnmb€r ot pGsible taisiolmations mighr be roo prohibilile (i.e.,
rhe nuhber of po$ible pumeters ro €xplde micht be too hish, and any rrainina
k uld be inle6rble,. MureoLer. wirh comrle\ kanJorrauor. Le,houtd gutuJ
ogqinr o\erilrring. a: lhe r.e ot !on j ler kanqoma.ion. jLdanlee. hiBh Ire.i-
sio. on thetaining sel rhar o.y not cdry oler ro new predictions.

Now let us turnourauention lo time seri6 problems. As mentioned e&tier, he
only purpose of a time sedes model is to pledicl furue valuesi the retatio.ships
between the varhbls de of.o inrerest. The problcm mighr be expressed as fot

Given vUl, vt2l, .... ![i], predicr rhe values oi!ft+lt, !tr+21, ..., !tr+kl
nhere r is the presenr ride inrerval, F/ is $c previous dne intcrval, ,+/ h the
next ine inrerlal, and so on.llwe are only predicrins rhe next i.1e al (r+/), rhen
a Lime rlies modelis concemed wit a tunction Fsuch iharl

!lr+ll= F(ltll, !121, , ![i])
Note thar rhe abole runcrion may include some orher laiables, and norjusr rhe

\alues ol variable r from tulier rine inierlals. tn such cdes. we ralk abouL.o,,
posire farecasling naLkls. which consisr of past time series values, pdsr vriables,

N1aoy statistical timeseries nDdelshareb.en proposcd during lhe ldsr few dec
ades, including exponemi smoorhing modch, alroregrsstve/inte8rate(Vmoling
arcrage modeh, tr&sfer function madels, sute sp^ce nodch, and othds. Each
dodel is based on somea$unp'ions. and involvG a tew (ar lea$ one) pdamereG
that must be tuned on rhe basis olhistoricatdata.

Now let us considd lhe caregory of p.ediction methods rhat ee cou*dvel,
known as exponential sm@thine. IX$e methods gen{aliz.tbenarini average
,r.rrod, where the me.n otprst r cascs i! uscd as a predicdon. All exponcnrial
smoolhing nethods a$jgn 

"tighrs 
ro pasr cases in such a way ihat rmenr cases de

given morc weisht $an lhe older cascs (as the more recnt cases usuallv Drovidc
t\. rr r.',e d'e.,'o1 rrr hr lc- r(s, or,. j Hen-e.,r I ed,J dDtc r; deve op
a ntighling scheme lh assigns smaller Mighrs ro older cascs, Such aveighrin!

whcn a modcl run* iklf duing rhe rrainjns s6pc ro such a. exreor
on lnc tdningdda serde pedecr.

5.2 Different Prediction Meth.ds
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scheme also .equires a1 l6si one luameler a, Fo eaample, a predicrion Id rhe

fi mer+1 is calculated as:

Predi,,i"" (i-i)-G ^.i,i""](,)). ((ii) x Predictiono)

whicb simply means that th€ prediction ior Oe oert (tuiue) case h calculated as

a lotal of two valuesi ihe actual lasl case (.l.tral(,)) wjth pdameier tr and lne last
predictjon (Prdd,.rior(,) wiL\ l,he w€isht r<). Note lnar prametq a provides lhe
sisnifi@ca of the last case in making 1,he predictioni in pdticuld, il a = I, lhe.
rhe predicrion would always reporr lhe last actual v.lue as a new prediction. I is

*.) ro Sensal.ze this medd rurndude horePhtcNes

Prediction (+l ) = (a x Actual(o) + (a x (1{) x Actual(-l )
+ (a x O-a)lx Actua(t 2)+(ai(l{)sxActual(t 3))+. .

+ (ax (l-a)irx Actual(l)) + (( l-a)' x Prediction(1))

so Pr.di.r,n(,+l) represenk a weishled moving avdage of all l)as1 obscrlatiods.
Note again, ihat diilde.t values of paranetq a qould resull in a diflerent dhtli-
budon of welghts. Also, it was asuned thal the predicnon honzo. was jus' oie
poriod away (/+1) For longe.lerm predictions, it h olien assumed lhat the tunc-

Predicrion (+1)=Prediction (r+2)=Predictioi t+3)= .

as exponedtial smoothing works b€st ior dau &at hale do t end or seasonalily.
Holverer, since sone lom ol rend o! sesonality exists in nosl data sets, de.r,!
parro, methods can be lsed to idenlify $e kpralc components ofue underly
ing rend-cycle and seasonal ra.tors. The trend-cycle (which is somctims s.!a-
hted into trend andcyclical compo.ems) represeirslon8 tem chanles in tne timc
serios lalues, whdeas seasonal faoore rehte to pcriodic tuctuadons of conslant
leng$ causcd by lhen one. a such .s lenperature, rainfall. holidals, erc.

Allhough lhere de several appoaches to deconposing a rimc series ptoblen
inlo separate components, the basic concept n based on experience: First the

fe.d-cycle is remoled, then ihe sqsonal conponeors dc addressed. An] renain
inge[or is allributed 1o randomessi ftusi

Data = trend-cfle + seasonalill inclo6 + @or

Note that lheielaionship berileen the dataand trend-cycle, seasooality facto6,
and eno! oeed not be line& (addltive, as abo!e); in genenl, deconposnion melll
ods searcb ibr a tunction D that would explain ' a dam point at any limc r:

DrtaO=D (Irend c}tlco, seasonality facto6ir), efto(r)

The flgure bclow iUustat.s whar such a decomposilion of dlta nieh look like
rnr drc ( o JNU br'ror c\qo'plc'

r
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5.2 DiffeE Prediction Metlods

Fnst of all, note rhat lhe "Ce kice (Data) coresponds to rhe teft y-axis, while
te Trend', s€asonaljly" and Erol'cor.spo.d to lhe righr y-axis, and he x-axis
iepresents the montn.In general, rhe Tlend" is a co.tjnued derease ofrhe ncar
Pdce, ' st'ile "Sealonahy''can have a nesative effecl or no eff@i ar alr. The ..Erot
can bepositive or negadve. Ler us rake lune (monl,h..6,,in rbe fisure abolel6 an
.\6mnle: Tne -C Pr;ce''. $i.045, he -l.er d" drin8 June ir a derea.e ot!t 52

'he Sed$ dliry" ette. r i5 $0, ard me -Lf, o' b $,5. I \e add uo al. fiese num€.
rhen wegera"(d hi.." or !l.028Io. r.beginnrngorrub

Co:n8 bdcl r (xponen,iat .r@,hing.$e,rtdion.hipbqqftn drepd.ud ti(e r. l.n-d br trn r'ghl nol be approp.iare tor mn) reat [trrd app n J .or. or
rimc senes. Line& models c&not caprure some featues that conmontv occur in
Jcrual ddld. .uco a5 a,rTcun .)cler 

'whrch 
de dara prlers in wtjch rhe pe

riod of repearing clttes is n$ nxed, aod the avdage number ofdara on the up-
cycle is diferenr tnan lhe alerage number oldara on the down-crle) and @cd-
sionll outliers. Aldough liner metods otlen deal wirh nontine& time se.ies b,
logarirhmic r power rresformdons ofdara, these t@hniques do noL accounl for
rsynmetic cycles and oudiers.

Some nonlioE nerhods asumc rhal.s}mneric cycles are.auscd by distincr
unde.lying phases oith. time series, ad lhat a lJansiLion p$iod (eiiher so@rh or
ab.up0 exists bctwee. dlese phases. The individuat phases are usualiy giGn
alinear tunclioral roro, and the rmsnion period (if smoorh) is modeted as an
exponendal or logailhmic loncrion. Some o&er methods ee used todeatwirh tme
s ies tat display vuiablc lariance oiEsiduals (entr !alues). In thek ne&ods.



5 ftedi.ri.n lrle$ods ud Modeh

rhe vaiance ot etur lalles is modeled as a quadraiic tuncrion of past lariahcc

lalues and past dor values.

AlrouPil Jll 'he.e lnea ro nol.ilee nerhods re cap'hle ol cn'__s'/r'P
hr vdiabie. lor.d in a-,ualdaL. lhel al:o dldme rhar rhe unde lvng procc* 'l
.la a scnerarion i: ron"l"nl T'rs d'.Lmprron i' otrel 

'orclio 
lor 

'c 
ual 1me 'sre'

darJ,'Js chanE,ng envirormenld'@nd rrons mdycdu:e lhe unddl}1ig o"t' Sene'

"'ns 
n . -iroil,onr.. ro, , ' p,ed:('i,1 .Ehods. hrmar jLdBmcnr F reqrred

ro ri.i r * ," 
"pprop,;'e 

m( h,d. dnd Lhcn tr rhe "npopri,rr rddtrrrcr \'lLr'
ro',he m.dcl \ Da;am;js.. ln $c "\enr tna rhe urdd').nB daD tenerar rP p'o'
.*.r,,."..'t "u-e cno dJta mu r be re\dluats dd lhe pdqmerer va'u$ re'

arrnedirn..reme. e., a rru model mrBnr b( requrcd' \re silldddr" rhr

A;e or dapubtli'J in 5P( . l0:r. a ' rell 
^ 

e r\ othe $5se' ri"1' rn Parr II ol

5.2.2 Distance lllethotls

Another lndhod for buildinS predicton models is based on the concept of "dis

iance betqeen cases." Any tw; cas\ ii a dala set can he compded lbr sinildirv'
md rhis simildity measure (caued "distance") is assigded somc ralue: lhe morc

simih lhccases, he snaller lhc value. Usinga distlncc measure wilhin a data sel

would allos us to compa.c a new case Nilh the mosl \imilai exining case' The

ourcomc oi rhe mosr s;oiln case (c s.. lne loan sas rcraid the rriusadion ws
ftau<lulen0 would be rhe predidion lor the .ew csc. Coing bdck ro ou crample

ol'thcTovora Caturv al tlre Jacksonlille auction sile sc may search our database

olrhrec;illioi cas;s in rhc mosr sinild Tovota canvvsold in hckson'ille and

use irs sle price N our Fediction. ldeatlv, the existing case so id bc recenl and

hrle thc sane nileage,;olor, rrin, erc. as lhe ncN case. Hcnce inslcad oibuild

ing a funcioD wh{e$c laridble vtrlues (nagnified b} somc Neish6) dcternine

lhe our.ume. $c rutr I'een rht nav$\e\.
The e.rn i* r'1.'.' o' rr JnPo,.h r' "re"l'nP b jmr'dr'r) trex t ( \erqeLr

cases, becruse the probability ol unding an idcntic.l casc is v$l low' Hencc, e

haveio bse oNde;isiois simildires. which is fd lionr trilidl:For innance' is

a Jt,-, lo\o..Cd tr\t - ".00nr il(' moP'rr'ldr"r-Jr\i'e l' oJca r)

" h ra lcii m c. niro a,i'-. to',, r.n.r "ir_ 
]b. ' o nnle. o' I rheJrl

fcrence in "sinrildili heLwecn sillcr" and while lhc same as berween 'ted'
,.{t "vellow"? To a;$vcr such qucsdons, il is nsesar} to dcfine sode l6'ane
n.,""i,' u,",,"n., . ',". ' ,,c ireoFLl-e.rhel,.,rerrr-'nlorJ

on.. r rr.c mo,r Dcou d J. r,r.e_o'\eo rred'cr.o1rerl'd' i' ' t'te t t''eL'
,,, "*,.^."',.i ..'1lu'r '.{n ''r 'rmilJ' cJ c' ' 'l " 're" r""' d'
;ermine.l. Clearl!. ial=J (i.... lvc lind onlv one Deishbor). rhc outconre ol ihh

,,"r.. *,rn', i.r, f corcrr- lur l_1e\cJ..l ( '.rrr1\'rr3| '.h,
nr'm l, ,.eo r'r^' r'irur p lc- or 'c sJcraF'\i'r'' ' '' 

( 'a{\c" i'
calcularcd Geeresion problcmr.

