METHODS AND SYSTEMS FOR | MPLEMVENTI NG APPROXI MATE STRI NG MATCHI NG WTHI N A
DATABASE BACKGROUND OF THE | NVENTI ON [0001] This invention rel ates

gener al | ywoaoepaussszant predi cti on systens, and nore specipCirasboog/osises met hods
and systens for inplementing approximte string matching within a database
inrelation to joining database records contained wthin a bankcard
network. [0002] Historically, the use of "charge" cards for consuner
transacti on paynents was at nost regional and based on rel ationshi ps

between |ocal credi hyESHHRIARENSTSRRYYRORINPIIIBNTIRTChant s. The payment
card industry has sil\gg?@\%vg@ﬁg\dth theﬁ?ssui ng banks form ng associ ations

(e.g., MasterCard) aA#@PROXIMARE STRING MATGHINGANdEHINoR processi ng
conpanies (e.g., "Merchant Acqui rm% %‘%@ﬁnabl e cardhol ders to widely use
charge cards at any nmerchant's es B t, regardless of the nerchant's
banki ng relationship with the card issuer. [0003] For exanple, Figure 1 of
the present application shows an exenplary multi-party paynent card

i ndustry SWSHEGROUNER OHTHEJNVBNEIQN by- card transactions. As illustrated,
the nerchants and i ssuer do not necessarily have to have a one-to-one

relationship. Yet, ri ous_scenari.os exist in the paynent-by-card industry
today, where the cay(g)oi%sﬁ@fs Aavengoq eelatey gspera %tg’mn}g&ﬁqul .B’Eegﬁglgﬂi p with
a speci fi q.amrchant . mefe HpBURcAly, MRS ChaMmbds 4dd0AGtef ©or2 Impldntdnafg

mer chant s "accept a form ofp paynent card. One of fthe associations houses
name and apiioeiswmtd sifiog metdhimg Withint hdatakase in sfationrte heining datrbasticeprant

| ocations in Wncg r?r{gd to herein as a data warehouse. At the

t.1S refni
mer chant FYUYPE Wlt"”é\f'el?a, FHENEMYE nillions of entries in this data

war ehouse.

[0002] Historically, the use of “charge” cards for consumer
transaction payments was at most regional and based on relationships between local
credit issuing banks and various local merchants. The payment card industry has
since evolved with the issuing banks forming associations (e.g., MasterCard) and
involving third party transaction processing companies (e.g., “Merchant Acquirers”)
to enable cardholders to widely use charge cards at any merchant’s establishment,

regardless of the merchant’s banking relationship with the card issuer.

[0003] For example, Figure 1 of the present application shows an
exemplary multi-party payment card industry system for enabling payment-by-card
transactions. As illustrated, the merchants and issuer do not necessarily have to have
a one-to-one relationship. Yet, various scenarios exist in the payment-by-card
industry today, where the card issuer has a special or customized relationship with a

specific merchant, or group of merchants.

[0004] Over 25 million merchants accept a form of payment card.
One of the associations houses name and address information for thousands of
merchants and merchant locations in what is referred to herein as a data warehouse.
At the merchant location level, there are millions of entries in this data warehouse.
Many of the location entries are known to be duplicates due to fluctuations in name
and/or address information in the transaction data. For example, the same street

address can be written in a variety of ways, all of which are valid (e.g., 400 South
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Many of the location entries are knowmn to be duplicates due to fluctuations
in name and/or address information in the transaction data. For exanpl e,

t he sane woOne@iosssddr ess can be witten in a variety of wayas2aslosssss whi ch
are valid (e.g., 400 SouthFourth Street, 400 S. Fourth St., 400 South 4th
Street, etc.)- Nanmes can sonetines al so be represented in a nunber of ways,
all being valid. Current database technology is very limted inits ability
to identify entries with simlar field values such as nanme and address.

Thus, many,neak,duphyeat @Fg%% ?{' anbo @@Hﬁsﬂagﬁleéfeét@ hanjarhQCahi é%ﬂfetﬁ’fe@ ent er ed

into the data warehouseé. typi cal procéssing day for
associ at i alsp bt lnq:rreseaueé memumbmm@@scdhmldngd oCarrénd dstab@segechnﬂl@w mer chant
h es

| ocations) that. ne checked. f or pra | Ly five
mllion | bgc‘éﬁrl'ﬁi @ﬁt”? |1§§B§1t¥ &4 “U»fyt?ﬂ“ﬁest‘ﬁ 5‘5’?‘%‘9%? eﬁ%ﬂg Sucq(’ﬁ‘g% &cki ng
for matchgsd SRIVRS BHus! B8R néabQlu Puéd@@&ﬁﬁoham?amds%atmeraﬁaﬂmlédatisﬁsnarb ar names
and / or addresses can be identified as one entity, rather than several.

Addi t i onaktgrediiftotthedsiamaschorseaddr esses are too different, the association
can determne that an entity has noved, or that one entlty has ceased

operations and has E@@@y %ph Qalli_’;}’oc%gk #ﬂ#eﬁpmetaxsoc[laq P6ﬂhef'é%§a9@:ﬁ9 and

| ocati on matching pro m i s so encou I'n several other contexts
wher e thing Opabﬁﬁcﬂd;at@tdwum ('e}ge m@ssmeichritdocanans)tthatmicad) td beclbaked feir ehouse

vvlthtransactlonflles an fore Jists of rch nt .na ddress
(1 ocat i on&Ytehes éﬁaléi?té‘ptﬁ’%ﬂmﬁtﬁg’eﬁﬁ%%Q‘Ogﬁ&?%}o m%’i‘?i;a? feady v nﬁ‘d’f‘ SHM #8house.
I n anot herwa}é?l!oflg: p‘?ﬁé ¥he%l$ﬁl'§pl*0? mafcHel §3‘3rv9§c atlehst |16 §ulrgass. f Ohe alokai @S

nati onal retail be received, or lists of chain store names and
addr esses vxmhgshmllbe nmecse ane d .or faddezamsctsar l@ecﬂcmlﬁw BRIONE &NHIYR gatbPreth@at a

war ehouse i s ed he task of ,matchin I ai nst
known | oc&tYC Baﬁsafc@ftlc{nﬁhy’rlgi% Hages §F ddigpses af‘*o% ﬁ%%t \E/ana%g Cla{ %gf or
mat ches batteRgine tNE B 6ntity MG el bP it aﬂaemwhh@@eetse@ epemﬁoﬂsmrﬁu@b a
string matching algorithm Therefore, any solutions
been replaced by another entity.
[0006] This name and location matching problem is also encountered
in several other contexts where third parties provide the association maintaining the
data warehouse with transaction files and therefore lists of merchant names and
address (locations) which are used to enhance and/or validate the data warehouse. In
another third party example, a list of all locations for a large national retailer might be
received, or lists of chain store names and addresses might be received. A team

charged with maintaining the data warehouse is charged with the task of matching the

list received against known locations for the retailer or chain.

[0007] One way to check for matches between the existing locations
and new locations is through a string matching algorithm. Therefore, any solutions
that might be utilized for string matching should be scalable within the framework of
a database (the data warehouse) system. Third party solutions do exist for
approximate string matching. However, these solutions typically have one or more
drawbacks, including, the solution is cost prohibitive, is domain or tool specific, or

the solution is external to the database (the data warehouse) system.



that m ght be utilized for string matching should be scalable wthin the
framewor k of a database (the data warehouse) system Third party sol utions
do exi st wono@psszzi mate string matchi ng. However, theseCcsalsoasossss
typically have one or nore drawbacks, including, the solution is cost
prohibitive, is domain or tool specific, or the solution is external to the
dat abase (the data warehouse) system [0008] Therefore, there exists a
her et of ore unnet goal of devel oping a technique that would all ow a data

war ehouse teamto pﬁm‘o(g] MTRABRFAY] HBle& xR haRfh G dmaRs goRtFHcddopifgor der to
mat ch nmerchant records in a scalable manner within a database system The

desired regedhniguetthat weuld atlompadataamarchesarteane tel aedonm epProysRAle ApAB| e of

supportin t her downstream application or._exanmpl e il.izinga.hi.storical
transacti 8‘?1‘96&?555%%%1% i‘rb?rdf:ﬁ{?’dp%t(:% Pheﬁ?i@f‘gfcc%raﬁ d rs‘éarllgsbg% |ag§ésrqglrtl h
det er mi neyi datdtaSE GyREM. CAHeeH@ire@Nesilo warildadea fdonipathandlaiceuraBRistk
DESCRI PTI ON OF THE | NVENTI ON [ 0009] In one aspect, a conputer-based nethod

for char asteshouser icapabiatafh ByRpOBinga ol dﬁ‘ﬁ’é‘tséfeélﬂaﬁaﬂicéPo%% rioR oSXAMFa
plurality Hgfizigh%:ijs%&rﬁc% tﬁ%égealﬁpg? rdgﬁotrogﬁeéikp f\ﬁgrre‘é\?ﬁa%ﬁl Qaldoh-ARaSRonk Sn@r ovi ded.

The net hod i'nctudes yl ng set o erence character strings in

t he dat abaserminbéf thekareturlaivas acbemadd fromghe datent i fied utilizing an
optim zation search for a set of dissimlar character strings, b)

generating_an n- e ' f ne of the reference character
strings |%&Iﬁ5@€@&$@&§€&@mﬁgﬁ strings, c) generating an n-gram
representation for the candi date character string, d) determning a

sinmlarity between {dRoNn- % df: LGRICE LB BHitEase® iRt icAgaskemging) and d)
for the remaining reference character strings in the set of identified
r ef er ence matehingpbn cendiflaigsharaetdr tying it priurely fasharasiar stréMgaresetdsr string

LMD R BSO8R AL g SE R -
char act er rétehétdsharactérhgtringeint the idathbaet the reference character strings identified

utilizing an optimization search for a set of dissimilar character strings, b) generating

an n-gram representation for one of the reference character strings in the set of

reference character strings, ¢) generating an n-gram representation for the candidate

character string, d) determining a similarity between the n-gram representations, ¢)

repeating steps b) and d) for the remaining reference character strings in the set of

identified reference character strings, and f) indexing the candidate character string

within the database based on the determined similarities between the n-gram

representation of the candidate character string and the reference character strings in

the identified set.

[0010] In another aspect, a computer is provided that is programmed
to utilize an optimization search to identify a set of dissimilar reference character
strings in a database, generate an n-gram representation for a candidate character
string, generate an n-gram representation for each of the dissimilar reference character
strings in the set, determine a similarity between the n-gram representation of the
candidate character string and each n-gram representation of the set of dissimilar
reference character strings, and index the candidate character string within the

database based on the similarities determined in the n-gram representations.



[0010] In another aspect, a conmputer is provided that is programmed to
utilize an optim zation search to identify a set of dissimlar reference
char act erwetnéagssssn a dat abase, generate an n-gram r epPETAISL@BI083FSS Or a
candi date character string, generate an n-gramrepresentation for each of
the dissimlar reference character strings in the set, determne a
simlarity between the n-gramrepresentation of the candi date character
string and each n-gramrepresentation of the set of dissimlar reference

character strings, | ndexqtihe,oandi daleer Chakambeler-shdel NGndthddi far t he
dat abase based on the él mﬂfasrt¥ti es?rgeet e?ﬁr% r’1¢d icn Phgr n- gram
r epr esent approximafedthatchingl of = tardidate cidnanteragtipeg to a seicoimsiarencelshewdtefret hod

for approxi.,mate. mtchi of a candidate character.str.i to a f

| of oot o ¥ines il et vy TR e GRELRREE pithnddy' SefhetBL ol

i ncl udes | neindirghtadeharioRBR M Bhdafatd\cHikaeIseRierenain eprakntatienscindi dat e
character string to n-gramrepresentations for each reference character

string i neachaeformnce tharegter wriegincheseiof spfernes ehysacterriiringsnandadenAGUiag bi nary
ppdex val uelntinde? 12 I%gg%tﬁ%]g?sg‘é‘fa&ﬁ.*i'fi?tﬁ%?’&ﬂ&iﬁ%%h&{%ﬁ%ﬁ%ﬁ gkingy the

bi nary i nf simlari etween candi dat e c¥1ar acter

string anghder&hluefindibingef ShaReE ehagenche carklidatd gisaradbdr! dhfin OBCEAcRDEON OF
THE DRAW NGS [0012] Figure 1 is a schematic diagramillustrating an

exenpl ar ytheu renﬁaplwa%@wm& card industry system for enabling ordinary
paynent - by-card transactions. [0013] Figure 2 is a sinplified block diagram

of an eerR'IE‘FE)BS‘mWT tOPTHE ISRAYEINGS Chi tecture of a systemin

accordance wth one enbodi ment of the present invention. [0014] Figure 3 is
an expanded bl ock di agram of an exenplary enbodi nent of a server
architecture of a s{itdh Figue doisdarsckemgtichdiggrame iistTtiRg @n ofepméarpr esent

i nventi onmum_p arty payment card industry system for enabling ordinary payment-by-card

transactions.

[0013] Figure 2 is a simplified block diagram of an exemplary
embodiment of a server architecture of a system in accordance with one embodiment

of the present invention,

[0014] Figure 3 is an expanded block diagram of an exemplary
embodiment of a server architecture of a system in accordance with one embodiment

of the present invention.

[0015] Figure 4 is a flowchart illustrating high-level components for

an ensemble aggregate merchant prediction system.

[0016] Figure 5 is a flowchart illustrating operation of a scoring

engine associated with the ensemble aggregate merchant prediction system.

[0017] Figure 6 is a flowchart 250 illustrating data that is input into

an algorithm that classifies merchant locations.

[0018] Figure 7 is a flowchart describing an algorithm that classifies

merchant locations.



[0015] Figure 4 is a flowhart illustrating high-level conmponents for an
ensenbl e aggregate nerchant prediction system [0016] Figure 5is a

f | owchar twol2basgissssi Nng operati on of a scoring engi ne as®oTiust@d/osdssh t he
ensenbl e aggregate nerchant prediction system [0017] Figure 6 is a
flowchart 250 illustrating data that is input into an algorithmthat
classifies nerchant |ocations. [0018] Figure 7 is a flowhart describing an
al gorithmthat classifies nmerchant |ocations.[0019] Figure 8 is a diagram

i |lustrating nmerchan)ag9reaat ¥Sisahdispein iRGstH@iey TREBart hegregh@s Sinfli cation

system [0020] Figure 9is a flowhart illustrating determnation of a set
of ref er engeasteuaentsrin gickdssifisatiagrsypieinaci pal components, within a dat abase.
[0021] Figure 10 is a flowhart illustrating utilization of a set of

Char acter string. DEYATLED BEadrr IRk M e niesRsg £ fhar

enbodi mentefedasctiabrter Re g Noripeinaipel dompnestsfwithieatdambhdeod for retrieving
approximate string (e.g., character string) matches in a database, while
not having to conpute a simlarity ric on . the entire database. Through
approxi mate string H¥XHi A’gg,ur? a0 @xgﬁﬂ"@?‘%fqmﬁﬁé‘f’%éﬁﬂﬁzﬁt&% bR ﬁ%t‘)} t hat
varies songwadte ifnGOBHEREminTB GRASrityndtAE MrlatAngideRBadblersihped. This
efficiency 1's acconplished by generafing a binary index capturing a
relative position é)a degree of matchi ngé of each string with respect to a
set of reDHIAEEDPESREIPESENMFNEHE INYENTION strings for the field being
mat ched. Wil e described in context of merchant names and | ocations o
associated with the}[pl{é%g AP QN6 R o frfehd2BGcAbed rh%%ﬁ%la&)é" G4 SYGERM Tt TS
important to note that the approximate string nmatching technique Is

appl i cabl enctitodfor estigeiiey ajprodsiate sitied(eqs, dhafaotematringhmatshes mvedatatiase, e

instead of nmatching, character str.i .
while not ha%ing to compute a simﬂgrslty metric on the entire database. Through

approximate string matching, for example, of received location data that varies
somewhat in content, matches in location can be determined. This efficiency is
accomplished by generating a binary index capturing a relative position (a degree of
matching) of each string with respect to a set of reference strings spanning a space of
strings for the field being matched. While described in context of merchant names
and locations associated with the operation of a financial transaction card system, it is
important to note that the approximate string matching technique is applicable to more
general tasks such as information retrieval where instead of matching character strings
of merchant name and address information. One example is utilizing the technique

for the matching of documents within a computer system.

[0023] A technical effect of the systems and processes described
herein include at least one of (a) a technique for performing approximate name and
address matching in order to match merchant records in a scalable manner within a
database system (b) allowing for the determination of a similarity metric for a
candidate character string with respect to each of a plurality of reference character
strings; (c) generating a binary index that captures each candidate character string’s
relative position to a set of reference character strings that spans the space of strings

within the database for the fields being matched; and (d) retrieving approximate string



of merchant name and address information. One exanple is utilizing the
techni que for the matching of docunents within a conputer system [0023] A
t echni calwef2h@uisssss t he systens and processes descri bedPoeruseevsiosssBiide at

| east one of (a) a technique for perform ng approxi mate nanme and address
matching in order to match nerchant records in a scal able manner within a
dat abase system (b) allowing for the determnation of a simlarity netric
for a candidate character string with respect to each of a plurality of

ref erence,ChaLaclifeersh CAT e &l?a}acﬂ&@?rh@dnﬁgt dutdbafiathit donekns 4 plataligapt ur es
each candi date character string's relative position to a set of reference

char act er oftharantes stringtrespdnwithplet hapiagdo esmpuete ithryEimilprityi metrip dordhe abase f or
the fields being, matched: ,and (d) retrieving approxi nate stringnatches
bet ween a ‘&téfﬁd]iagg?sg (Cgﬁ%ﬁog er string and a database that contains a
plurality of character string records w thout having to conpute the

SlntT Llarl ty metric fpoo2uhe [eohd érﬁb(ﬂﬂmahlageomf)utegmﬁﬂm is[26dddd, knd dree
e odl nent, a corrput er rogramis provi ed an t ram i enbodi ed on
a conput eProgEpifrab mxp sorapyies readable medipm, goad a g‘iﬂgﬁ“ﬂ!ﬁi&}&@fe (SQL)

with a cl h?%éua%? gs;%fé)p\gﬁﬁ B%ﬁ@ntfl.lrsmhfeﬁ%ge frGft- &Q%P&cﬁﬁﬁ%ﬁf?&h ﬁﬂph@emeb

interface user i1 nput a reports. In an exenplary enbodi nent,
t he syst eintérfaceddr eamalatdedbenimgut andrmaportm Ia abmsempkasy@nbodllylentmheanet I n yet

anot her enbodi nrent temis fully access | ndj vi dual s havi ng an
aut hor i zeay%%é%‘é’elbiﬁagfe&@}@ﬁ%mﬂ %ﬁeﬂtﬁ%fﬁ E%’e MOMY t hrough the
| nternet. ol Bodindetf, ttlﬁl@é’ysf%ﬁ?@?ﬁlw YccBEERQEY Wldufll?ﬁa\ﬁﬁ@h@ﬂ%th&lib@laﬁgesﬁUn in a
Wndows(r) environment (Wndows is a registered trademark of M crosoft

Cor por at i ontsidRéhiniirevall\ed gt buginess-entitn Sreyghl the intemet. ils affwémrmxema}@w desi gned

torun in.yv us ent ,envi ronne i.n y maj or
functi onaFf“??} b%@e] Sy‘f{?gl ‘é;}’%i“érﬁ%“ g’n%l%?% Stgéé]gnglré)%%nﬁémq M to the
specific gégm@fﬁdma&&n&%@ MibRgofh €ogiofationRadidobiid, Washq:gmagnems of each
system and eac

Y application is flexible and designed to run in various different environments without

compromising any major functionality.