Nore. howcvcr. thal flrcmon imporl.nl
calculadnp $e dislrrcc belwcen cascs -

slep ol rhet nearc{ neighbor melhod h
rnh is crucial for gelling high'qualily

it

t,

i

.,



.esulrs. Thre de mmy wals otdenning a disrane tunclion, but experimenrarion
is often lhe best way. In any case, .rretul daG prep&nton is always rhe irsr siep
(it is likely that the data will b€ ndmlied ro equalize the scale lbr compuling
dislanes andor sooe weishling witl be applied where diflerenl vdiables ger
diiferent Neighls). Note rhar calcuiaring lhe disranco k lrilial when ihere h only
one numeric variable, (e.s., 5.7 - 3.8=1.9). With several nume.icar variabres
. FL(|d*n drrance' c-r be u!cd. provrd.d rtd' Lhc \diable\ a,e nortut,eLt rd
of equal imporlmce (orherwise a weightins musl be applied).

I'e legst plobl.m, howeE, h wilh nominal vdiables. c]ven ou oarlicr
question of whethe! the dillerence in simileiry belwe€n tilvea and .while. h
the same as between ted' and 'ycllor'?" we can a$une t\at differe.t colos ac
just difierent (r€sulting in a disrance of 1), or we can introduce a nore sophisti-
cated matix that would assign a nume.ic measure for eachcolor (e.g., so rb.t lhe
ditrrence berwen "light blue" md "drk bluc" is smaller than the differencc
betNeeb blue" and led"). Ihese o€ Ure two slandrd approaches for elaluatinq
dirfflcn. e,l-elwel tte ld Lr\ o'nom.nal vdidDl*.

Anolher hsue lo consider is tIa( of missi.g values. A srardud approach is to as-
sume thal the distmce berweeo an exisling value and a nissing value is as IdEe as
posible. Heice, for nohinat lalues, rhe distance is assigned a normalized value
ol I (all dishnces are between 0 and 1), and lor num*ic variables lhe distanc. is
asigned the ldgest possible normalized valuc belween 0 dd L For eranplc. if an
existi.g value is 0.27 and rhe other lalue h nhsiig, rhe! fte dishce is 0.?3i if $e
cxisrng value is 0 7l and rhe othcr lalue isnissing, then lbedisra.ce is also 0.7i.

Yel dnorhor issuc is $e nunber ol $ored cases. A disBnce based method nriphl
be too lime consumi.g lor ldee data sers, because the whole dau set husr be
scarchedIoelaluatccach ncwcase.With la.gervaluesolpara,netdt rhecomlu
r.don tine inqeases signiiicanrly. For etficiency rosons, ir would he hcnefrciaLk)
rcducc the nunber ol srorcd cases. By selecting a subset of , represen rrd ve cases,..
$e pr@es offindinste closcsr neighbor (or neighbors) misht be more erficienr.
A.d lo make thc represenladve cascs as itepresentari ve ' as posibte (i, c, as r@d
ds po$ibh). a new sel oi reprcscntatile cases can be sclc.red ftom $e cude.r
reresentatilc cases and all nisclassified cases rhat produced a prcdicrioi eror
Itrgcr lhan somerhreshold In orher words, the cuncnl represenI iveandhhclas-
siiled c.ses could coosti$le an inpur ior some reclasificarion oethod G.8., deci
sion fter, qhich would be responsible lor reating a bctto ser ofrep.crcnlatire

Aho, sone clusterinB metods can be used to group lhe cases iito meMin!tuI
caleguics, A new case would rhen be assigned 10 m exisring catclory and the
predictd value would be drawn froE rhe cases prsenr in rhar catcgory (aeain,
by voting ibr classincrdon, or a\eraeing lor regre$io!). Nore Lhar ir is not ncc
essary to slore all $c.ascs ter cdregoryi a8ain, we c.n selecr some refrese.h-
lile cases inst*d. A fe$ clu\kring lechniques might bi coosidered tor rhis task

6 rx.rz?d, dda,.? is defined a thc lenlrh ol a line seenent ber*en xvo pojn$ in ar
ndimensionalspace.Inpaii.uh.fiedinanc.dbe$enr$opoinb(rj.J'L)and(ir,]rin
a2-dinrensionalspr.eisdeerminedbydrclollo*inglunctio0:lr={r, ir,+ly,-yr:

5 2 DiileEnt &edicrion M.rhM(
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t means alsodthm,
a mixture model). *hich

5.2.3 Logic Methods

A l,.nin rabl. ral\o ooM a'a /orl,p trtb,.' r' $e ,i 4pl6l logic b3trd method

itr.reorcum, riJ rhoe e mall 'dch raoles Publi(ed 'o e'r:rnarin8 rle pric_ of

" 
ui.a *, 

'oro 
r. *"',on L" c-- Blor| 8oo4 Kdler DluP Boot- udthpin Lto'\?t

n-,"r f" 't"* tatle., we cin lcare hc rtPropriale maLe/modevjctu/bod\

.'i" *r , t".- .re. ma aOiui ln,. pli(e ltr addiuonal Lrrable' \uch a' nil"_

,i.. dr-, "i., d,.,e. t.'". erc Howerer 4or all \aidble' ire included re'g

r; lome mak.rmodch. .d/or misht not be scluded,.

The most widely used losic melhod, on te orhe! hmd, is lhe decniantfte B''

""r* 
tr," ,r'**.i 

"t " 
O".ition ke is relatilolv easv to follo{ and u'dtrstatrd

"r".i,rr" 
r"' ....t" ue$) ir' poptlaiv i' widesprea l' To make _ rJ' rron

i;;';;;;'.;:..;;; ;", "i;i:* il.i"^.i0. ",*, i" p".,mo'and. delel'irls
on rrre r*rlt ot rte t*1, Ue case moles dovn $e appropiate branch' The prdss

continues unt a lermi"a noae (also knowo as a 1qI ) is eached' and the value

ol this terninal node is the predicted outcone.
oiir'*"t' o*"." u*' ". u'ed or i.l rrle' ol p'cJr'rron' proolcm' hcj ae

^"-l^..i**r., ." . r".ill'rr.on p'oblem\ lirhere:rrnvol\e J noninal \r'

"ir",r."-nr.r," ol l'21. re' , one'pond ' ro rne ru-ber ' I po*J le \JLr' rhar

'..,,r.r.."" "i", 
(.. lhere . one b'dn-h iu &ch I,os,blr \Jluer l( Lte rJ

i"""i,.. 
" ^."i.*.i"ut", 

ode de usuallv two branches, as he csr de'emines

"*r,"ue';,. '"r-rr$an"d le*rr"n 'po'io')'l n"rLrJl la" iJr

inre!( rlmbe.'r \"mc fledel.led l-\rd rahe" l1lrc aeo -r'rog\'lues ar

,oaii"*r n-.i,' 
^.li,"a "r'ume 

o$er heui'r'c i u' d't P'elec"on or rhc

mo{ oooul bran(h orsel4lion ofo lew brrn(hes).

wJ 
"1" ",rt ,.r", a*i'ioluee tor u ed cd pn!c\'Arrher@'utrheI<e

a dsision h de m make : if th6e &e 30 difierenl makcs, l]]en Lhe rool node

vould have 30 b.anches On the second level of the lree, a dechion is Dade on

;e1."'hen ih' rc,'d 1cl pro',de' bralche' ."r 1G' i"1'' Furhu dowr' qe

-,' rt-" "** 'n; '*' 
, *. c1'c lo. -b6) 'r)le' 'nd'm:r"de'' and rt fer: ro

'i"',""'"*;. t -.r IJrcramp.e."r.{on-rrlcec msn'il ol\e \ *l{'
;';n :i .; appron,,.re o'esorr '''s' -0 ro qooo Inr'r("'"r0'000 ro o'ooo

.ii...'; una * onl. n'" tottiwins iliusrales the bianch of a simplincd decisio'

r By ten" we mddn that d node

wevcr. it ir Posiblc ro inclode
diti.nal functions ff e idvolltd.

! ft h also losible 10 ha\e a decnion @e wnh 6ore than

\arirble. *hdre a range oi valdes is asigned ro ea'h bmnch

incremotrtal clustqing, or slatistical clNterlng based on

we will discuss lfld in the tex1.

..nnare\ a value ol a lariablD \enh some conshnt. Ho_

nro;sophnticared G$s, shse froE rdiablcs and/or ad

rqu bran(he51or tr numcric
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5.2 Difteient hediclio. Merh.ds

Narunlly, thue de betrer dd nore s ophisticaled ways iousedechtun re$ for
nmsic predicrion. h nichr nor be practical ro reprsenr every value (or mn8e ot
E]'res) s a sepamte bradch in. decision rce, as lhe stzeofrbe ra,niehl be roo
ldee. Insread oI keeping a sinsle, numelic vatue ar @ch t(minal nodtks i[u$
lratd above), n mieht be qsiei ro kecp a modet (e.g,, a tinsr regrc$ion model)
UraI predicls a lalue lor all cases thar reach Uris te.minat .odc Such a uee coutd
be used ro ans{€r our quesrion from Sect.5.2.l: .r ,}afs the price of a Toyora
("nrake') Cmy ("modcl') ar aucrion sire Jacksonville (..1@arion,.)? . 'Ihe ldr
ab'e. muke." "mode .'and ie"lr"n" are urd tor bui.dinB
branch dete.mination when pr66sine a new cse), whereas milcaee, ler, color.
etc, are usqi as variables in the lined l+resio. modet al each rmi.al node, as



(

A. hel.'e. lhe uoir@ bo'e pri'e melt be dolun@ urtitfl Io lale lnlo dc

."j;i il;."i;.l;; ii""ura tare 'ome tne r' u-'po-' Ihe 'tu o ,t"cr'son-

ville Note lhal Ure number ofpdEnelers ta' b ''d 'rc'r 
md m

difcrent a1 each rcrminal node""i".i"iJ"';;;;o;:';" ac-ura'r. mighr b' wo.h\cre ro DU''d a lrner

*-" J"._-;a roi each oode or rhe tre,r.rrcr Lhr 'uL lor rhe'smiodl

;,f,:.,iili:;;;,.',;,i;e,od nod, sou'd nJ$ ha\e a 'und' n ha' :n'

vohe;all rhe !Mables.Lo

SalePlice=a+(bxMake)+(cxModcl)+(dxLocarioi)
+ (e x Mileasc) + (l i Year) + (g x Color) + '

For second lelel nodes, $c lineo fundion will nol include ihe vari'blc

"-- t" :-rr*"r* tl" "op.pt"le 
brdch of the decisioi lrce has aheldv b4tr se

le.td. Thus. rnelincd tunctioD *ould be:

sale Pice =a + (b x Model) + (c x Lcaiion) + (d x Milease)

+ (e x Yed) + (fx colo') + '

Fo, thnd lolel nodes (where rhe decision for make and model has alrearlv ben

hade), the lunciion would be:

Sale Price =a + (b x L@ation) + (c x Milease) + (d x Yea'
+(excolor)+..

.1,1.o o' Nolc, hoscrer' hat Ure pddmerer' a''''' er' re di'lcren' I I Jl the'r

,,,*.... , i".,, *r"r."*,m. rhc termrn'lnode "" ph"a nr te 'olrrh 
revel

wnh a liid tunction ot:

salePrice=a+(bxMilcaSe)+(cxYed)+(dxcolot)+ "

'q ErperinEnt,l cvidcnce sho{s lhat predi'lM edraq mn be i tded bv

.-i'l.'"i o,"ai"*" 
^"aa. 

.sm"r (;e sill dis6s this in.sct' l0 I )

ii'ii, ,il'."lu*' *i i*.**, on dirrerell revers or rhe decison t*e such

5 Plcdcr in Merhods od Modrls

sot Phe - o + lb 1 Mtbase) + (c x vd4 + @ N cblai +

'";,u* "",r".i"*"a 
t". tird! raiables od fta(cd as trumenc

I
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To conpensat for r.he diffeiences between "adja@ni' linear nodels a1 r.,re

four$ le\rl, some avdaging (aho called smoothitrg) cm be applied when pr@e$-
inp a new cae. hs&ad of uslng the predicred lalue ftoo the lerniral node, rbe
predicted value can be tutaed" back up th. Fee and averaged ar each node b,
combining l,he predicted lalue tom a lower lelel wiil rhe predicted value ftom
$. cuaont lcvel. This usuauyimproles rhe accumcy of predicdons.