[0025] The systems and processes are not limited to the specific
embodiments described herein. In addition, components of each system and each
process can be practiced independent and separate from other components and
processes described herein. Each component and process also can be used in

combination with other assembly packages and processes.

[0026] By way of background, Figure 1 is a schematic diagram 20
illustrating an exemplary multi-party payment card industry system for enabling
ordinary payment-by-card transactions in which historical transactions are utilized at
least in part with an ensemble aggregate merchant prediction system. As utilized
herein, aggregate merchant refers to a high level grouping of merchant locations.
More specifically, the various individual merchant locations for a retailer are
aggregated together (e.g., linked to one another in a database) to form an aggregate
merchant. One merchant location is therefore a component of an aggregate merchant.

Typically, an aggregate merchant is utilized when referring to a chain of stores and



process can be practiced i ndependent and separate from ot her conponents and
processes described herein. Each conponent and process also can be used in
conbi nat iwo 2% dsssssher assenbl y packages and processes. PLOARBJosByss8mYy Of
background, Figure 1 is a schematic diagram 20 illustrating an exenpl ary
mul ti-party paynment card industry system for enabling ordinary
paymnent - by-card transactions in which historical transactions are utilized
at least in part with an ensenbl e aggregate nerchant prediction system As

utilized RpoeLR ar@gg%}%@ﬁ%@ 1R ARt fuftBéed SR dendhéiBNbdsed eh Liehtirng of
mer chant [ ocati ons. re specifically, the various 1ndividual nerchant

| ocat i ons fitkirvalues etoadd iera databasgyofrteapaactignideiget her (e.g., |inked to one
anot her in a database) to form an aggregate nmerchant. One nerchant | ocation

is therefore a Commln%g%?es%&gﬁlg Oltogl rgﬁge? Egg]Epag;W;Hf. Gl ls%itelﬁ,nsu%ﬂgr egate

merchant is utilize referring 0 tores andl ocations are
aggr egat eds t pggbdiercardspaytiehhesyswees asinge theh dvissterCalkils eidtenchaaganuntide of

field values stored in a database of transactiaon data 0027], Th resent
i nvent i onMasteat#d® inteichingenihp PErEIAEY §P@H}““éﬁ98ﬂnsa§t&%daé‘£ @mﬂe‘h&?}F‘ﬁ bgayrrent

syst em UShigid0&dYRRLEHEAL Fhéorpbrataebpfiatxethige Vrahaldaidntdibhianchange

is a proprietary conmmuni cations standard pronul-gated by Master Car
| nt er nat i bealeeh nfinanial atrestifution$ othat hare exchiege off MasteaGandallnternatigealt i on

data between finangial institutions, th are of terCard

't or nat | JHAMPIHESP IMEERE T el g, PPt PERTBRE of

Mast er Car ‘ﬂndo%&ét@@idc%ﬁ'in bpcAsRONRefbrkpcated in Purchase, New York).

[0028] In a typical paynent card system a financial institution called the

"issuer" issues a paynent card, such as a credit card, to a consuper, who
uses the payment caf@f28b deadericspprment cruksystepyadiaadakingipaonedefant . To

2CECPt POUER gk A RN 4 G, APLALER, DL, gt o

paynment syayméent cahl © téndeapaymeént for a purchase from a merchant. To accept payment
with the payment card, the merchant must normally establish an account with a
financial institution that is part of the financial payment system. This financial
institution is usually called the "merchant bank" or the "acquiring bank" or "acquirer
bank." When a consumer 22 tenders payment for a purchase with a payment card
(also known as a financial transaction card), the merchant 24 requests authorization
from the merchant bank 26 for the amount of the purchase. The request may be
performed over the telephone, but is usually performed through the use of a point-of-
sale terminal, which reads the consumer's account information from the magnetic
stripe on the payment card and communicates electronically with the transaction
processing computers of the merchant bank. Alternatively, a merchant bank may
authorize a third party to perform transaction processing on its behalf. In this case,
the point-of-sale terminal will be configured to communicate with the third party.
Such a third party is usually called a "merchant processor” or an "acquiring

processor."

[0029] Using the interchange 28, the computers of the merchant bank
or the merchant processor will communicate with the computers of the issuer bank 30

to determine whether the consumer's account is in good standing and whether the



institution is usually called the "nmerchant bank"” or the "acquiring bank"
or "acquirer bank." Wien a consuner 22 tenders paynent for a purchase with
a paynentwoana/gsdsso known as a financial transaction cacw)us2aosmssmss chant
24 requests authorization fromthe nmerchant bank 26 for the amount of the
purchase. The request may be performed over the tel ephone, but is usually
performed through the use of a point-ofsale termnal, which reads the
consuner's account information fromthe nagnetic stripe on the paynment card

and Commp'g{?ﬁ&s%s i€ hg&égﬂugf Ald YoMdubfer's NRallERBSAEdI AheD! BRSS! A1 thAEPUL er'S

of the me ant ba natively, a nmerchant bank may authorize a third
party to geefroinatiensattsaciguest for eudsszatipnowill bs dsehmdds or pecepieids Halde, t he
point-of-sale termnal will be configured t 0 jcate with the third
party. SufSHUsStinRGegPsdanAuthorization ?Vg&%ﬁsf%gq%%ﬁ%rgh?ﬁt processor" or an
"acquiring processor." [0029] Using the interchange 28, the conputers of
the merchant bank o[0030% MeEh@hanrtquesofigsattioridalibn ¢oaraepiedathe availablehe
conput ers of the issuer bank 30 tqQ determ ne vvhetUer t he consumar'a account

i's in goo@reditdiei HeoarmearsRint thdparerasd iNOTEREr BEHBE 1HROASHmer * s
avai | abl e ar.eg, ell)ll 'tgga dg@ﬁﬁﬁefgg" ABERR HRLELMARERN SassddMRichEAUESE akOr

aut hori zatron w Ined or accepted. If the request is accepted, an

aut hor i zaMaterCarddniesnadtionalddcdrpotated Rytaed promul§BeB ajlesthehdanpiedlovse f or

aut horization is accepted, the available credit |ine of consuner's account
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CONSUIMET " oAbt QU N IRACAHRFHARMGHS Or BSITREd el QIbEs oF Weri@s, Mastherchitd

I nt ernati onal | ncorporat edé’r), have promul gated rules that do not allow a
yu

ner chant tapteteathe transactiom by ufas, exampte; appwetingndaimentry goergduigp onsthepped or
services are, delivered. W‘i?n a nmerchant shi .deliyers . dg or
Servi cos, PRORSHY firRbnalagf & SuTFRE" Al X PiuRlugiChot 1 ueptiRate
appr opri atgigdatif gemdritéd Pr PCL dufiRsed tefuf® Peddat aft -thel teanbatioh neds. beehi a
consuner cancels a transaction before it Is captured, a

captured, a "credit” is generated.

[0031] After a transaction is captured, the transaction is settled
between the merchant, the merchant bank, and the issuer. Settlement refers to the
transfer of financial data or funds between the merchant's account, the merchant bank,
and the issuer related to the transaction. Usually, transactions are captured and
accumulated into a "batch,” which are settled as a group. Data that is associated with

such transactions, as described further herein, is utilized in the art of predicting future

purchasing activities

[0032] Financial transaction cards or payment cards can refer to
credit cards, debit cards, and prepaid cards. These cards can all be used as a method
of payment for performing a transaction. As described herein, the term “financial
transaction card” or “payment card” includes cards such as credit cards, debit cards,
and prepaid cards, but also includes any other devices that may hold payment account

information, such as mobile phones, personal digital assistants (PDAs), and key fobs.

[0033] Figure 2 is a simplified block diagram of an exemplary
system 100 in accordance with one embodiment of the present invention. In one

embodiment, system 100 is a payment card system used for implementing, for



"void" is generated. If a consuner returns goods after the transaction has
been captured, a "credit" is generated. [0031] After a transaction is

capt ur ed,woheosasssssacti on is settled between the merchamcy/usb@smessehant
bank, and the issuer. Settlenment refers to the transfer of financial data
or funds between the nmerchant's account, the nmerchant bank, and the issuer
related to the transaction. Usually, transactions are captured and

accurul ated into a "batch,” which are settled as a group. Data that is

associ at egxéﬂ‘fgﬁl@, &%ﬁni&é@'ﬁ%ﬁ&t&%ﬁant%laﬂ_@%ﬁﬂsbﬁﬁilé WIsbhgochgihgiistofical ut i | i zed
in the art of predicting future purchasing activities [0032] Financial

transact i datacasolsated iy rtiem tragsactiense adn raspother tembodiaent. xstess, 1Mebi 8 car ds,

and prepaid cards. ,These cards can.all .be . used as deof . nment for
per f or m nBa%n‘iI}Ia?ﬁdothS%m’ lcge%%lr Phe g eﬁ’ﬁ,acf %llen%t %@?nggf fogalﬁ@?tégg

transacti gihcesdiil codes tofRYAppNEd ©afdmehNedrida@ionsar ds such as credit cards,
debit cards, and prepaid cards, but also includes any ot her devices that

may hol d paynment account information, such as nupbil hones, Per al
digital assistants [#BAb) MeRcPRe{ictlybdn ﬂ_[lfbe%%]lplﬁiegﬁﬂro lllzéfitssyéeél?ﬁﬁ i fied
bllock di ag{-aM.0t (AR LXRIGM P, aY St w%ﬂcﬁemgrsgaeﬁﬁ, M RrgRR @rgodi ment
of the present i1 nventi‘on. [n one odrrment, systém 100 is a paynent card
syst em us eliert atystemp| Elde ebhngteds ar esraempbystent Udonii ede i epshodimends chentt

rel ati onshi ps whj] e al so processj.ng historical data associ ated w,t.nh the
transact i 8™y ﬁi4aﬁ‘€twgfp%¥%8&$ a @s@r%‘??@“q stgﬁt %Wﬁftelgawg Syst em
whi ch can,besdbi! 12 @HektY speGRYNT 4hadid Btglzfﬁﬁerh&pu'[@l'ié?ﬁ BLREBS 31 Ndarg0des to

be applied to paynent transactions. _ More specifical I?(/, in the
exanpl e eferdonmented tg yhwt katarn@ ghiongh ey interdacey éncleding & metiviozk, ek aga

R e
conput er s njodemy dhd GpeRialMalppevs ESDNdimed) Chait systemern 14 ¢sthldrbelsh? desice
capable of interconnecting to the Internet including a web-based phone, personal
digital assistant (PDA), or other web-based connectable equipment. A database
server 116 is connected to a database 120 containing information on a variety of
matters, as described below in greater detail. In one embodiment, centralized
database 120 is stored on server system 112 and can be accessed by potential users at
one of client systems 114 by logging onto server system 112 through one of client
systems 114. In an alternative embodiment, database 120 is stored remotely from

server system 112 and may be non-centralized.

[0035] As discussed below, database 120 stores transaction data
generated as part of sales activities conducted over the bankcard network including
data relating to merchants, account holders or customers, and purchases. Database
120 further includes data relating to rewards programs and special offers including
processing codes and business rules associated with the different rewards programs

and special offers.

[0036] Figure 3 is an expanded block diagram of an exemplary
embodiment of a server architecture of a system 122 in accordance with one

embodiment of the present invention. Components in system 122, identical to



accessible to client systens 114 using the Internet. Cient systens 114 are
i nterconnected to the Internet through many interfaces including a network,
such as awbao@lossssea network (LAN) or a w de area netwoPKT(U82008/085585

di al -i n-connections, cable nodens and special high-speed I1SDN Iines. Cient
systens 114 could be any device capable of interconnecting to the Internet

i ncl udi ng a web-based phone, personal digital assistant (PDA), or other
web- based connect abl e equi prrent. A dat abase server 116 is connected to a

dat abase é&ﬂg&%{@m n F@,@gﬂ@%ﬁﬁ g@d@)r@Z afrk @iohtifibd TRIAERS 3 WRned@scr i bed

bel ow i n greater detai ne e ment’, centralized database 120 is
st ored onsaet wderesoestuamrdls 2s ased io dngure 2aSysisweP2ipclpdeseservealsysiemrid2at one

of client systens 114 I in nt ver .syste 2 th of

ol i ont - sySRLRRST BTy T4, SPReT AERTDA | 2BUar E e R aBae S0 e, or ea
remotely B%Iﬁﬁhﬁ&{ ¥@Verdpa! £@eh IdvanayaYabserian28entiiredtbzadrvel 09Bahd As

di scussed bel ow, database 120 stores transaction data generated as part of

sal es act pvinail eerverohtlcPedisk\staragenenipdak dneenmed (b Antabase sgrvichd 1 6 and
| ati h t . :
rel i ng LigABLGIRANE $50.086000N d%"ii’fﬁ?éofzsc‘i’?é QNE"1S2 326‘%)1%%(&9%518&

Dat abase inc ata relating 16 rewar rograns ané speci a
of fers i nateddiehgorRr@2@9Siley Goddditiamda byssém edministrasr'avedciaivbad 38 ah t he

different rewards prograns and speci al offers. 036] Figure i n
expanded B#‘éc‘?@r&ftét@?ragﬁ‘%fangrﬁ SHERPIUS YV H‘i’%&f apF loé‘pl‘fgir \?eLngr i:}ﬁa'lt ecture
of a syst g’ﬁef‘n%?ivél?, %glg%ﬂi%ﬂgqygﬁ' tlﬁ'?,oé}ﬁi ePfl EBHleP ko 1N P3BSEg apvent i on.
Conponents 1 n system , I dentical toconponents of system 100 (shown in

Fi gure 2) Intamet lirdeortaré caohectad FirgughearGIntrangig t he sanme reference nuneral s as
used in Figure 2. System 122 includes server system 112 and client systens

114. Server SySten]ﬁﬁé@ﬁu%%@?%%£Q§%E%§?@gﬁh%2§@fé§§E¥§%?é$gﬂ‘%HI%&Rlication

server 124, a web s ory server 130, and
a mail serydhg 132vebAbfbvwskr. St AMBEREhU et fkiddonsS pedorphedd at had atcrkasibnser ver

116 and typically are illustrated as being performed at respective workstations 138, 140, and
142, such functions can be performed at one of many personal computers coupled to
LAN 136. Workstations 138, 140, and 142 are illustrated as being associated with
separate functions only to facilitate an understanding of the different types of

functions that can be performed by individuals having access to LAN 136.

[0038] Server system 112 is configured to be communicatively
coupled to various individuals, including employees 144 and to third parties, e.g.,
account holders, customers, auditors, etc., 146 using an ISP Internet connection 148,
The communication in the exemplary embodiment is illustrated as being performed
using the Internet, however, any other wide area network (WAN) type communication
can be utilized in other embodiments, i.c., the systems and processes are not limited to
being practiced using the Internet. In addition, and rather than WAN 150, local area
network 136 could be used in place of WAN 150.

[0039] In the exemplary embodiment, any authorized individual
having a workstation 154 can access system 122. At least one of the client systems
includes a manager workstation 156 located at a remote location. Workstations 154

and 156 are personal computers having a web browser. Also, workstations 154 and
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directory server 130. Servers 116, 124, 126, 128, 130, and 132 are coupled
in a local area network (LAN) 136. In addition, a systemadmnistrator's
wor kst at iwo 20898s&s5user wor kstati on 140, and a supervi seCTASaMmels3sas i on 142
are coupled to LAN 136. Alternatively, workstations 138, 140, and 142 are
coupled to LAN 136 using an Internet link or are connected through an
Intranet. [0037] Each workstation, 138, 140, and 142 is a personal conputer
having a web browser. Although the functions perforned at the workstations

typically g grei dohHigtiea s doRmuRRRONRIE &6 B Gt 1 12 SPRHIMEraiksehaki ons
138, 140, and 142, “such functions can be pérforned at one of nany personal

conput er s 1zsmcphmuhitc@temﬂth:raﬁoteMDk@cdaclﬁmsysmms,, inchglingym gliand 3ysd¢ra 156

illustrated as _hei.n ssoci ated w.th separate functions o to facilitate
an under sP%{H%IPﬁTjeR}’IO%F%E‘d?F’f é‘ifé?{m?y%‘é%‘ﬂf%‘f?d&ﬂ&?%h‘%“ﬁ ea‘fvmééﬁheggh%grfor med
by i ndivi ng%aénss viing -a8q8sas WellLAN 136. [0038] Server system 112 is

configured to be comuni catively coupled to various individuals, including

enpl oyees 144 and to third parties, _e.qg., account hol ders, st qners,
auditors, etc., 146[Q0hgFigyrg &ps Ian@‘é’f"%@ft Wonilstratng @&%?e‘*?ﬁgm@%‘i‘ﬁﬂni cation
in the ex | LS ' Ugkigg the

I nt ernet, gﬁ%{%‘g{%?%g%gé gi?lﬁéglh%n{dg égf%rgs@%lgg\’/\gf ﬁ%&/&ﬂl\ﬁ&%&gg{aﬁ%nilgat i on can
be utili zegtdnn whdrercachxodipoaentsprovides ,a predictipst relatingrid ppaatessest are not

limted tq bei i ing the Internet. In addition, and_.rather th
VAN 150, Ropa SFBEHER B TAE oL PR CRBT HYp) e aROyRR 508%  ose]

In the exgril®iby 8 FRAMLE MERYibe®NYhRUEAREAZRD A RetiMiFHdad sdirMtini rafeyyeg kst at i on
154 can access system 122. At |east one of the client systens includes a

manager wor ksamensmbls pradintiane dmg exammernelevand éathcormbodsmpats sleswibed 154 and
156 are personal. conputers havi.ng a web browser .. r [ 154
and156 ar erfglnlpf’lé‘g?se gf%gaieéiﬂﬁ%lf:@%'}setn% rtc%tcsté)rr\%?wésa&yélt%éc%gﬁtllg% urt ner nor e,
f ax ser veWHiREnGodIEd Mettrespedl toIFigiasat gl yhel ppedittash alpdrithins ayesmeresfully ncl udi ng
a client system 156

described herein.

[0041] A first component is a similar locations prediction algorithm

202 (sometimes referred to as a k-similar location prediction algorithm) which is

configured to retrieve the “k” merchant locations that are most similar to a given

merchant location. The prediction algorithm 202 is further operable to classify a

group of similar merchant locations as a mode group from among the retrieved “k”

most similar locations.

[0042] An Aggregated Locations as Documents Prediction algorithm
204 is utilized to compute a relevance for every field and field value relative to each
aggregate of locations (a high level grouping of data) in the space of known values.
the results are stored as a document. The most relevant values from these documents

are utilized to generate the prediction.