Anorhd logic tuethod is based on d..bia, frLr, which de "simile" 10 dei-
sion ue*r after all, a .lecision tr* can be interpreted as a @ll4don of .ules. For
example, $e single branch of the decision fte displayed earliq can be converred

if Make = Toyota & Model = CMy & Location = Jacksonlillc
& Body Style = LE & 10,000 SMileage:19.999 & Yed=2003,
then Sale ftice=$17,350

The "if' pdh ol a iule (e.9., 'tnodel" = Camry) re combined logically ro-
gefier by the 'and" (&) operaio, and all the tesk musr be tue irrhe rule is ito
fi.e (i.e.,lor Lrre conclusion oflhe rule to be appliedr P,i.e=$/2.150). Note rhar
there must be sereral d4ision rules in trhe system (the above rute iepresents
asinglebranch ofatr€e) and $ecan inttrprel thh collslion ol.ules as connected
through Lhe "or" operaror: ilone rule applies to a i.w case, ns conclusion is raken
as the predicted ourcone. lr tNo (or mo@) lules nre, rhen we can conbjne h.
conclusio.s ofthesc lulcs lo delelmine the ndalpredicred ourcome. The othei (in
sone sense, opposne) problem can dise ir,, rules fire for a new caset As usoal.
sohe standed renedies erisr, such 6 rhe osdo. ol! deiauh rule rhat viu al-

if 0SMilmec S 999,999, then Sale kice=$15.000

Nhich h the overall alerage prire of a used c . Orcoune, one.an question the
uselulness ofsuch a rule,,

These twosimplecases, whe. r\!o or morelules fire or norules fire, illusrate lne
point lhar rules can bo diificult to deal with. The reason is rhat each rulcrcpresents
a sep{ale "piee" olknowledee and a/llne rues togethcr ote.ate as one systen
(ofren called a rzld,bds.l ryrz,r. Ihus, ir is e$ental ro undesraod tne conse-
qren.esoidddingtrdroppingaruleinthesyslem.Thhisinpo.lantinmanyD.ac
rical siluarions, shere expetu add then own rul.s (from cxpcrienco ro rhe dara-
ge.eraledtuls. Ahhough dropping and addine rules in. rule-based systen is ool a
t ivialtask, irb mucb easier 1o drop or add a rule lhan to modilyan entiredaision
rebycuri.g or adding sone new b!@ches. Hence, sch merhodbas irs own ad-
vantages od disadlantages.

As mentioncd etrlie!, cl!$ificadon problems hale been the i€us oi data nin
ins research ld rhe ldsr lew decades, and rhe creation oldecision rulesLr has ben
the nost populd approach for ad.lressing these ploblems. Sereml asp{a ol gen-
cnline rules from dau hale heen invesrigared, includi.!:

5.2 Dilleient Prediction MerhMi

rr Adecisionrulefora;h$incarionprobl.misoaren.aueda.la f.dri,nale.



i Prcd,crinn Mdhod\dnd Modeti

. ,4rrcrrroa a,/pr. (hich de:cnbf .ome rrsLtdl) p.e.enr in lhe daE and crn'pEdrcf an\ sriJbte 'ialer lhan ru! rhe cto\, to eurp.e. ,n a..miae

if Make = PoBche & Modet = Cde@,
thetr I o.n-o1 in ltac[.on\it.(, Tmpr. Lc Angcks. San I rbnc;.cr,

as PoBcheCdoas (e sold onty at auction sites in Flo.ida and California.
. Rule! ||nh dceptioh. wbich exrcnd a rule with erceplions. may refer ro u$G

if Make = Po6cho & Model= cdrtra, then Locarion in {Iacksonlille,T3-p1 I ^, Aneete\. Sdn n"lcLco San Drerol. cxepl if y@r a t9q7.
then LeJn.n in lAu{rn, Houslon, DaIa\l

ql rh nde. t r od, r Por., n( ae.,cs,pjudlceo .1 too/ 4 (or ie.r de \enr
r. auo.or !16 11 rexr\.o.roa.ia.,itcaronrr.e, g.

if i\.lale - T.rotu & N{ooet -Cam) & Lo.aI, I rh.t,nn\i c
& Bod\ \rJ e =LL & ,0,0n0: Mr,ea8( ._ ta.aoa E yed=2n0.r,
tlen Sale Price =$17,t50, except trC;loi=Red, then Sale price=g18,450

asred u"s arde (burpopuld) color ibr Toyora Camry caN in 2003 and thar in
creases the piice.

RLlebr\d .){en. *li. h cor.i r or-..nllec.., I or ru e.,no r I tr.1. c. rlcm. r( q ic o pu a. t-aJ.r.c e..r.L,e,pc,,ti!. r ,r at. f.1c,I .,,oqtcdge
dod rr.of e r - goJ I I 1o,i1! n ..' pie-c,... 

^n. 
qic.ge. sip-r,r, r j.c. car edF.orcr d Iior d,- nr-rE a.r.Lir.e. i. .nf.t -u n8 e\pcrr. dnd rnjead ot.pc.,rJrne rhe n\flall Todel o,t\ .tr d.. no1 rr e. a"d rnhr,n-e ir:rern dre

needed. Nole rhal rhe rute ba*d sysiem silt lry ro beharc lik" 
", 

.^p*r:;;;i;*
ing sone rcasoning on lhe basis oirhe kno{.led'Be presenl in rhe sysrm.

5.2.4 Llodeh Heurislic Methods

A .nlrko d.cr." { o.eJ..in. rrr.t,N.11 .nlo rh. cJrr-...J or."m(r.
h(Lri.rir.".'he.e r1. u.e rrl4.Ji1r!. ndrd r(rq..t.. -,fl erj. poCrd.nr rn8.
drd 

"pi1, b",N .rrctr. I hc.e -r.\oo. u, isin.rro i1 d,rr, i-.,,.,",i . "_o,nrl,'., Jr l'hr.r "r*hqnic." b e v.r'.i.foenIoct...i. mp.h.d, iu"t as nrtl.
tics and D hinr learnins Bec.ulc lhese p.cdicrion mc$od, 

". "fg,"*j;;-porrdnce, \r *illdiscuss rhenj in dcrait io Chips. 7 9.

Ai,rt,zr.. sr.,r is re\FDsibto aor purh!
and cohbinint rhe ourcofrc\ ot rhe rutes rh;r
conrols rirxrarer\picall) used br expdr

thcd..ision rulos in the a0pDprixre order
ired. It may also conraii $Ete!i.s ard

i

S
r



5.2.5 Additional Conside.ations

Nany oths considdarions mus! be (aken inio accounr when setectiog rhe ..besr,,
pred,-ro memoL tor m Adapti\e bunnr$ hrej rgen* oinrh. Athough rhe
uedrc'ron ror is quire pGnbty.t. zrv impo ant rs.ue. i, ontv pro\ id;( one
dimen. Jl oI " model, qudlr\. Fo, rea.-qortd bu.ine., rrooter. mn) .,rer
lacrors must be considered. such as:

. Rp-to v tiac Thi, . an erenl."t mnsidod.on, r rny Addtu\e Br\ines
woutd'a\e a defineo rApon.e.ime t.ard &...Ion .)5-

ren.. tucxdpte. pro*{mrthon,of ran:"clor.fer.erond..olenr.tue;cy
nl pred _oni'i. e.. clos;tr-arionr or "ft 4uoLten." o. tegrUT*-, 

^ 
.. j f,,g".

Orhd prco,.,ion mcthoJ\ on ,re orhe hrd. m,elj h u\.0 on u "*lti 0".'.i.(e 6., io\enro.y mragemenr' md ,o fir re.por .e l.r. .. not rtd. rir_cJt:. f,./ir,8. Sone pedictroq aodE. de dr.ficrl lo edi.,c E, rcurat re,qork5,.\hil, o.he5,es. rute-ba eo rr'cm,. dp e^.. Thc doitij ro.d1d n ode i.
an rmpo.Ltr corrdtratr.r, a\ i. nir,'r bc 1(e..d\ ro a td rhe kroqtcdee ot
expe sto{he finalnodet,

. Predrtio JLtltification. Ihjs is an oflen,overlooke.d aspar ot cv.turting lnescl rl1, * ot, pird,crior n{.det I o, .ome dt ptica,o,. e t,.. r@, .. ";i;e. 
.

r\ k ) rmporLdnr I r.r,,) lhep eJiclior. i1 some.a.e.. rh,. m 81. 1e I b- rc
r.r'redby dw,c g..tunific.Ionrorreja.ine.,Jandppt,crrror,

. Vad"t .aupa.tvn A p.edicrrol aooe, J,oJto r d e "..cco.1., r .ar8- s1d
complex, as tharwould makeir difljculr rorhunans ro!ndosland;;[o, iimighl'al(,, Lor-.r,h u o. rm. r. m1t. frcor.r on. ec,o u,rg o. r r rcp irYr.lldr'i. nd^i r ro\ .omf.c. pr.drcl.oc n.det ^_r,.r..-trt. nl.-,iprJ.\rh! pr"drron nodet a..-rr.B Lc) bott do Jn r.r t\ 

", 
.d I n ar prc-

. r:,"',' 
." .", *!" Al. p,eJ.Ion merhod. ,eqt[e \unr dlp,oJc,r r.r hr.

oL.ng nF.r08 \alLc. re.e...hc n ."fe o. dn ot.t.tr"! .J.tr.. 1or leen re
rmJeJl b' I $n, meth"d. do. b-.er,oD,. n"1 t.np rr ^:r,p \.t r.. m,r o.h,r Al-. .omc \Jue. mipnr o. ore.cl'. oul nJn) ,. c iropr-.icr ..e
jJtjnr ha hc color ufa cr rs ddk

Be.ise ollh*e many tacloA, n may be diflicult lo setecl ,the besf,predicLion.l d I., rr orob m ar lJn t. Di.teren. |red "\on mer ja n I 11. o.trer-q. orop-
. r.re.. dd \o.o n ,{rhe h m.} per tq m be .. m sor\ str- r, red,j Cijr. re;t
dak -N H-Ftr h mJ I bc \orhqh.t( r. L.e " trq melhod. ro DJtd.r t(u mod
eh. and lhcn use aU the modcts ro rcach a consensus. We qill cxplore this /,)brd$i.,a approach ropredicrion in Secr r0 t.