[0043] A Third Party Data Prediction algorithm 206, including a
location matching system, is utilized where the prediction is associated with a
particular third party brand. At least one input to the algorithm 206 includes
transaction records, received from a third party, which are utilized in generating the

prediction. In one embodiment, the prediction is generated after location matching to
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using a tel ephone |ink. Fax server 128 is configured to conmunicate with
other client systens 138, 140, and 142 as well. [0040] Figure 4 is a

f | owchar twBQ0ogdskasst r at i ng hi gh-1evel functional conponentraskaxs/08sses

enbodi ment of an ensenbl e, or aggregated, nmerchant prediction system where
each conmponent provides a prediction relating to operations of a financial
transaction card network. The predictions are then aggregated into a single
predi ction as further described. This aggregation of predictions is

somet i mes .ah & Ledy 19 35uR iCRIRIRLE RNEEhESdaPRignthfe PXAMROR alg@kigant to

t he enbodi nent s glg}écri bed herein includes aggregated predictions that
rel ate t o208 cai aneobdimenthfrwhiklo ésabasod laigels onvib¢riferd’ nkawdendetiriier basedspect to

[0041] A Phrks OBERBGHERT TS o PPy TElsCRreands rtr ST BRL o8 rdfim 202
(soneti mesohehiey UadibuRioasSidentficl BY | BénfbCat iaorelArveni consiileral @aniner hig) whi ch
is configured to retrieve the "k" nerchant |ocations that are nost simlar

to a gi veinchisied imfowcharh20GnTherpredjstieniresuiting oy glgaritm 208 besomes thaer

oper abl e I i i ml.ar. %Q@{[gt LO6ag 2egqgde group
from armngl%tu e&‘rsléf%tl}/oélget t%e%est%cg}r% létr ‘oca i%%\tsm?%rggg]caﬂﬁ ,g\ggr egat ed
Locat i onses$ hachuneidcatiéii.edi cti on al gorithm 204 is utilized to conpute a
rel evance for every field and field value relative to each aggregate of

| ocations (a high |evel groupi f data), in the space .of known ues. the
results are stored E‘%Mﬁ] d@cu’%@ﬁ%e?ﬁf@“%é]t PR eévﬁ’ﬁ Vartes “f¥'Bm ﬁfjese
docunent s emdhichif etadie iGRRETARIAGLPIABLS HeOpredROE o ABértinBar ty
Data Prediction algorithm 206, including a |location matching system is
utilized @b2r2d4t 2, pnéddEtd dateriminagrovp imenershinsianzonghe dafaltiat ixwawly party
brand. At relcgf%% 4% o tlcj)%edt \Qvithf?]ea %la%%aslet. hmnzgx%n{pﬁ]g lo%'qges data is merchant

location data. In at least one embodiment and as further described herein, merchant

location data within the database is described in terms of location and distance, for

example, a number of merchant locations that are within a given distance from a

given location. In at least one aspect, location and distance are not necessarily

geographic, but rather are based on a similarity as calculated utilizing merchant data

stored within the database. In certain embodiments, location and distance are based

on a similarity as measured by a cross-attribute, weighted, term frequency/inverse

document frequency (TF/IDF) calculation for field values and field tokenized values

within the database.

[0045] Figure 5 is a flowchart 220 illustrating operation of the
scoring engine 210. Specifically, the scoring engine 210 utilizes 222 the merchant
location predictions from algorithms 202, 204, 206, and 208, along with meta-data
regarding the predictions in an Oracle Data Mining (ODM) application 224, to
describe circumstances surrounding each individual prediction, then produces 226 a
final prediction, from the aggregated, individual, predictions. This final prediction
may be in regard to a merchant location. The application also produces a confidence
score associated with the aggregated predictions relating to a plurality of algorithms
202, 204, 206, and 208.
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transaction records, received froma third party, which are utilized in
generating the prediction. In one enbodinent, the prediction is generated
after | ocwDi200/088856hi ng tothe third party data source i Cparsbasoestss A
Nunerical Signature Prediction algorithm 208, an enbodi nent of which is
based largely on Benford's Law, and further based on the observed tendency
for nmerchants bel onging to the sanme grouping to diverge fromthe
distribution identified by Benford in a relatively consistent manner is
included in flowcha 6048 0 EadiBf H{e%hﬁallgeﬁthh%szdzt h0g, 3060 Th@h09hkd hew 208
beconmes the group o ations that have the nost simlar nunmeric
distributdmmﬁh@imadﬁamedwkmnbach mer chant | ocation. [0044] A top-I|evel
statistical nodel and scoring engine 210 inplenented in Oracle in one
enbodi nent, utilize r ms 202, 204, 206, and 208
to determ ne group ﬁ%ﬁgﬁ 3%5 %@ﬁ%l gﬂg tgﬁyﬁk$ is newy received and /
or stored within a database. An exanpl e of the data is nerchant | ocation
data. In at |east o[®48)rboiHuiebtis arim“a:&axftab't)hkhustxdﬁﬁgdhﬂaahathelirqjuninmerchant

| ocation data within the database |s Eescrlbh nter Iocatl n and
di st ance, a1 akgoibanpiethabclatsHirsmehans leAuoRs f’éftda‘?l} B aﬁ‘é}f for el n a

gi ven di sh30iaiof SOAMAID! Yefke PIGLIG to kN rBlls! FIBLuRAT0ARARALs 2400k on and

di stance are not necessarily geograp r at are based on a
si m | ari t yredsioealta bk ateadingful lin memgntmt axﬂr&mlvmgacthamsctrmoﬁdctwnt(hgn gtchm)

dat abase. In . certain,e S ocat .on..and t ce.ar based.
similarit{egwe %ﬁﬂgﬂ’%gaﬁ sd.i‘?ta%l?ster‘? B%‘E““%édj&at %Drt%‘e ARdncial "
frequency{hi\MeiGR ARE Uﬂa‘dlhoﬁdu%quﬁa %ém( d Eél'l}DEéw@ h 23dafbn B@t&betsb ekd val ues
and field tokeni zed values within the database. 5341 Figure 5is a

f | owchar t aleag withl their rasaomgpda}wr/@hamg«td b)fcatnmwecmn@tnw gerpsovided to the

o edi ot | oo RN RS SeRitbln ARi%80s. ol ong w th mota data

regarding the predictions in an Oracle Data M ning (ODM application 224,
to [0049] Figure 7 is a flowchart 280 describing one of the algorithms

(algorithm 202 shown in Figure 4) that is utilized to classify merchant locations into
group memberships. Algorithm 202 utilizes at least the data described with respect to
flowchart 250 of Figure 6. Specifically, the merchant location data within a database
is searched 282 for a number (k) of locations that are within a given distance from a
given location. Additionally, locations within the given distance are searched for
similarity to determine 284 any new and/or changed locations. A mode value is
determined 286 by classifying the merchant locations that occur among the (k)
locations within a particular feature space (an area from which transaction data is
input into the algorithm 202). The most frequently occurring value that results from
the classification of the (k) location records has the highest weight and is referred to
as a mode value, determined as described below. This mode value is returned 288 as

the prediction from algorithm 202.

[0050] As further described below, the fields (location coordinates
252 and 258) are tokenized and the inverse document frequency is computed for all
tokenized field values spanning the feature space. In one embodiment, for each
location, a sparse matrix of weight metrics is computed for each field value and each

tokenized field value as the term frequency/inverse document frequency. The
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descri be circunstances surroundi ng each individual prediction, then
produces 226 a final prediction, fromthe aggregated, individual,

predi cti onNe.2000issssEi nal prediction may be in regard to acwarsedvamssskdcati on.
The application al so produces a confidence score associated with the
aggregated predictions relating to a plurality of algorithns 202, 204, 206,
and 208.[0046] Each of the four algorithnms 202, 204, 206, and 208 are now
described in additional detail. [0047] K-Simlar Locations (algorithm 202)

[ 0048] Fi B : snks| ol j otfferilédatbn i Nt 0 an
al gorit hn?%gg;tlgﬁg?lugllggsi I g(gbbr,re??ﬁglrr\%r?téi?%r{:g)tb?%t%sﬁ%gg%gb%z asimlarity, for
exanpl e, felddastd anorsi arinhere of fieldAypeandoield walaei on | evel fields, or location
coordi nates 252, that are known to be neaningful in the context of deriving
chain or collection : I rShLP .S 1L deRiiqf.i rQm: at abase
of institutions 254[40%? 3@%8@#9‘% Wg?r rq)ﬁlgﬁllé?gioc?tr’@g’sgéltd itgﬁecs!; 483333‘@11 g

Addi t i onakdryterrflatatuck) oa ergaidkyndend ¢haageded asaleb@ibedah ahagparapbdphal ong
with their associ ated new changed | ocation coordi nates 258 are provided to
t he bel owbeleWeri bed merchant |ocation classification algorithm [0049]
Figure 7 is a flowhart 280 describing one of the algorithnms (al gorithm 202
shown in Figure 4) i t bz e i hifkht! Nt o
group menber shi ps. Eﬂlggll ?R%Ig%%&ugi fl?%tggqg? {:éeﬁégtﬁg Sﬁéem%\ée!tr%cggicri tt)ed W th
respect t refuemey bfiall fi2ldo/abfes BEndytokeni@ed Bpldoiafucs.aintl yn onhembetimininspanscat i on
data wthin a.database is searched.28 or a nynber. (k f, locations that
are w t hi A% SYPTEPTS i'? %\ﬁ?:e&‘élcrgﬂl?oéh@i:éeﬁefeo%ﬁ? ﬁ%?nsﬁéﬁhcﬁgiﬁglm ,Chafn(gcati ons
wi t hin th@atg%d%?ncdél'es'faﬁnﬁﬁer%rﬂ( s ahiedafiod (FCA) lcaad,t ¥ BRinded eeglbomea284 any
new and/or changed 1 ocations. A node val ue is determ ned 286 _by classifying
t he mer chmetchianicaane res merehpntopliane rwthey athacquiding sesahirpnisleniifieri A tigr

PoL SRR, (R SR AL Y UILRE AR S, Linbprt o
dimensions are included in all merchant location records. The inverse document
frequency is the logarithm (in one specific implementation in base 2) of the quotient
of the number of records divided by the number of records containing a particular
value. One example is shown in Table 1. In one embodiment, this quotient is
computed separately for each of the nine dimensions. The number of records is
computed as the number of merchant locations. The number of records containing a
particular term is computed by counting the number of merchant locations that

contain each term within each field type.

Field Type Field Value Inverse Document
Frequency
Phone Number 2014234177 12.788106546
Phone Number 8002285882 6.0265553135
Merchant Name Token | DCC 5.0067468324
Merchant Name Token | DFQ 8.9807516239
Business Region 01 1.4041323134
Table 1

[0053] For each location, a cross-attribute normalized term frequency
— double inverse document frequency weight is computed for values and tokenized
values spanning the nine dimensions as illustrated in Table 2, where the nine

dimensions again include merchant category code, ICA code, business region,
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the classification of the (k)
is referred to as a node val ue,

| ocation records has the highest weight and
determ ned as described bel ow. This node

val ue i s wetwewssss288 as the prediction from al gorithm POZ/USE@BHEYSSAS

further described bel ow,
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[0054]

Table 2

A group membership prediction and confidence for a given

location is computed by joining the location to predict to all other locations on field

type and field value, then summing the product of the term frequency-double / inverse

document frequency weights for common field types and field values. The location

results are then sorted in descending order of the resulting score and the mode group

occurring among, for example, the thirteen locations with the highest score is given as

the prediction. A confidence score of this prediction is represented by the number of

locations among the top thirteen locations which contained the same group (predicted

value), the individual weights for the k locations which belong to the predicted group,

and the variance among the weights.

204)

[0055] Aggregated Locations as Documents Prediction (algorithm

[0056] Figure 8 is a diagram 300 illustrating locations aggregated

into sets within documents as a classification system. The algorithm 204 (shown in

Figure 4) that generates the documents of aggregated locations is analogous to

document relevance algorithms commonly employed by internet search engines.
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contain each termwithin each field type. Table 1 [0053] For each |ocation,
a cross-attribute normalized termfrequency doubl e inverse docunent

f requencywoeb@ississ conputed for val ues and tokeni zed vacuwas2epassssfng t he
nine dinensions as illustrated in Table 2, where the nine dinensions again
i ncl ude nmerchant category code, | CA code, business region, nerchant nane,

nmer chant phone nunber, acquiring nerchant identifier, tier merchant
identifier, nmerchant |egal nane, and federal tax identifier. Table 2 [0054]
A group nmephefsiilyPa RI&HhE b%gl%@ﬂﬂﬁ%%hﬂ@%%nftgrea@ AHoyéatel BE@dlletion, S
conmputed by joining the location to predict to all other focatlons on field
type and bi mktthentlloeationhisrcosputridrag desreibpd belaet of the term frequency- doubl e
/ inverse docunent frequency weights for cormon field types and field

val ues. The locatio ul j t he
resulting score and'f'qdr;j‘?7T Ttéfegcﬁr U J]g((g:]%lﬁr?er |E 2612 rgegﬁﬁ??%&eg’ggﬁ%%gpl?he

thirteen k@eahildoss, o dxtiabed lﬁoghe&tdasab@seedats rdatitgntoaspliaditypoidicattdnen. A
confldence score of thls predlctlon iS represente t he .nunber of

| ocat i ons 38HheRg FRETPWRFd: HitQ tSeten FoTo e RIfs SShini Uon %BHtIQVﬁ@HV? RS gr oup
(predicte igRt fgf t I i bel ong
{5 The pr a0 e B s T L P o e o PSS

Aggr egat e@et ¢ ﬁtdwanﬁg dfat [Boa:speerﬂcsni@danbxxb&tloonhe( nlgberiafsets 204)be[1DOSEY Fi gur e

8 is a di 0_.ill stratl | ocati ons .a ated i to sets within
docunent s?“gghﬁnc,tg%g‘%irfﬂi tafegnrlg@%‘i’léﬁhefﬁ‘é‘lb&?gg q%?ﬂ?ﬁsz‘ﬁl 1(’%&/\[@1 YW¥igure 4)
that genegghfsmeltgendocunents of aggregated |ocations is anal ogous to
docunment relevance al gorithns commonly enployed by internet search

engi nes. Specifically, a relevance of a given nerchant |ocation to each
aggregate, or col | etd058h, Toe gesemsiedndocupentsi Y¥is 328, ddhptndedhcagle Kr i bed

bel ow.

which includes relevant extracted features, are collected in a dictionary 330. Utilizing
the dictionary 330, a sparse matrix 340 is formed whereby the relevance of each field
value and tokenized field value is computed, utilizing the extracted features, for each
aggregated merchant group based on at least one of a term frequency and an inverse

document frequency.

[0059] Within the sparse matrix 340, a matrix of location level
weights is joined to a matrix of merchant group weights based on field type and field
value. The sum of these weights is utilized, in one embodiment, by a relevance
engine 350, to determine the relevance of each location to each merchant group. The
merchant group with the highest relevance is returned as the predicted value described
above, More specifically, the sparse matrix of groups, field types, and weights for

term rules and term tokens is generated as described in the following paragraphs.

[0060] First, a matrix is created containing the inverse document
frequency of all field values and tokenized field values spanning the nine dimensions
listed elsewhere herein, specifically, merchant category code, ICA code, business
region, merchant name, merchant phone number, acquiring merchant identifier, tier
merchant identifier, merchant legal name, and federal tax identifier, across all

merchant location records.
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[ 0057] To generate a docunent 302, relevant features, for exanple a street
address, are extracted fromthe database data relating to a plurality of

| ocat i onswBQdosaissssar e grouped into sets, for exanple, seCTAB6008/683585
illustrative purposes, diagram 300 includes four |ocation sets, 306, 308,
310, and 312. Set 312 is |labeled as Set M indicating that in a specific

i npl ementation the nunber of sets nmay be nore or |ess than the four
illustrated. Likew se the nunber of |ocations within a set can vary from
one to "N'. [0058] Thip19enpiit REp&pCdMaY hesated2focatiAd, agildbcdr@ntseach of
whi ch includes rel evant "extracted features, are collected in a dictionary
330. Uti | pridingionhégodition] aweasyshg® in d'abled: she inmerse doQ@upeent frequangids ther eby

t he rel evance .of each field val yue and tokeni zed field va i ut ed,
it 1 51 g B (PRE Aol Fischatpats PRioARSP of Biecblefich WSEL kPGB! Dos e
on at | eagivigiieoyothedhubefbf fe2atde toMtadiith aPattiRURE yRludoChi bR bmbb@igeanCy.
[0059] Wthin the sparse matrix 340, a matrix of |ocation |level weights is
j oi ned tothe imersex degumsyt cheatengy dbp-amnuiet sepuately dor Fre ot fiSe™@Rid fi el d
vatue. ThaiRuiloRk, THEREmYE BHcbrdsis Yhhbb R ds tehufHi: STBRKIRbcarBYs 2

rel evance engine 350, to determne the relevance of each location to each
mer chant gheuumbEhef recwaiabntgining a particuideeteirh ghesmpuedevaroeting thet ur ned
as the predicted val ue descri bed aboye. re specifically, the sparse
matrix of n@mﬁarpéﬂmw@na?q%@&tﬁ%manm ‘ﬁfﬁg/gc%‘?fﬁlﬂléreﬁ?l} firidBrnd term t okens
is generated as described in the foll ow ng paragraphs. [0060] First, a

matrix is crea p&m:g%@l N Ng T Nel FaiEV akiedOC UM erbd DOMEREN OF alT Tlield
val ues and tokgni ze I el d val ues spanni ng theF%mnqg,nensi ons listed

1L_OA

el s_evvhere her e Bhorh ﬁﬂlégixbaiﬁi y; M lﬁlﬂfllltzztat b”‘l’Z-?Z.S. %16 .I,.:f\,..tgf?’ busi ness
r eg| on, ner Cha I)h“ul —HECRaht p$tﬂr‘88 et %\0 . 3| gL e orarm
identifier, tigf ident Hfy e “Lgé '];5*9 and—federal tax
i dentifier actMeghantName Token |[DCC 5.0067468324

Merchant Name Token | DFQ 8.9807516239

Business Region 01 1.4041323134

Table 3

[0062] For each group, the cross-attribute normalized term
frequency-double inverse document frequency is computed for values and tokenized
values spanning the nine dimensions of merchant category code, ICA code, business
region, merchant name, merchant phone number, acquiring merchant identifier, tier
merchant identifier, merchant legal name, and federal tax identifier, as shown in Table

4, and all locations belonging to each group.

Group | Field Type Field Value Term Frequency-Double
Inverse Document Frequency

14420 acquiring 000000077480312 | 0.0104721165

merchant
14420 acquiring 000000077519532 | 0.0052360583

merchant
14420 Tax identifier 362023393 0.6529357998
14420 Business Region | 05 0.0627648557
14420 Merchant Name | TEN 0.0011391784

Token

Table 4
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merchant | ocation records.[0061] Wth respect to the aggregated |ocations
as docunents prediction algorithm and as shown in Table 3, the inverse
docunent Wwoeguwassissis the | ogarithm (base 2 in one part iPpcultseoosmrszds ment )
of the quotient: nunber of records divided by the nunber of records
containing a particular value. In one enbodi ment, the inverse docunent
frequency is conputed separately for each of the nine dinensions. The
nunber of records is conputed as the nunmber of nmerchant |ocations. The

nunber of records c g!ptﬂg oRR hdnebdrdip peddRtion RavRMIued Ryt £oiehi ng the
nunber of merchant [ocations That contain each termw thin each field type.

Tabl e 3 [ 0@6Q¢n Bojoimag thegows fron the (kx-odmilat loeatinns enatrdx. vty isdleswibed

frequency-doubl e i nverse docu fre IS nput ed. f l,ues. .and
tokcant zed A Peoisaie BT TR RE TSP T DAL bore e eV g S 0ge,

| CA code, ughiessqueRE-subléBiveRRNdodaivet Fglidlanteigiorer ouimhon, fiddqui ring
merchant identifier, tier nmerchant identifier,_ nerchant_ |egal nane, and

federal t&pes @uhiicld ealuesasThenprggicted grawp and;confifignes feorgisar @Hum¥Ithngi ng t o

] o Bie R sifh AARLoof D G A OWPHIRITRES L U L Shdills K GRERMEC Tor @

gi ven | ocatl y jolni‘ng romt sim ocationsS matri X,
whi ch i s deRicvalilredndhbakenizet walub®). Jrheuwpnfrddnce Xomothisf predidtiéry pehardulting| d

val ue, then summ ng the product of the term frequency-double inverse
docunent f¥®%uency wei ghts for common field types and field values. The
predi cted group and confidence score is the group with the highest

simlarity score (gptﬁsm byrhidae B Obath hepré@bdi Sand Web&Hios fMtchmpChi ng
field values and tokeni zed val ues). The confidence for this prediction is
t he resul (dlgeritbeci08) [0064] Third Party Data Prediction and Location

Mat chi ng (al gorithm 206)

[0065] A third component of an ensemble prediction is an algorithm
206 (shown in Figure 4) that uses third party provided data that has been matched to a
database of financial transactions by merchant location. In one embodiment, these
third party records are assigned a chain identifier, that relates, for example, to a
vendor. These chain identifiers are linked to groups of merchant locations associated
with the financial transaction card brand (e.g., the card issuer) The prediction,
therefore, is simply the grouping of merchant data corresponding to the chain to
which a third party record has been linked. This linking follows location matching as

described in the next paragraph.