5.3 Evaluation oI Modets

Allrough.r . no{.ble ro }e r \ricr\ ot d. e.p treo..-,. nehdd.rotrrd
a \pnc'\ o'Jitlerplr nredrciror Tooe,\ rhe (eJ is.te b strcl a.1hoo \ho-td he



accounl. Alrhongh mny eror me3sueme lechniques eiht (e. 8., m@{quaied
edor, metu absolule eror, relalive squded end, relalive absolule dror, it is much

hrdd to measue the comeguenc€s of an lor. For ewPle, 1he eEor in a price
predicnon of a u*d cd for a peliculd l@ation might only be $ 150 (aPploxinaloly
I t of the cais !alue), bu1 Lhis aio. may influence the dhllibulion decision, whlch
in rm influencs the Eansportalion decision and distribDtions of other cds (be-

cause oi lhe lolnme effeco !
Because we ale interested in L\er,!p pEifolmance ol a pledicl,on nodel -

i. e., pqfo.marce on B, dala, not perftrma.co on &e rainitrg dau - ee cannol

take a modelt pdfomance (o. eror rale) on l,he training dal! (i.e., old data) as

a f@lproof indicator of its performance on new dan. The MSon lor this h ve.y
siople: The most 'toliable" predlcnon model ivould be a simPle lookur table

where all lhe previous caws e stoied. Such a nodel will $ore ex@Ptionally well
on old cases . . . Unfortunaiely, this s@re will tell us very liltle about lhe model's
perfornaoce m new datai Mcr gedictioi nodels can b€ overtrained in te sens
fiat they would b€have in a sinil& way ro a l@kup tablo. Hene, a model\ peF

fomance on the taining &k set will always be better lllai rhe modol s lrue leF

To piedict a model's performance on new data, we need another dna ser (usu

allycailed a rcr, rr lhat did not pdricipare in te building, raining, dtuningol
dro dodel. Tbis is impo.nnrr we needr.Jl data to evaluate rhe perorman.e ol
a prediction nodel. The most Populd way ol doing ftis (wben lhere is enough

dara) is torandomly dilide thsoriEinal daia seL(i e., available cas$) into a train
ing set ed tesline set. The predicnon me$od the. us$ de lrainine set to select

variabls, compose addilional lariables, calculaE ratios, pdmelers, etc, bul it
des not hale ac.ess to rhc rest sel. O.ce the prediclion model h created on thc
bash otrhetaining dsla ser, itcan be inirlrelaluated ior perfolm@ce on dt lesl

In many cases, the process of building a piediclion nodel conshN ol tso
phasesr (l) construcring a model, and (2) runins thc prMeters ol lhe nodel. For

fiis rcason, ir is aho convenienl to lurtber split the tainiDg daD set into lwo suts

sers: rhe primuy trarning sel and a valid.rDn rr, - the lomer for building the

oodel, $e latlc! lor tuning ils puameters, So, altogethd. it is convenient tohale
rhree indepe.denr dala sets (fte fiird one being $e rest dala sel, which is used to

evaluate A€ mdlel's pe.fomlbce). Each oi lhse three dara sers should hc se_

lsted independently, and each of them plays M inPG[ani indepeode.l role:

. fte raininC data sl is usd lorbuildinga prcdicLion model.

. The validation dala set is uscd for tunins the pmmele6 ollhe dodel (i.e. lor
oprimizing te p{rormaice olthe model).11

r The lcst data set h used lo cvaluatd the Penornance otthc nodel.

Ifwe had plenly ot data fo! Eaining, plenty old.la lor lalidatim, and plentv of
dah for eldluldon- fien theresuh should be a better model. However, if dlere is

a U several predicdon modeh rtre connrucred from rhe uaining dara set, hen the valida-

tiotr dah set is sonetima used lor sele.ting th. b.n model
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accoldr Altlrough nany eno measuement te.hniques exist (e. 9., nean{quaied
etror, mem ab6olute eror, relarive squded edor. relatile sbsolute ero4 i is much

hddd ro n@sue l,he con*quercos of an edoi. For e\mple, fie do! in a price

prediclion oi a used ca, for a parriculd lo€lion mjelt only be $ 150 (aPproxhatelv

It ofrhe cr'sulue), bur lhis or may inflnence the disribuiion d@ition, which

in (un influene the transponaiion decision and disEibutions ot o$er cus (be
caur ol rhe volume effect) I

Because we re inter€sted in ther,!rc pdiormnce oi a prediction model

i. e., prloirmce on rcw dala. not performaoce on tie Eaining dala - ft cannor

take a model\ pedomance (or error rare) on the trdining dala (i.e, ,ld dau) as

a f@lpioof indicator or ic pdformaDce on ne{ data. The reason for thh is lerv
sinple: The most 'teliable" pledic1iotr model would be a simple lookup Gble

where aU the previous cases are stor.d. Such a model qill s@re excepdonaUv qeu

on old cases .. Unfoftunately, this score sill 1ell us lerv little aboul the nodel's
perlorm ce on new daul Most predicdoo nodeh cm be olort6ined in the sense

ihal ihey would behale in a similr say to a lookup lable. Henc., a model's ler
lormance on the mining dala se1 will alqa,s be b€tter lhao tbe model's Eue ptr

to Dred.1 d model'' perlorm,. on ne$ dara. $c need molher tur'e' (usu

all\ cllled a t?, v,) lnaL did no, pdr'cipare rn ,he oL,'J.ne u1'rrn8. and rLFrnL o

rh; nodel. This is impotanu qe needr.rl data to evaluate the pefo.ma.ce ol
a prediction model. The most poprld way of doins this (when &ere is enough

d;ra) is to randomly dilide rhe orieinal data sa (i.e, available case, imo a tiain_

inC sct md testing set. The predhtion method lnen usq the mining s.t io selel
vaiiables, compose additional lariables, calculale nti6, puanetes erc ' bul n

do* nor have acce$ to the lest set. Once lhe prediction dodel is sealed on $.
basis ol the riaining dala set, ir can be tiLirly evllualed lot periormance on ihe tesl

In ma.y cases, tbe pr@ess of building a Fedictio. model consists of lwo
phascs: (1) consmctns a model, and (2) tunine lne pdaneters ofthe model For

ihis reson, it is aho conlenicnt io fuither sPln the t ainiigdala set inlo two sub-

rrs: the pnmdy taining ser anda wtiddlio set rhc romer fo! building lhe

model, lhe latter for tuning its p ametds. So, alto8ether, n is convenie tohale
dree iidependcit dara sets (lhe third o.e being lhe lest dala scr, which is used to

euluate &e model's perfomance). Each oi rhese rl1r4 dala sets should hc se_

lecred independently, and each of them plays m nnPtrta.t, indePendenl role:

The rainingdarasel isused fd building a prediclion mod.l

The lalidation dala sot is uscd for tunins rhe parcnre(e6 olthe model (i c.. ior

optimizins rhc performance of rhe model).il
. Ihc t*t {]au sel isused loc\aluate$eperloirnance olthcmodel.

Itwchad plemy oldar.lor traininS. plenryol daE fo' vllidalion, and pleltv or

rlara ior eval;ation. lnen the resulr should be a beuer modcl tlowelcr, itthereis

r ll sevcra I pirdi clioi models \eE consruct.d from lhe aanriDg dah scr, ienlne valida_

ron daa set is sorietifres used lorsel.clinE tlic bcs nLYleL.



onlv a limiled mounl of data, thon what can be done to maximlze them? Note

ldn tar $e sensa' ,ded h ,o 'pltr $e dcE: \ome dab ru'uall) r{o thtr(L' de
,:F.l rtr ra'rii; ($i\ in.lude. validiuoni. rd some rrsuall, one hird' "o esr:n8.

The lisr iJue lo consider hde n whe$d each subser is a repr*ntalrle"
\am.Le oi the rirre tl. I or exmple. iL mc) hrppen $al he rarnine 

'Lta 
lel ha'

n.'i e.r.w".a^ uhrle Lhe lest dora rer.'.nl&ns nanv velloq tv.lla cre8or)

is m;sins in $e lrininr set, lhe. $e pre.liction model might have se'ious diili
.u-r-s;n;redfl ns he nshivlluelo hiicareSoo 'bthe''ledo ns prde"''
Usea on iar,r. r'loroer. rle e\aluauor orrhe predl. Lion model sourd k bi'"ed'

as all (or mosl) oses of the catogorv in question (e. s , veuow" ca6) would ap_

.caronlv rn he tesr dau setl' clea,iv. ir would b. benenc,ai io gustanree'rhar he di:D'buuon nl 
"'esi'

unirorn;aossal.dal.11.OnewavotdpproaclrnBrhEproblem I Ituoteh i"_
,E.dror the alsor$m $ar(Dltrs fie daD rlro nain'ng"nd te'l'ng sLb:er' en"Jre'

;a rrre smp" n-s s ame n 
'uc'1 " 

* a) rhar cdch carecdj :5 u opsl, ren e{en'led

Tle other a;pro;ch h rop€atin81he raining and tesrins phdes qith diiferent di_

ta sers, od tieo avdagiig dre Pdldmoce of rhe prediclion model irom all thc

iLe,aLion,. A DoDLld s;r'.rical re.hn,quc. cdrled , ra' r r'al;dat'on' r onen r'ed i
connecliol w.o lle lalLs anproach ln fi'' '4hniqLe. we d'\roe roe odra ser ilro
sone numb{ Gay t) ol disjoin.d subsels (oalled /,/dr' Iten & - '/ folds are used

r.i unine -a one t ' re"ilne, ro *e on ,.p.a rh^ PNe\ ( trme'' 'a'h r'mc

$nh a difiren, souo ot'old\:ele, red ror LdnrnS Jld d orfrcr'n|olo tor k'rin-e

ll t=3 (i. e., h; da; sei is partitioned inro ihree subscrs) rhen the rechrique is

. tted tiee-bw ctusvrdlid;i"n. It is quire common to use t = l0llA'.fold oo$'
,alilarirn),r3 as l0 is a rssonable iumber oi lolds $ gd a good eslinate olthe

' One exreme (and, in many cass, us€ful) applicatioo or rhe cross-ulidation

tcchnioue is when the nunber of folds equals lhe numbei ol cases in Urc dala sci

(this a;prcach is called $e I'ar. oneax, approa.h). ln a d abase Nirh threc mil-

ilon carcs, trrue wouta be lhree million rolds. Hence. we would iePeai $e iblloir_

ins pr@e$ rhr* nillion times:A prediction model is built on a raininS&lasel of

2.699,999 cases. trd $e enor estimate is mdde on rheremainine singie'ase Thei

the a;eraec ol all eiiors sill gile us hc etror esrimalc for rhe Prediction model ln

,r,it r*"ir*. r. so'es p* tlc anrur' or da'a tue L\e'lr ior rJi-'n8' dnd'

tcco,.e rtre aprorco i. aeremin{'c .hoc r ro I eed ro repea' be pro'c' Hos

5 EeLitruon trl.rhods rnd Vodeh

.\e rheLomork(nrdlo\crqcnd nrsh'be m l.trEe lJr '-rg( darJ el"
Thc .,nal n{. e\.lrr.on 'tr-1que 

qt uir mcnrrur . 'n_ b, La.r.
ha, a rcDlld''on l. erns o1e oI rh; beJ r(h"ioue ihen the ddL 'er
\mdlr. l; tn. b"orr,n kconiqL'. a colrecr'or ol c1:e' rs 'e'* ro d' rhc

ruaotd,,. ial dail r' r..t,eo s'h.'a' .1rrio1 sri''Pd lU io d o" !'' l'io'
,.*""*rlr mrO..." oro"','L.ro.Fr q rrn..'"\rh' Prc'T L of d' e

r;ted.
'iii. 

",i1,"i"". 
lo""*,. 

"*a 
*r be perrect, as differeni fold elections mav8iEdiLcr

enremrestimater. Thus, nk a sEndnrd lrNcdure to rcpeat thc clo$ validanon pree$

r;rimB{hhhEsltmbuiidinrandteslinsapredicrionntodell00timesaltosether'
t:



ser eith epefiion. Fwthq. ttte number of c6$ in the training set is the sme 6
lhe rotal nunb€. of crses available. By doing fi1s, some cases will be selected

,r,ore rhai or.e, while some cas6 willnot be selected al aUlIl is rclatjlelyesy
for a mathemdcim to .alculale the probabilily of a cae tu being sel4ted for rhe

traininS ser by dividjns rhe consunt d by I, which equals 1a 0.36781944117 .
0.168. This n$ns thai approximately 36.8% cases rir ra, be slected, md 63.27d

of cases sill be sel€cted (once o. more tha once).1' If we apply the boo$rap
€chnique to our data set of three million used car cass, thq approximately
1,896,362 cases would be lelected (once or more lhe one) ftr rhe training dala
sct, wh{eas ltle r.maining 1,103.638 cases would co.stltule the test data se1. As
wirh oos-validatlon, the bootslrap preedure is usually repeat.d seve.al times

For a momenl, let us retun 10 the issue of time delendencies in the dala set. As
ne.rio.ed ulitr, nosl real auld busine$ ploblems hale somo tDe-deperde
reLarionships within then dlu sets: Trdsacrions, dders, deliveries, sal$ all of
rhese hale a time stamp, And tE ause lhese data sets vili inelnably change, $e
problem lies in not knowing how (hey qill changel Also, some data sets ch6se
ve.y quickly (e.g., the closing prices or all stocks in fie S&? 500 index), vhile
othe6 change very slowly (e.g., the alorage income in a pardcular regio.). As
a matl{ of fact, sone ch&ges de so slow that we consid the data set to bo sta-
ble, elen though snall changes de conslandy taking place. Itr 6y case, it is im-
portant to selet rhe appiop.iate sampling rcch.ique when dividing [\e original
dala inro training and loslinc sets. Ii is aho essential to orgeize the c.ses in such
a Ely Lhar all the kaining cases have an eelie! timesrmp tlan fie ldting cases.

This is done so Urat the predictions go iron past" lo future." L otber qords, we
shculd jdenlify a pdticuls point oflime, and take all relelant preceding cases fat
lhe rraini.g kl and allrelelant rrDse4le cases tbr tetesling set. Nole aho. thal
6e tine dcpendencies anong cases nighl be so strong lhat we sbould reat lhe
data ser as a time siies, wh*e all cases de kcpl h a sequemial time oider.

The inevitable changes t})ar cu in a daia ser lrom which we are supposed to
create a prediclion model - have poNortul consequences. Il the cha.ges &e sliClt,
6en rhe smpling and evaluatim tehnjques discu$od in this section would work
Ho$ever, if the.hanees aro sis ficanr(like after a major srock Mket 6ash or
natual dhmrd), l,hen ir mighr necssry ro build a nct! mod.l altoselher. Ahq as

\!e saw in Secl.5.2, ditlerent predicrio. methods produce different models of
laryine complexiry. For this.oason, il might bc sarer to sel*t a sinpld model
lhat has r higher dcgree of geherality (allowing ftr better adaplalion ro small
chaDses thal occur io the data ser) Another appro.ch (wbich we will discus in
Sed. l0.l) would be ro use an adaptability nodule to adjusl rhe va.ious prme-

Because 63.2% orthe.ases (0. avoms.) will
is alsa calledrhe 4fi2 baabh-op.

{i

bL .cLemd lor rhe kainlngse! rhem($nd



5 Pi.ni.rion Merhods and Modeh

5.4 Recommended Beading

ln rhi\ ciaore ee arP 2 qe iera' o\o view or ralv drltrr"r I r@( ot Drcdidion

*"hl.m,;e s.. clas,i[c"u;n. regre{,un, rime renes'. herhod! 'qronr 
arire or

i,,ar;uri'el. ma orce..e. (ddrs flepaDlion. dda mrninP tr6el burld'n8' d'
nlome.r and c,a.uarron). Becaur rh" rldrure Coalol ,n) predrnon rodel i: ro

i,ed:.r 'n. 
o,"o," ot u *q cJ'e. wr al o d,\cu'sed J 'drierr or prmrctro

mMrl' based on narherJlrcs, d'rsnce. and lo8rc Our d':cu\Ior oo prcd'1'or

meihods will continue in Chaps. 7 9, whtre qe will Presenr seleral nodern pre

diction methods, including dtificial.eu.al networks, fuzzvlosic. and aeent_based

rodelrns.l.ilv, il(hat lo $e wJl J''cus he corce"r o' L::nF r'eral prcdi

rion ,nod;ls roEe hs, a ole $it lne role orrhe adrPllb'ltrv modrle'
'Ihere are *aiery ortexrs available lhat discus data mining techniques' The

baak P.edictiw Ddt; MkinB by sholom M. Weiss md Nilin lndurkhvd (Morean

iauftnann. Sd Francisco, i99i) provides an ex.ellenl highlevel discossion on

mosr oirne topics presented in thi; chapu (e.8., p'epdation ol daia, data reduc

iion, twes otiorurionO, *itr an addnional discusion oi dat! minins and sraristi'

cal me$ods, and seleral case studies.

A ,liohtlv mor( le-hr:.dl rnuoducroo e{ ro &ra mrnrng r''hn'qu$ h D'ta
M",n-:pt;,fuat Machnn t nn p rooL aad t'd'h'q\?-n\ l.nH.wir.enand
eroe iLrnl rvosrn l..aurm"r1. sdn Frr'B-o 'oo0r Tl-" h ' tr p'e{rl' rndr
,1".',r,.",. *i^ "." -a 'al.dc'i1! 

\dioI model''e' 8 ' oefl' on rreh' rulc'
,,i-, -.a"r.' r.n- o"i TLe l-oor J'.o pro\rde( J-\c da'r n.rnirB r'! l5 rfr rh"

autho mad.available throueh thet website.

More advanced rexN iiclude Mo.,ii,e,€ani 8 a d Ddn Mntitls: lvetlDds

ddA,r/r,ar,a cLrrr oJ R!'?xrd 5 Vrcha.:ki I{nBdrl'o'anoV "'JrKu_
. ,\\;le\ Chnneno..rq8r Th'. \olurre pro\rd. a det-ilcd "'irmerr" nan)

.0.', tr l.nr. \e.e ruhr:r'rre$ appr.a.h. rndrcrrtc loPL p'oer _milC d
iiar ^ aii.u"ioni on a"rn min;s ;pplications in parrern recosnirion desisn,

cnphmine. conrol sY{em\ mei(Lnc, and biolocv.

lr,ie . rhfle tue k" d"il"r'e Ae Dala 
^4tuns 

4\d Kro lP'l'? Dt" oa^
lth Erotiiiater! Alsotith s by Alcx A. Freiras (Sprinser, B{lin, 2002), which

.tccu$s lhc inr;sration oi some orrimization and data mining rechniques

As one of $e;ain tasks of d;ra mining is "p'edicdon, n is worrhrvhile lo

.he.k sonrechsic texls on lbrecasline. One of ihe books werecommend is F're

c t tz: Mahod"adArpl.o"o, D) so)rn' \'lalrrdatu \'' r_ ( wlr_lqrgl-"

".. n'"r. r rr,na-- W'-\.Ch.ch,.ler,.oo8.Th.nu k PrP'c1r' " lctJr'al
m odcn ro 6 etunrnr: lror rd''c ri re. a rrnc .ool\. rh.' rPr' ne $'' * decol _

r'orrn" -o oa,i,,."i icr.1n.l''e.g. e\rolennJ o,' rr "'ec^ion "
judenrcnrd ble.usting

L
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6 Modern Optimization Techniques

'I have frequedrly gained my tirst reat insighr into the ch{a.ter of pr,
e.ts by srudying rheir children.
Th. klwntrre ofthe coPper Beechs

'"Ihe naffe ofhh hclics suggesred hh identiry to me, and thh physi-
cal peculituity he was badly bilten in , s.loon iAht in Adelaide in
'89 connmed m, suspicion."
Th. Disdppearu ce of la.t fnna Cafu

Whethd in bankin-s, manufacturing, or rclail, rhere is scdcety an indusrrt whse
lhe tern rroptimizalionri do6 nor apply. Thh is due to $e facl rhat eleryindusrry
stlives for excellene (as the.e &e coninual pre$ures to reduce cost and increase
efllciency) and so over rhe years mny oprinizarion lechniques have omergod ro
help m&agea lDd bctrtr solurions roten businc$ roblehs. The ield or oper.,
tions rescarch, in parricultu, develoFd nan y rech niques ro addres lhecomplexiry
ofschedulinS people, machines, and marerials we oflen refer ro thcsc oprimiza
rion rechniques as "classic" rechniqus, ivirh rhe best exanples beiig lincr pG
lmmming, banch and bound, dlnmic progrmmingt and network flolv pro

During lhe lasl decade, how.ver, Be hale witoessed the emergence of a .ew
.lass of optimization t&hniques thal people have rerned nodern heuristics."
These modem lechoiquos include (amons othe6) sinulard annoling, tabu
searcl), md evolutiondy algorithms, ed rhcy are $e main focus ofthis chapr6.

6.1 Overview

Ircspccrive oi the oprimirarion tcchnique used, dree things always neod to be spc.i-
fied: (l) the reprcsentation ofrhe solurion, (2) thc objecrive, and (3) $e evaruarjon
tlnclio.. L.t us considcrcach olthcse intum.

Thc rcpresenration ol a solurion sill derennine $e search space and its size.
This is a. importanr poiot, bcciuse lhe si^ ol rhe scuch spacc (i.c, rhe nuDhcr
orpo$ible soludons ro Ihe problem) is nor dciemined by Lhc problcn, bul bi irs
t"pt.sentatian. Consequenrlr, choosing $e righr se{ch space is or paramounr
inpo(ance.Ifwe do not selecl rhc cotrccr domain to begin with, !€ might !c$
aUy preclode ouselves ftom clcr llndihg deighl solutionl



b M.d!m Oplmiza ion Tdhniques

Once we have defined rhe sedch space, we need to decide whar we a.o lookins
for. Wlat is rhe objectilo of our probl€n? This is a mthenathal $arement of rhe

task ro be achieved. It is not a funclion, bul an expresion, Fc: exanple, supPose

we wanted to disover a sood solution to a taveling elesmn probhm . The ob
j&Live would be lo ninimize the toral dinan@ of th. route while satistying $e
problem constlaints, Afte! the objetive has been cle ly denned, lhe next thing to
do is crcate an eval@tion Juncti,tr thal allows us to compee the quahy of differ-
em soluions. Some evaluadon runclions produce a ranking for ldious solutions
(called,nl,,al elaluation funclions), while olhds re n,udn. ed provide a rank-
ing and a qualily measure sde as well,

In tle traveling saleshan problen, a nuneric evaluation furclion night mp
each solution to a distmce. By comparing lhe distance of various po$ible solu
dons, ve cao oasily tell if one solulion is better thd anolher and by /Dw ,n!dr.
However, it mighr b€ computationally expensive to calculale the eiacl distan.e of
each pdricular solution. In such cases, ir might only be n*essary lo know ap
proximarely how good or bad a solution is, or if it conpares favorably or unla-
vorably with some olhe! solulio.. Such m ordinal evalualion tunclion diSnt
evaluatelvo possible solurions and m@ly give us an indrcatio. as lo which solu

Bccause ihe evaluadoo funclion is nol provided with a Proble6, how should we
go abour choosing ihe correc! evaluation luncUon? Oitentimes, the objectivc can

suggest a panicule evaluation functio.. ln fie [ave]ing salesmn problem, for
instance. we considcred using dh[.ce as the evaluation function. This cofte-
sponds ro lhe objedive of minimizins the toral distance ol the ioure. Hence, lhe
obi4tile narurauy sugsesrs an evaluation tuncion for tndrng lhe besl solurion.
Whe. designing ihc elaluarion tunction. it is also inportaol to kecp in nind dat
m.qi nrihe r.lrtri.ns se arc intdcstcd in will i,e in a snall subser ol$e seech
space (bccause wc are only inreresGd in /adJibl. solurions - i.e., solutions that
sarisfy rhe problem{ptcilic constrainrs).

Once al I ol these stcDs sc complele, we.a. begin sedching lua solulion. Note,

hoqever, rhat rhe optinization l4hnique ! dGs nol know whar problem we are

fiying ro solvcl All ir "knowi'is the represent.lon of lhe solulion and the elalua
ion function.Ilcu! evaludlion tunction does not cmespond ro thc obj&tive, lhen
we will be searchi.g tbr lheri8htanswe.lodre wrongprcbleinl

In any soarch space, $e eo.l is lo find a solution thal is leasiblead bener rhan

dy orher solurion prcsent in the e.tie se&ch spacc. The solulion ttrat slis,ies
these two conditions is callcd a glabal optitr h. B* re ttnding a global opri-
mum is extrenely difficull, i much e.sier approach is ro frndlhe best solulion in
a subseL ol Lhe search space.i' It *e 

"an "on*ntate 
oo a rceioD oi the sedch

spacethlris "nca. sodepeiculd solulio.. wccan describe this as lookine atthe
nrigl,rol,tod ot fiar solulion. Gtuphnally, lel us consid( somc $stract sorch
space wnh asinglc solution s:

rl

l:
Optiniatia k.hniqrc dnd s?ar., r..Iriq,. arc considered synonymous Tho sctuch

lor rhc ben ieasibl. $lLri.n is borh xn optimization probldnand a sc&.h probl.Dr
'Ihh obserralon lorm 6e lundhnral bei! of mxny oprimizdion Echniques



Ou. intuition might lell us tnat soluljon s
sp&e vhero all solulios de lery simild to
use a neighbo.hood" or "l@al" opdmnadon
this neishborhood. The seguence otsolurio.s
seching fo. the best posible solurion relies

is in a neighbdho.d of the soarch
one anothe(, consequenrly, we can
rechnique to rnd ihe besr solurion in
lhat lhese t4hniques generare while
on lacal iniomation at each slep of

Local optimiation t4hriques pleseir an inrercsting trade off berween the size
of the neighborhood and the effrcioncy otthe search. lf$e size oltbc neighbo.-
hood is relatiloly small, then rhe algorilnm hay be able to search $e endre
neiehborh@d quickly. O.ly alew potential solutions may bave ro be elaluared
before a dsision is made on which ncwsoludon should be conside.ed n€xt How
e!er, such a small neishborhood inmars the chane ot becoming rapped ii
a local optimunl This suggests usins l{ge reighbolhoods, as a ldger rangc or
lGibihy maf,es it e$iq for rho algorilhm to decide where b scarch nexr Ir pa.
liculd, itthe visibihy were unresfiicled (i.e.. the size olthe neighborhood were
lne same as Ure size olthe wholc sarch space), &en eventually we would lind $e
besl series of sreps 10 rake. Howevd, l]re number of eralualions highl b.come
olerwhelming and impossible to compute.