[0066] A merchant location dataset is extracted from a third party
data provider where the locations have been assigned (by a vendor) to a chain. Each
chain within the space of third party merchant locations is assigned to the appropriate
corresponding group. An approximate merchant location matching engine is used to
join the set of third party merchant location records to the set of merchant location
records maintained by the card issuer. The predicted group for a given location is
then computed as the group corresponding to the chain corresponding to the third
party location record which was matched to the card issuer merchant location record.
The confidence score is the match confidence score assigned by the approximate

merchant location matching engine.
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[ 0065] A third conmponent of an ensenble prediction is an algorithm 206
(shown in Figure 4) that uses third party provided data that has been

mat ched twoaodaissdsase of financial transactions by nerclramtusc@sasissh. | n
one enbodi nent, these third party records are assigned a chain identifier,
that relates, for exanple, to a vendor. These chain identifiers are |inked
to groups of nmerchant | ocations associated with the financial transaction
card brand (e.g., the card issuer) The prediction, therefore, is sinply the

groupi ng of nerchan OO§‘?} al\qﬁ{ern%ﬁpg@%ﬁg }trgjléth'tﬁl (gfg@hﬂmtlgogyhl ch a third party
record has been I|n This Iinkihg follows |ocation matching as descri bed

in the next paragraph. 10066] A nmerchant | ocation dataset |s extracted from
a third party data pHe6i dén m@rembh@me@bam onerchan e eV CHs TIGREHS (by a

HPRER Xt = TN 8 L N T

appr oxi mabeniraéraizantthd ﬁmpbﬁﬁomf@hfan@c&mgameumtamdmrtsmcqm xmlumebget of
third party nerchant | ocation records to the sete&%éanerchari} | ocation

records néiht dicnbe spsFitihehe éi*ﬁ“b'été‘lﬁ‘ewndsﬂﬁ% b6 o8y UBYE pYREr VAP ven
ocatl on hirddiffafie TP %&ﬁg%ﬁédar 1E afi00R, 40 AR RR0 & b EhRident

correspon ng to catl on record was matched to the
card i ssuedthntae (Ihﬂnbut[amcpltopmdrlac Bedford’b d.avo if natarai elasx; 0 he airsalt werldat ch

confi dence sc Si d t he appr oxi te mer.ch t|on mat chi ng
engi ne. [ OB PIPIK Lﬁé’i"i‘b‘gflnfgﬁlfb %%fﬁﬁ@&fﬂgﬁéa%i USTHAE 3t fl@h % pﬁﬁ&@%’]" In one
enbodi MenfymeraBpEdAR TepddiiBy a6 dhe Tir@NRikerel 8f ﬁot"rétﬁsﬂé'ﬂo%oﬁné&ﬁowﬂud}ﬂaﬁ gure
4) enpl oys an observatl on regarding the distribution of nunerals in the

first postetndmyofandﬁtlrtdﬁs@,dﬂtt et parpale, tendensify, fahexemnlorthatol faechispeday. To
be speci fi t he ends. t en vari ous
mer chant Loa?Ptél?%f % %ngeé‘ Prﬁcgad% staﬁgr’?%rt !1\&%{10& ns\é\{]ends to be in

consistent with the distribution proposed by Benford's Law in natural data.
In a real world [0069] One example of a prediction utilizing such an algorithm is a

ten percent random sample of merchant locations from each aggregate merchant
(grouping of merchant data). A distribution of the numbers 1 — 9 occurting in the first
position of the transaction amount and transaction volume is computed and
summarized by aggregate merchant. An angle distance between the distribution and

the distribution identified by Benford’s Law is computed.

[0070] A distribution of the number 1 — 9 occurring in the first
position of the transaction amount and transaction volume is then computed for a
given merchant location. The angle distance between the distribution and the
distribution identified by Benford’s Law is computed. The aggregate merchant with
the angle distance closest to the merchant location’s angle distance is given as the

predicted aggregate merchant for the given location.

[0071] More specifically, and for each group, the distribution of the
frequency of occurrence of each number (ie., 1, 2, 3, 4, 5, 6, 7, 8, 9) spanning all
locations within the group among the transaction count, transaction amount, and
average transaction amount is computed and represented as a percentage of the whole.
Said distributions are then stored in a table, a representation of which is shown in

Table 5.
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30%

58625

8

18%

58625

9

7%

Table 5

[0072] Once the distributions for each group are computed, the

numerical signature for each group is determined by computing the dot product of the

group’s distribution vector and the distribution vector proposed by Benford’s Law.

This dot product (angle of divergence) divided by the sum of the squares of the vector

of distributions for each group. The distribution identified in Benford’s law is

computed and stored in a table, a representation of which is illustrated by Table 6.

Group Numerical Signature
14420 70.9
58625 75.4

Table 6

[0073] For each location, the distribution of the frequency of

occurrence of each number (1, 2, 3, 4, 5, 6, 7, 8, 9) spanning the transaction count,

transaction amount, and average transaction amount observed during a one month

interval for the given location is computed and represented as a percentage of the
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This dot product (angle of divergence) divided by the sumof the squares of
the vector of distributions for each group. The distribution identified in
Benf or d' swbawdvwmszsenput ed and stored in a table,

is illustrated by Table 6. Table 6 [0073] For each | ocation,

a repr esentsasossses whi ch

t he

di stribution of the frequency of occurrence of each nunber (1, 2, 3, 4, 5,

6, 7, 8, 9) spanning the transaction count,
transacti on amount observed during a one nonth interval

ol O RIHSE Qi R6LtTRP

dlstrlbutlons are then store

Iocation'

él?es %h%r@&

In a table,

transacti on anount,

and

aver age

for the given

ifl aP@bkeAtBfRstationeyth@heh idhese
a representation of which is

i |l ustrat goistogtedbplleblg.7. Table 7 [0074] Once the distributions for each

| ocation are conputed, the nunerical si gnature for each location is
determn By—cof ULi“" t-he—d roduct—of—the GIS[rIDU[ on
vect or aﬁEL‘ﬁl 'Eff:bgt:cn jggwgfrproposed by u%¥?¥6?ﬁghLaW Fhis—got
product (la e.of div SuHn ﬁjf’t.h.e sguar-es—of—{ he
vect or of t&tributions for_lehch location,_ and fHZAHicfrihufign identified
in Benforldl® | aw is conputed Bnd stored in a_tahl28% a representation of
which is [ildoustrated by Tabl|e4 8. Table 8 [0075] |TB& predi ct ed group
menber shi pidoor a given [ocat{ipn Is then conputedsky finding the group with
the nunerfi gy signarure CIosggt To the numeri callgognature of the giyen
| ocati on, o th—the—tonfi uenf,e7 Score conput e(] as |Lgg distance between the
two sign uFS lGG?C] St-at-+si-t+cat—vbdet—and ObLg@“g 0077 A was
descri bed-agove—wth—+espectitoFHgure-5—eachpredieted—vatte—fromt he
four predij HO ve alnnrnfhnk (202 204 206, -and ngg, al-ong—wi-t-h—a—+ ch set
of meta-dad® describing the lclrcunstances of ead B%r ediction is

200 2 14%

200 3 12%

200 4 3%

200 5 5%

200 6 3%

200 7 30%

200 8 18%

200 9 7%

Table 7

[0074] Once the distributions for each location are computed, the

numerical signature for each location is determined by computing the dot product of

the location’s distribution vector and the distribution vector proposed by Benford’s

Law. This dot product (angle of divergence) divided by the sum of the squares of the

vector of distributions for each location, and the distribution identified in Benford’s

law is computed and stored in a table, a representation of which is illustrated by Table

8.
Location Numerical Signature
100 70.9
200 75.4
Table 8

[0075] The predicted group membership for a given location is then

computed by finding the group with the numerical signature closest to the numerical
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collected 222 and input to an Oracle Data Mning (ODM application 224. The
ODM appl ication 224 utilizes, in one enbodinent, a statistical nodel

(deci si orwonre®)oshass| t usi ng | abel ed training data to as®cgrusacsesisssience
score to each predicted value. The predicted value with the highest
confidence score is then provided as the final predicted aggregate val ue
for each nerchant |ocation. [0078] Approximte String Matching [0079] As
descri bed above, one conponent of an ensenble prediction is an algorithm

that usesgbogalel GNhdahdn bBalonh a8thDEE RoARIGEE deort RbnPYRANIsQhE Qistarndat abase
of financial transaction card affiliated nerchant |ocations. Sone of the

data may bewsemthedwd sigpatundsr d party sources. The enbodi nents descri bed
bel ow relate to nethods and systens for retrieving approxi mate string