All oplimization lechniques (whelher leal optimization l@hniques, anl sy$
rems, or evoludonry .lSorithm, senerare new soludois fron erisring solurio.s.
The main difaerence b.tween rhes diflereit rechniques lies in how rhcsc nes
solutions arc Cenoated. B4ause we cai only umplo a smallftacrion olrhe search
space (orheiwise tne compukrion rime would be biilions olyearsr), se should be
eononical in &e pr@css ofeeneradng and euluatins new solurions,



73 6 Mod$n Oprm'ation T<chniques

'lo oul \ore of lhcse,onepl: irlo.onretr' lel u' re.m ro he c dnbrbul:m
.,,-"1. "na a*:me ttra. wc wanL to d'suiblle 1,000 cd lo tC ducr.on 'i':'
cleriv. D,n\ no\,b,lirie\ e\n' 'o|.re'en'iF' s ".olLria1 ' Tor e\E-ple. we

.-. ^'.,-," i"aer numto r'Jn I Lo 50lor eaco .dtrroi nlc. arJ a 'olJ'ior c8n

be a lec-tor of 3,000 numbersi the firn number represenrs the destinarion of the

Iirsl cai, the s4onil number represenls the deslination of tho s*ood cd, and so

r-Fl
The above vecbr represenrs a solutioo where the llrst cs is shipped ro auclion

sne 23, rI€ second car is shipped to auction site 4l 
' 

l.llo rhird car is shipPod to auc-

lion site 5, aDd soon, wirb rhelast two ca6 beiDg shipped to auction sites l9 and 41

rerm$etv. Ol Lour.e. rrre "uclron nLmbe. 'ho I d nol + r'ngned rddomlv

wi.n *" i".r* 'o.. opri.i/dr,on r{hniqle' in urr rollo$irE 'e'rio1'' the ad

vankse,olc"trsnrn! clo.e"nLr\fl .ro'i o.e"aL.non'qr,.he.'necedr
lo-e.lro*.'.,, rtiar r.p'e*n,i1s a 5olur,on in rr wcj hd\ a coJp'e oidird_

vanrages. Eist ofall, rhi;represenmtion implies an enormous search sPace thal is

too ti;o consumins to serch. we have 50 possible dosri.adons ior each car' so

rh. n mb€r ol oo!\rhledinrib rrion.lor.l0n0cds i.50 50 50/"'it0ri'e"
.o nulrirtd ;y iu'l 1.000,'ms:.. Ile .r/e or rhr.:c4,. n .pa,, .dr t re lucs
sisniEcanrly by using a diflerent rcpresenladon

"The 
second disaavanrage ot this rcprescntatioi is 1hal il makes sone connraint

handlins difficllt. Rsdl thal &e car di$ribulion proble.r itcludcs mant soft and

hdd co;sminc. such as iilenioy lelel linlts, exclusbn condirions G'3' "the

i.ral ransDoilaton distaDce for each car mlsr no1exc4d 700 nilel). dd so

f6nh If th; above lectd oi auction indices were usd ro rePresent tbe soludon,

lhen many randody senerared solutons would be iiieasible' e could 
'ejet

rnese inle;sible soluiio;s,loser their qu alitv nea sure score or axeBpt to rtepair'lr

them by tplacing some lalues in $t!.cto. with ncw ones. For exanrple, itrho
uu"tion ril" to. rL" t.".nO 

"ur 
is '11 and iI corrspoods to Jacksonrille Fldida

rwhich h nde 1hm ?00 miles lrom the curent l@alion ofthe car, $en we muld

; , ,o.eota.e auchon a I w,rh.ore orher dL(rron .i'c l}JI I'cl"'-' ro rhe lt'1ri01
oifie(; Noreal'otha, mo.. neq $Lr,on'woulob! irh"'rh.err5 mN erre

sentarion, makine tht seaich proces lss eificient ln drn prdcula! case, othd

redernr-L-or,(rb' hdcxnn.le(or'ranrhudl.nqcd'e'
C re& 1, nanj o he ren "enlJLior: re po \rbl''

. ri"i." ii,',,",,'. " so *ds. *hse.a. h uc r.p *enr' xr auc'ion'rre dld

;as a list DlcrN assiencd" (o this auction. wilh lhis represenrarion, ir would bc

mucrr easier o rranate i*rain consrainrs (e.g., invemo.l consmin$ as lhe lenglh

of each node imPlics rhc nu,nher ol cars assigned ro tar pdricul& aucion):

5

I

,.
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Thc abol€ veotr represenrs a solution that qodld seod cds 2,340, 902, 1,198,

3i. Md 2,949 10 auction I, cd ?81 lo auclion 2, aod so on, *ith ces 1,007, 1,459,
@d 1.541goinglo auction 50. By using Lhis l)pe ol represntation, lhe size ol the
!*r.h space can b€ sig.ifica.tly redued by inposing sode inventory limns (e.9..
each audion siteshouldhave atleast20, butnomore tha l00cdr. Additionally,
ii lome au.rio! sit* do not admit cars ol a pafliculu l}T)e (e.9., high mil*ge
;arr, Uen n would be much easie.Io chek (o! enforce) such const ainls.

-hother possibiliry h based on indned reprsenradon aod some preprc$sing.
H.re lre would solr all thc availahle auction sites by di$arcd ftom a pdriculd
.ar, i.e., aucion I would be rhe closesl (disrance wise), aucrion 2 would be lhe
\econd closest, andso forth Allhodgh thh reFesentation l6ks verysioihto our
fi6t representation, the intapretation is lerydiffe.ent:

1 2

ahis lelor represenis a solurion that ships lhe Iirst cd ro the clossr auction
sire, l]]e Fcond cd ro rhe &nd-closd aucion sire, etc. Nore rhar lhe,atu num'
bets in lhe above rep.esentddoi (e.9., nunb€r l) corospond to d'rtlen audion
sitesl Asain, lhde re seleral advmiages of using this represenlaliod. First, ire

I

represents a soludon qhere ea./i cd h seor to fie closest aucrior site. If we be
lievc that uanspodarion cosrs play a major role in Lhe dechion-making proces,
thed r,l1e abole solurion n[y representa rqsonabh "nstdraft." Second,lhc nun-
be6 ue m.aningtul in lne sense th rhey corespond to disla.ces ll for some
reason auclion 5 h nor available (e.C.. b@ausc of invenlorr limits), then we can
dned he crr lo auction 6, &ereby inoeasing lhe tmsponarion dhtance o.ly
slightly. The third advanuge is &at Feprocessing cao help us hmdle many con
sffain$. For example, if a car is red and aucrion 13 does not adnit red cars, tnen

I I



qe can elininaLe l3 iiom the lisr ofavailable auction siles lor this car, Aho, ifwe
limil fie transporlation distance foi a.ycar. allwe havc to do is truocale lle auc-

rion list ro elininate rhose sites thai exced the L\rshold. By doing Uris, mrny
constrain6 (e.s, exclusions bdsed oo nileage, color, distdce) c.n be ndrdled
during dr prepree$i.g $agel':o

Noteagain, that thc representatim ofa solutim willdeiine lhe sedch spacc and

its size, and rhat we.an delj ne a neigh borhood lbi anysolution in any represenla-

tion.lfre a$umc a solution h rcp.esented by a vcdoroi3,000 numbc6, wilh ach
numberconespondingtoan ructionsite, tieDlorasolution:

l9
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ns neighborhood ,s a collecrion of
aucdon sile being difcrenl by one

Hetrce, the lollowins soludon

all solutioos rhat re ide.tical
(e,8., 2l cd be replaced by

is a neishbo, ol rhe original solurion. Nore $at lhe size of lhc neighborhood h
6,mO solurions, as rherc de twoposible replacements for each auction (2:l can be

rcfla.\d nJ " ,i . l. r l .r \ rcpr4c. l') dO r !2 dc ':
r,l !olr.u, lho( iF -rrJ -lhe' por:l'rlir'r. Fo er6mp!. rr d dL. n,n .ile

vcrc allowed todilT$ by five (larher thrnjusr one). rhci lheieiShbothood would

be much Ldeer. Ea.h auclio. sne would define l0 Po$iblc.eighboB (e 9., auc

rion 23 could be retlaced by any oithe lollowine auctions: 18,19,20,21.22.21,
25, 26. 2?, 28). so rhe size of rhc neighboihood would be 10,000. Allernalively,
we can stick to Ihe requiremcnr that an auction sitc cln onll dilier by one, bui

relax $c rcstricrion on the number ol auction sites 6il can differ! In such a sce

ndio, il any aucrion site can diifer by one (or (ry as il wat, thc sDe oi such

a ncllhborhoodNouldbcl xl x 3 x... xr (3,000multiPlicarioisl)Olcou6e,ir
lve allow bisgo.hanges (e.3., replacine auc&rn s wirh aucrion l9), thei $e sDc

of lhn huEe neighboihood world gro*even turtherl

Using i,is Ep.€senrarion, $e hare ro build t ltr ol aLl/.dlbl. a!.rions 1nL each mr.

AlrhotrSh rhk prepmesing mighr be lompuuriunally explDsire, *€donorlvonce, at

Lhe beginninE olrhc setrch. The gene.al rule oi thun$ n drar plcprocesln! is usciul

rhe more swca( dniDeexercise, the les5 blood durine rodbarlAlso, *c \ullrerurn ro dte

suhjed of con$ralnl hdidlirg in Scct.6.6.
Forlmdve.to.horverer,lhdneighborboodsiTeis\lightlylcsnlan6,m0(eg..auc"
rion sites I a0d 50.4i only bc rcplaced by 2 and 49 rcspecrirel))
The qllc.l tuerh.ds fordcfiningDeighhorhoodsareel.herba\cd ondishnc oroi some

5
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Thc I i n ked -li sr reprcsen tation offere anothd po$ibility For r solulion:

-,F l

Fl*EEE
we can define a neighbor.s a newsoludon dorived bychanging thedeslination ol
one cai. For ekanplc, ifwe mole car 902lrom the tust.n'rl'n cne r' rhe s'cond'

rhen{e would eer lnefollowing ieiehboring solution:

[,-leE-E-E-E
[,]oEfE
[,, 

-letrI-E-E
ln rhis senario, de sizc olrhe neiChborhood h much smaller lhan i.lhc pre\i-

ous cxrmplc: lhse de49 'olhca'aucdons available ior elch.ar, so lnc nunher ol
neishbo!;js oniy l47.0oo (i e.,49 x:l,ooo) Again, we can.hanBc rhe sizeofrhc
,rrtrtornom ti attoqrne ".mP 

itr rtn.lordlon. Fo'c\Jal'.. Ircdrrrle
Jn;iFhbo, "...olLrio, 

od.in,db).qdPpinsrrJ':enne"i r\u!J'..e F.
$vap;ine rhc !$ignmenl oi cas 87 dnd 1,007). then tbe nunrber oi Posiblc
nciihbo would be le$ lhan a,498,500 (i.e., 1,0(x) x 2.999/2), I swappins the

,.. "".-r "r 
ome.r,,e. s...d. 2,40 Jnd 87) oo$ ro, le'd o d 1( r .o r ri r

Ii.aso,r.rr Jdee. o_'o,fterenr on,m'Jr:on i.h.rqu.'. r. ne ''rrrr'
.omraei"od'teren,iolurror.arddecrrnethebcrer or( Hln.!. \. -u'r \
rble tocvaludteanysolulion andalsigi a qualitvneasure scoruloil.li rcqualil)
mEsue score is 121.76 for one solution aid 119.92 for ahorher' lren wc would

like to assumc $ar $e iormer solution is beftcr.In the ca. distribulion exanrple, il
is neesary ro build an evaluation proccdure thal rctums a qualilv mcasuie score

ior anysoi;Lion. Hoqever, rhis lask n nol tiviali tor example, howcan wc cvalu

uJ
ta
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4l

thlt assigns r.\e n6t cr ro auciion 23, the second car 10 the aucrion 41, and so on?
Cledly, several things mu$ he considered: the predicred sale p.ices ot lhese cds at
the auction sits (taldng i.1o account the fime dolay caused by fiespo.talion),
transportation costs, iipeoalties" for violation of vadous co.slmin$ (e. g., a red cr
is shilped ro an aucrion rhar d@s oor .dmit red cdr, .nd so rb.d. euire olien, thoe
would be nany rade'oiG ro consider (8. s., by sending a .ed ca. to a parricuh auc-
tion site we would liolate aconslral.t, bur on ths othc hand we would sale a lot on
the banspo.tation cost .. . ), which should be .eflected in rhe evaluario iuncdon

6.2 Local Optimization Techniques

The evaruation tunction de{ines a E@liN neasae yarc landt dp. Gho knom as
d retranse sudace at fhles lor^.a/?) ihat h much like a bpography ot hills and
elle,s. WiDin this drr@ dinensional landscap€, thc problem ollinding a soturion
snh lhe highesl quality masure score is simile10 searchi.gfor a peak in a tossy
mounGin range Because our visibility is linited, *e can only make lNat dei-
sions about *herc ro so next.Ifwe always walk uphill, we wille\€nrually r*ch
a peak, bur this peakmighr nor be rhehighe$ p*k in rhe hounlain ragcijtoight
jusl be a "local" optidum we may have ro walk dos.hi ll fo( some period or rihe
ro ilnd a palh thar *ill evenrually lead us ro the highen peak (i.e.. rhe ,.globat',

Ihe quahy neasure score lmds.pe ror a lwo varirhlc llncdod is illusrared
below. The graph displays the qualily deasure score tor clery pair ol values lbr
lhe lirsl and s@ond ladable, which allows us to visualize rhe nounhin ranges,
hi8hosr lcaks,l@al opdna, etc.:

23 41 5



6.2 l-@l oorimization Tshnlques 8.1

KepinC rhi, rUt,r.uon in-m'nd.ler u. exatune a b ( localopum/"Lon pree
dure ..iled /,/l ./,abin8, dnd rlr ronr.lion 

",th ne 'n.ig\borlood" concep'
Lrl,e Jl lc"l , ?r.miza ion re.r qE h,lj clim!.rB u.es rterq',\e imdo\emerr
The t4hnique h applied to a slngle solution (i..., the crrenr solurion) in Lhe

search space. Duins each ireradon, a new solurion is selected ftom the neighbor
hmd ol rbe cuftenl solution. If fiat oew solution has a beuer quahy heasrre
score, thcn the neq solulion becomes the curenl solution. Othcrqise, some other
neighbor is seleded a.d tested against tle cMent solulion. Tbe r4hniques reiini
naGs ifno funher improvemcnts e possible, or when De allotled ime runs ou1.

A simpl€ flowch ola hill climbing scquone is given helowl

Note that Lhis flowchdr expre$$ only the geneml pinciple oi hill climbine
without any rerminarion co.ditions We hale lo srar with some (po$ibly rai-
dotrrly eenerated) soluiion s, elaluale n, aod r.\en sendAte a new soludo. x from

! The rerm rrl.hrrniA implies a maximiz ion problem. bur the equivderr &r..r7
mcthod is easily eDrisioned lor ninidization pmblems. Fo. convenien.e. lne term wiU
be used (o dcscnbc both methods wirhour ary inplied loss olgeneraliry.

select a curent solution s

select a n€w solution x fiom th€
neighborhood of 3

j
I
I
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a neighborhood of s. If rbe nev solution x is bc11€r lhan 6, then we take sn uphill
step (i. e., we accepr lhis new solulion as the cunent solution, and Ey to improve i1

turthq by gcnaanog Wl another trJp solulion ftm lhe rciqhbtrhocl ofthe cur
renl oDo). Otr the othc hand, if the new solution x is not bettor than i wo Cenelrie
another new soluton d we .op%l tttis procss several nmes until eiL\er (l) the
whole neighborhood has been sercbed, or (2) we have exceeded the thieshold ot
allowed attempts (phich is missing ftom r.he flowcharl). At r,his stase, se can exir
1he lmp ddd repon &e curent solurion as the b*t solution, or we can store the
cuEenl solution in "memory' md ieslall the whole p.cess, hoping that lhe next
hill-climbing ndatlon (which sl&"ts ftom a new solutioo) may produc. a bexcr
ove.all solurion (a process callen nerated hitl-cLinbins)

It is cl€ rhat such bill-climbing techniqu* can only prolide l@ally optimun
values that depend on rhe starliDg solution. Moreover, th e is no gennal proce-

dure ror oeasuring lne reladve eftor wiln re\pst to fie globll optimunr because ir
remains unknown. Given ihe problem olconverging on leally optimal solutions,
we oflen har to srafl rhe hiU climbing algornhn [iom a ldgc variety of differenr
solulions. The hoDe is t'rat ar least sone of thes€ innid l@ations have a pal.h rhar
leads ro $e global oprimum. We mishl choose the initial solutions at random, or
wc mishr base then on some gid, regule plttem, or orher available infornaiion
(perhaps usine the search results fton sonEbody che's efforr to solle the same

The succ€$ or railure ol a singb n*adon (i e., one comphle cljmb) of rhe h ill
climbins alsorithm is determided cohpletely by the initial solurion For problems
with oanyltralottina, it h oflen verydiff,cult ronnd the global oprimum. Con-
sequend), hill climbing l@hniqus halc scvcral weakDc$esl

. Thel usual ly rerminare ar solulion s $ ar de only l@ally opdmai.

. Thcro is no iniomadon as to how much $e discovered Ieal opLimum deviares
fiom lhe global optimum, or pelhaps elei liom o$er local optima.

. Thc optimunr that is obtained depends on rhe inidal configu.ation.

. In general, it is n,t possible ro provide an upper bound loi the compuEdon

On $c orher hand. rhere n a tmpting advantage to using hillclimbing rech

nlqus: lbey are very easy ro applyl All rhat is needcd is the .epres€ntation, lhe
evaluation function, and a measu.e thar delines rhe neighborhood doutrd a eilen

Effedive optimization tehniqucs providc a mechanisn for balancing trvo ap-
parcnrl, connicdng objectives .r the same ti6e: .rplanihg lhc bcsr solurjons
lbund so far, and erploling the se&ch spacc. Hill-climbing lechniqud explon lhe
best available solulio. lor po$ible inrprorcmenl, but the, negldt explo ng
a l gc portion of tho soar.h sPace. In conlIast. a random earch (whtre latious
solutions re sdnpled Aom the enlire scarch spacc w,th equal probability) ex
plores the sedch space thoioughly, bur i.reses exploning promisinB reeions oi
rhe spdce. E.ch sedch space is differenr, and even identical spaces can apped
verydiffcroi under ditreren[epresenhtions andelaldaion tuncrions. As a resull,

?.
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lhere is no qay ro ch@se a siogle optinization t4hnique tbat peifoms well in
every case (mce on thistopicin s4r. 10.2).

Irr s illu*mre Lhe hiU clinbins lechnique on Ure.ar dishibution exmple. S.y
we would like to nnplenenr m itdalive hill-climbing alCorithm tial would sonei-
are a car dhfibution recomnendation. Usiig lhe fiBfepresenlation (i. e., whde a

ledor of 3,000 lalues prolides iodics ol auction siles ftom 1 10 50) and defining
a "neighbor" as a solurion thal ditres (at most) by 1 o. my position, the hill
clinbina alsolilhm would wdk as follows.

Firsr, th€ algori$m would generare a steting solutioD. This solutiod niSht be
generated randonl, (i.e., fo. each e.try, a redom number liom I to 50 is pro'
duccd) or we cai acepr some heuristic-bafd solurion (e.8., an initial solutjon
tar assiens each cd to the nedesr aoctlon sile). EiLhe! way, 1.1 !s assune th lhe

19 4t

The algori m lhen evaluats thh solulion and assigns a quality messure score

ro it. For $is example, let us assume hai the abole solution Senqales a quality
me6u.e sore of 171.49. Now we de ready to do some *hill-clinbiig" l The algo
,ithm gendares a neighbu solurion by Senendng some .andom l$arions in rhe

vecror (any number ol l@aiions ftom I io 3.000) &d then chanSing te selected

indices in fiese l@ations by one (inoemenr or decremeol). assume thar lhe gen-

dared solorion is (i. e., the soleded fiBr, s&ond, ..., and 3.000th location was in-
*e!*d or derelsed by one.):

Nexl, tc olaluadon of thh solurion is needcd. If the elaluation producs a

qualiry measure score hish{ &an the oiginal solulion (e.s., 176.18), $en the

algornhm will acftpt lhis neE solurion as the curenl solution and continle. Nole
thar $is neir solurio. (wid1 a hiShd quality measure sco.e) bas ns own lew
neighborhood, and the subsequenl new solurio. h drawn from this ne* nei8hbor
hood. Any accepknce ola new solution mcals that lhe algftithm lound a better
solurioo md madea step uphill. Howeler, ii may happcn bal ihe quality measuc
s.oreofihenewsolutionisloserrhanthecmenrsolutions(e.c.,169.83)lnsuch
a .ase, the algorithn will discdd this solution (we ac not inrdesled in infcrior
solr'ru1.i 41d Belerole anofier turd 1om rhe neiPhbor\ood ol rhe.tnenr
solurion. Say the oext solution is:

5
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O Modcrn OpumiDtlon Techniqu.s

Ascin, il De e b an rmproremenl in $e qda.rly mea\r'e cde. then lhe algc
rirh; q,ll accepr 'hN .oluriol "r,l ,Jrtidre. lt no,. $e algoritn qrll Eeno.re
anolher solutio. from the diatial rcirnborhood . .

Note also lllal ahillclimbins algdithm can (a) accepl rhe fist solution found

rhar is bener lnan &e curot one (as pres€nted above), or (b) acept the besr solu-

tion found in 1,he whole neighborhood. These two possibililies represent two ex_

hemes, with plenty of in belw*n" posibilities (e.g. ae can acce the b.sr

solurion Iound from 100 eenoated solutions in lne neieh borhood).

The question is, how long should lhe hill_climbin! alSorithn Senqatc random

solurion; berdegiljng up?Well, se usually have a counlq rcsponsible lor count-

ing the algGilhn s altemprs to inProvo the cunent solution. Each tme l,he algo_

drhm 6nds s improvenent Lhc counts h ieset lo ze.o. Hoqerer' if tIe hill
.liml-rnA "lso 'rtr e\prr'" 

'ce. 
o long:eqlele ol Jn'uce\rtul d..empc. qe {op

lne rdil uoon c.reedrns a nredefncd thre'holo. In thr'par'clld e\amplr. whd'

shou,d lhe r'ue.hold h.r t hc an.ucr oeneld' on d leq lac.or" qrth lhe s /e ot'he

neishborhood being the tnost idpoilanl.I is dilficult toclaim lnal we hale fouod

the "l@al opdmun ir qe did noi scarch rhe whole .eighborhood' bu( lh€ size of

lf- ne'pn\o:hom rrdh l-e rno rL! lo e\o uare all 'hr nc Boboh: Thi' problcm

con be;ee \eo oJ d.lrr ng-nc'E\o. h06.rll.rrnrlJ. foreramfle. roneighbo'
diilers from fie cunent sol0tion bvonlv I on onrl@otion, then qc will hale up 10

6,000 neighbls lor cach curreol solulion andcan elaluare allofthem befo,e giv_

In summ&y, if it is leasible (rime {ise) ro sear.h rhe wholc neiehboftood be_

lore diving at $e l@al oprihud, lhen vc do not need a counlq th conrolhrg
lhc nunberofunsuccesstulattempis because 4/l lhesolulions in the neighhorhood

will be searched. Howcrer, it il is nor feasible lo search lhe sholc neighborhood,

we hale ro settle lo. a counler and quil our search alter sode nunrbcr of unsuc

cesful arleq)rs In our cas, lel us lsume we quil $e q"r'lr rfler Im000 un'

Retuming b ;ur example, say we ddile at the tollowine solldon aliq InaDv ir-

eralionsand inprovcmen[, and allatlempts toimprove ilhale failed:

l1

Norr rh. ,iEnrlLanl 1rn k h. d.J'.Lhm qr-r ltroLgq' he

o linal a>ienidt tor . d 2,060 L.r.ord ro l,.r t, n ron .n lhc \1" r i chdngeo

,t- *-uon rq o dr. Ion at,,J dll.har.sr. qe'r n ad. b) 1do.nP or .-Drr n' ng

l. A.yway, in all likclihood we halc drived at 1he l@!l oplimlh, and lhis solu-

rion is th; outcome oi out hiu-climbing creicise. The qualirv mcasure scot is

'l4s 6? and we de conllden( about the solution s qualitv Aiier all, 100,0cr0

neiphborin! soluions lailed lo Produce anv inprovcmenll
i"""*i. *e re nor vre il rhis is the bcst solution ll {e sGrted our hill_

.linbing exercisc irom a ditrerenl solurion (which migbr be located ii a very

l,:

i._

;a..
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6.3 St@hasi. Hin Climh€r

T

''different &ea'. of lhe search space), we miSht nnrsh wilh a tmJt oprmum solu

l5 21

dM ha\ a @a iry hasue .ore o. t.457.d, .v hicn n ,././r _er.r gan ,he ,o.Luon qe d[covered eartierrr
Recattour edtie diicl-ron or rhp -n..ts ond \r.tcr\..ri a quair).rrdJJe.cu e, tdnd.cdp-. .ha i y. .hde de nar hiI. ,.o-r 

"p,,r,","ri,,.,.., "rjir,"1Ir clr nbrnS atSor hm w. I prLddce a .o.utrJ1 hal knrtu nt. one ot rhe\e hrt jHourver. Lhe p.obtem 15 thdr *e do not knoq rnehcr mee de orh* rD6\.ht\rrh hrEhnl hilr..omeqheie i": r*,r" .,^ oi,r,.."i!r,;;,,Jj;:. K;;;lllro 
iur 

-\,nb,rir\- du.s oe \ed-n ,.c.dse, ,r" *,sh;.;"l"ii, ili;]ili,;"!,nb.lt). lrd rhe be .. ch"nces ur dr..o,.:inc dc nieh*r r".r, i"..,1,. ,:,'.r8hr nor bp raa. brr ro .ear-l Lhe "hok neEhho:1oud ,r i, ..,;^ r*"_
.. 

\o. qhar..holrd r. do. we can -e.,. ou nir1q,,66,n. ,1r1i16" ..,..01r'mc(. tuch Lin e ion a drirser I .po*,bty In do.h. to. dr,o1. ;.a i-. ,r," ",".ioer 1 I I qrlt Dro\ide 6 w rh rhc ci ba, orr.mln .".,, 
"; 

;;;-i; ;;;,1,",nn n.pnen).

6.3 Stochastic Hill Climber

cel,rl€ j{k I .o-at op T/ j. 1 .criol. p, D.p, ,. i, o"e at ,ne nJ 1 d1:cr!n,,r.i.l numdi.at .p,,.i2a,,-n,opi,ur,".. .. .,"".; ",,.) ..tri.r., .,..tq.i,to p obtrT il. iac,o. J .. heo r.rt. d(arno tt,tr nrnr i..a 
" "*g"r,.,"d .oroan E ar heslonlr to.a ] oprimar

- 
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" ," 
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6 M.dern Ouimiatioo Teh.iques

To tun an ordindy hill climber inlo
required. First, let us r@all dt detailed

such an algonlhm, a few modificalions de
{nrntre.f a hill climb€r:

ri

rl

:{
ri::

!

a.

Nole again that $c inner loop ahfa.i r reluns lhc l@al optihun The o.ly say
for this t4hnique ro"escapc" localoplima is by slarting aneq s.arch (ouier loop)
from a new (randon) lealion. Aier some maximum nunber olarremprs, dre hest

overau solurion is tefilal ourcone or the algo.ilhm.
By oodiiying rhis pocedurc so that acceplade of a new solution is dcpend6l

upon some prohabiliLy - whicb h bsed on the diff.re.ce belweeo lhe quality

oeasue score lor rhese lwo soluLions - we obiain a new technique crllcd dre r,o

,t

t:

select a curent solution s

select a D€w solution ! Aom the
n€ighborLood of s

l



I

select a cuneff 6olution s

select a new solution x ftom the
neighborhood of s

Select x as a IIew cwrcnt solution
with probabiliry p

. Tle slghr tbd rCnifica ) .trirercnce bcrw*n ,n n

"l'Inl. 
. :''l' "i " r",'";,';; ;' ;,i;'l, i'jlfli :i.1',i.i:1J,"j.

',u\ Dumt lnc e\aution of rhe hrl rtimber in,crc'n.Dns ra,he.. o . n-,,., .,,,,,;:r ,,'ilil'1.1,'i'[,l,."'"i":l ;:lT.,i:.lli
'-,'y a ,upeor .ordio 6 a,.ep,e.r.. r n,_.rrir,orurr." il;;:,;;i,il;ne srmc mrsnail@p rn rhc n4chaqr( hrl.timh". ".:-..,r-n *,, ,.",,,,"'r-"*t" na qc'ep 

'n i- c_

rupmn(e or a new du q !a\ onpqc,t r, 
" 
a"".-i".c',aons,. and i.done,otu,p. ,l;. ;,.,:.:''"',','" 
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6 Modem Optinnarion Techni tues

Ratha the providing a mlhmatical tuocton for calculati.g L\e lalues of
probabilily P (which is based on a constmt value of parmeter a, we will insread
eynr,in Ins thi\ nn.rion works.I. gmeal rdms, teprobabiliry iunction is con-
structed in a such way that:

. If the new solulion x h6 the Mme quahy deasore sore as lhe curenr solutim
s, then the probabilily of acceptan@ is 50C, (h does not matrtr whicb one is
chosen, because each is of equal quality).

. Iflhe new solution x is supqid,lhen the plobability of acceptance is grald
thtu 507.. Moreover, Lhe probabilily of acceptance grovs togeter will) rhe
(negaive) difierence bel*en these two qualty n€asue scores

. lf the .ew solulion x is i.ferior, then the probability of aceptance h smallq
than 50%. Mor@ver, the probabilily of aeeptaoce shrinks toseter with the
(p osilive) difieronco b€tqeen bese I wo q uality measure sc o!os.

lhe probabilily of acceptins a nev solurion x also depends on the value of pa-
nmets I and the senqal principle isasfollows:

. If the new soluiion xls superior, then lneprobability of acceptece is closer Io
50% fo, Iisn va1u6 ot par@.ter ?, or cl6er ro l00t for lo,r values orpa-

.Iflhenewsolutionxisinferio,lhenlheprobabilityofacceplanceiscloserto
507. for lrsn values ofpmames r, o. closer to 07' lor lD)r ulues of prame-
rer L
This is inleresting, bccause n means rhar a superior soludon x sould hale

a probability ofacceplanco ofal1.4r,50% Gegddh$ ofthe value olpammcrer n.
Likewise, an infenm solurioi would hale a probdbility oi acceplaice oiar,r,,
50% (vdying belwen 0% ror Iow !alu6 ofland 507, for hieh ralues of 7). Thc
sene.al conclusion h cleai The ]owtr the lalue of I the more rhe algdinhm be-
baves like a classlc hill climber thd rejets inferior solutions and accepls superior
ones. On lne other hand, if$e value of?is veryhigh,lhen the alsorihm resembles
a random serch, beause the probabilny of acceptine inlerid or superior solu'ions
is close to 507a. Thus, ve hatc ro nnd a value for pdaners Idar is neirhr ioo
low nor t@ high ftr a paniculd problem.

The stfthadc hill clinber tehnique is aho a ltrcrunner to anolhd optimiza-
tion lechnjque caued rr,! /a,e.l onr.alrq, which h colered in rhe nexl secrion.

6.4 Simulated Annealing

I
t.t

The simulared anoealing l*hlique {aho knosn as Monte Crlo anicaline, staris
dcal cooling, probabilhric hill clinbing, srochasric relaxarion, and rhe probabilis
tic cxchanee aleorilhm) is based on an analogy takcn Lo'n rhemrodlnmics. To
gio* a crysral, we begin by rurning rhe rdw nare.ial imo a molren srare rhiouSh
heating. Ttcn rvc rcducc ihc tempdatuc of dis ciFtalnclt untjlte cryslal slrlc-
ture h liozen. Ho{e!er, il rhe coolingproess h done too qui.kly, rhe. $eresults



. Srdle Easibte soluuon. tnerSt_e\atuflion tun.ri... cround rare _ optimrl soiurion. nrprd quenching-,ocel sedch. I ehPeratue _ conrroi prraDeE /r trerul annea,,n8 -sihuhred an@tins

," 
Simutaied,anmatrnE is etutr lo a (ochastic h d,

:: rl:loi$,urioi a @ c*-,,"r;;;;;:l:;: ll'k' '1 td j, Dr.} a., ep,

fl 1" :,1,: :' pr*"" ? H";;*" j;i;i:'lil:::+dce d(,sion i. bsed
i c 

.a 
, \:d ,arue roi puane,o n. ,',i,i"i"d',ii'".1,T":". hi,, crimbe, 

'w.ch
lil;.il:;Til,l:I:tlj:' ; ;';;;X;,;::,ili;T:,:,_: ;;i[l:j ::.-",^::_ll:, _", ,,rsr v ues or paamelr . mr},"d' oh 5tuicr' ed uen &ad-'rr +",.*.1|,,"'l Jil ls.t" procelr \inu,e,o a

r;I:fl :X;i ;:.,il,i,;,;j:_, ;;fi :"ii: ;il::""H::f 
"Ti.il!..T lilt:'l(l "rrc h:li c,rm\p. rhq d,fleren.e be,reen rhr-,r. r". 

"r,,i"". n'*,ii'i".# ;,$T",il:]ff .l: l::t $ *," .,""i ";,;j.
:;', l.T:.','""Y*i;;1 J"fl [;;; ;iil;,; 

ji ;#:,[ :;fl ::;,[ :'illgt
rn( rotroe.ng fo \-hdr r.prc.:n.. r \imutJrcd lrnqlnt algoj hr.

9r

ff:"';i:T't#JT'JS,iill",lTi:,n$.:,""u*,n,o ,ne oys,ar s'uc.Ifi ,ils fl: x;:ffi "ffi?J{r*",*'ii{;fi "':,i}y 
ji}tr,ii,:ijj.i};

:li:::l;i,ffi :T :#";*il:",*i,i;';]ff ,iiii#"fi:Jffi ,tuT:?;.t;i:ii*. ia",t, tr," ra"r",,.a"i""ieii; #;l#: i::[ffir.:

a
T

I
I

A similtupbbtem ecu^ in meratJugy when hatinaand coolinE meeh