(e.g., character sthor:}g? g?aci%{i]‘ﬁ%h’?og{eh | ﬁowgéhi n a database. In the

enbodi nents, the string ma i zed”to determine if, for exanple,
a string representing a location, is represented in the database by anot her
string. Such an al gfd077hmaiss wap ptesqritiedt ahovienwithr respes:t etobbjure i, ssachiue t o

the variatiqps that qgccur in transaction .reco : i al s those

records r B’fegicéc‘]t‘@ e rEH’aWE fﬁwe HYE B@QPFI’&??. {2@80%@15 Fﬁi‘ﬁ’ 5?5Jp¥%§t A9PE string
mat chi ng dahaPans S SIreMelaSdaP Peabitthel thd Ciréundighce@lof Gfack §56didsod, s anot her
set of records when no conmon join key, such as exactly natchi ngDI or

common, ftdledted2esgd inrue tpareOeatle DatatMininga(QDMipepilivation ¥24.t e @DM some

simlarity in the sets.of records, [.0081 i.cal | en.t asets are
joined i ng@lﬁg?%fba@g}l ifRsy N5 Rk, R E]Fm\’/gl %%ghfeﬁ n&%deel m“h%?‘ﬁgﬁcﬁ‘f“d@. When
exact fieliglnyalbdRa tAifingdhtadbabReh Db cosOW &R preddéted hlus eqaeds) due
to variances within the data, the traditional apﬁ%roach to joining the

dat aset s Prediptadhsalpe syidh tthy dighesta canfideness speretis thap REpwded &t ihackinadn t hat
takes two Péﬂlc&‘e N I‘e@?ﬁ, v%ﬁfgﬂif @%h%’?eqcl{aﬂi WoRSof heir simlarity. To use this
nc B e basis 4z

type of £ Ion or joining data sets requires a nunber of
iterations equal
[0078] Approximate String Matching

[0079] As described above, one component of an ensemble
prediction is an algorithm that uses location data, that has been matched, for example
to a database of financial transaction card affiliated merchant locations. Some of the
data may be provided by third party sources. The embodiments described below
relate to methods and systems for retrieving approximate string (e.g., character string)
matches for data within a database. In the embodiments, the string matching is
utilized to determine if, for example, a string representing a location, is represented in
the database by another string. Such an algorithm is appropriate, in various
embodiments, due to the variations that occur in transaction records, especially as

those records relate to merchant name and location.

[0080] An approximate string matching database system is operable
to join one set of records to another set of records when no common join key, such as
exactly matching, or common, field values, are present in the data. Presumably, there

is some similarity in the sets of records.

[0081] Typically, when two datasets are joined in a database, they

share exact values in one or more fields. When exact field values are not shared by
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to the product of the nunber of records in each dataset to be joi ned.

[0082] As an exanple, if there are 10,000 records in dataset A and 500, 000
records iwodataseissB, the simlarity conputation functi enTwsadd/oksssal | ed
five billion tines to join dataset A to dataset B. Furthernore, any indexes
or function based indexes would not be used by the database optim zer when
such a function is invoked. This type of data set is highly inefficient and
is far too processing intensive to be used to join datasets having

nont ri vi al, fat@ alddiRses b3l dBk b NariRes Riiftn tHRe QladUR BaRtbREN

devel oped, which in various enbodinments, is inplenented utilizing one of
nmore of t aproahl tobiming: thepbutrsats Srongple rdspestive yataasagisges g t¢ aénpleBleast ri ngs

are used ih a jQi riteria that i s produced using.a.RnhlAci gal onents
fact or ang‘lnﬁg‘i’é&(‘g@gﬁﬁ tw }‘?iluelgélﬁn%@&tef 8“‘?{?&1}{{1 % \H&lr}@g{lﬁgf H@eursg issimlar
strings pf@eeRftunclok BEtHRPAASE f& jolomdaty sdtsiR\uirkd tmbér df ileeatioae dquas
reference’strings. [0084] Another conponent is an n-gram frequency
si m | ari t i hapraduet afdhe nupbespt iecordsiip eply datgreidobedeingdt ur ed query’ | anguage
(SQ) to maxim ze performance in a relational database managenment system
(RDBMS) . Addi ti onal LOGESSmote. T BleERt R0 b s RPBYGRsdt O Usg t he
n-gram frequency si Lq()igzzafi ?‘ﬁ%%a%%mpz?’ilgﬁlet 0 fo?%o a t‘)ai na?)} key,S as descri bed
bel ow, t h&00,00Wecatdesn datases Byiteaimilaritpfcompyiatiem fureton svoulyl beacatiedfive he
reference strings identified in the PCEA. 085] In one, enbodi.ment, a set
of | dat - dPNRIGRA B TR UG FoRe. TUTIRRPEnaRY SR A FIERE" RoBNG,
as is a tgh &i&&&gwhmgn&t% JsPY BY SRe HRAGHIYR VptifiRA WA YSubh Bfhn@fondk |
n-grams, and an SQL inplementationh of a crosSattribute weighted term
f r equencyinvoket. sEhid typered whataf see puidglly igeffi¢iemRndg s fardpaprasessjransssivne
enbodi nent of the stri tchin echnj gue.includes a paraneterized
anal yti cafO @dfeﬁg(éw E{"ﬁgﬁe%ﬁ@i"ﬂ’@ r?)ﬁ'éwr‘ cdg d‘/s()l‘t‘rﬁgst' share the sane binary key
val ue, then sorts them by rel evance by sunm ng the products of the TF/ | DF
[0083] A string matching technique has been developed, which in

various embodiments, is implemented utilizing one of more of the following
components. Specifically, a set of reference strings are used in a join criteria that is
produced using a principal components factor analysis (PCFA). The PCFA seeks to
identify a set of very dissimilar strings present in the space of known values, which

will be used as reference strings.

[0084] Another component is an n-gram frequency similarity
calculation implemented in pure ASCII structured query language (SQL) to maximize
performance in a relational database management system (RDBMS). Additionally, a
process is implemented in the RDBMS to use the n-gram frequency similarity
calculation to form a binary key, as described below, that indicates the similarity of a

given record to each of the reference strings identified in the PCFA.

[0085] In one embodiment, a set of data-driven standardization
functions is implemented within the RDBMS, as is a table containing the inverse
document frequency (IDF) of all n-grams, and an SQL implementation of a cross-

attribute weighted term frequency/inverse document frequency (TF/IDF) calculation.
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wei ghts of all matching n-grans. The /-th bit in the binary key is set to a
logical 1 if that record matches the /-th reference string above a certain
t hr eshol dwo[200385558 process is inplenented within the RPBVESta@sasssyn a
confidence score to each match resulting fromthe join, while a RDBVS data
nodel to store the data involved in the joining of the datasets is al so

i ncl uded. [0088] One sinple version of the dataset joining problemis to
mat ch one nanme (or address) against a |larger set of names (or addresses)
contained within a mapa%e%&%dﬁ&x%f@feaﬁhﬁ%mmhﬁa ¢ ABhiEY@RkRides at hi s
n-gram matching is rllustrated by Table 9. 0089] The eI enment
needed f oparaimetedatchamlytjcal BQRgUsTY that oing tgeaeqmdsrﬁhgt ghare thes8me| rlany
simlarity betwee strln t e L

char act er §8%a#Up- Brﬁoﬁﬁt%ﬁ?r% fei m%e%‘ nggmaeepgorr&%gﬁl%fgﬁlafnigﬁﬁ bet ween
ngrams. FQeightieofcAsRatehie- F\raln% TReIath bioid We,bilidie kepirdicdas e lagdiasis in
Table 1 consists of the owi ng 2-grans: "10", "00", "O1", "14",

" 4<space>that reegrp"laws@st egtbsrgﬁé@gevstrmg@@g‘éﬁ;@g@am "'hGShOld"l a", ..., "Rd".
[0090] Table 10 summarizes the "-gr am mat chi ng al gorithm whi ch includes
determ ning the N 9l In iéeffﬁdﬂém&ﬁéd L ahiC I RIS hRn( £ 9. .
Candi date array), ter frequency vector for each entry in

t he candi datfrlenet m:bredtax aiohsmatﬂeregulpn@zfmm theet joinyvithile aARDBMS dateasedelng a
degree of simlar en .t he, Can and .t

Candi dat e®PVAt %Iﬁéﬁe éa‘%/ V\gﬁ&l‘? @Leé?lﬁi%go éaiasg{; %fri?l'ﬁggches exceedi ng a
specified threshol d. For exanple, "JoJo' s Di ner becones Table 10 [0091]

Tables 11, 12, and [®88] eO%a 1@&e@,fonadfth@aamekf/gﬁﬁlhg eobUerh id © mdice "1 nner
Product” is t he dot " product of the array, the "Magnitudes" are the
one name (or address) against a larger set of names (or addresses) contained within a

database such as an Oracle table. An example of this n-gram matching is illustrated

by Table 9.
Candidate (or new)Address Existing Merchant Address List
10014 S Clarkson Rd. 100 Manchester Rd

2014 Clarkson Rd

4 Main Street

10014 South Clarkson Rd

1400 Clayton Rd

Table 9

[0089] The element needed for the dataset joining solution is a metric
for measuring any similarity between strings. An n-gram is simply a unique string of
n characters and »n-gram matching is a process for determining a match between »n-
grams. For the case where n is equal to two, the candidate address in Table 1 consists
of the following 2-grams: “10”, “00”, “01”, “l14”, “4<space>”, “<space>S”,

“S<space> “’ “<Space>C”, “Cl”, “la”, o “RA”.

[0090] Table 10 summarizes the n-gram matching algorithm, which
includes determining the n-gram frequency vector for the candidate string (e.g.,
Candidate array), determining the n-gram frequency vector for ecach entry in the
candidate match database (e.g., Candidate Match_Array), measuring a degree of

similarity between the Candidate Array and the Candidate Match_Array, and
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square root of the sum of the squares, the "Cosine (of the angle)" is the
dot product divided by the product of the Magnitudes, and the angle is the
i nver se (wei20@®/m8f5s5he dot product divided by the productcofusténs/ 085585

Magni tudes. String 1 Array 1 Array 2 String 2 String Array 510 West Third <-
Freq Freq -> 512 West Third 1 "51" 1 1 "51" 2 "10" 1 0 "10" 3 "O<srace>" 1
0 "O<space>" 4 "12" 0 1 "12" 5 "2<srace>" 0 1 "2<space>" 6 " <space>W 11
"<space>W 7 "We" 1 1 "We" 8 "es" 1 1 "es" 9 "St" 1 1 "St" 10 "t<space>" 1
1, - SSTaCRmipihd hERPEARIde ;lnaicﬁéﬁ&a&@ﬁlg"alsge ifibd tHredholdh"Fok%exahiple, 1 1 "hi "
14 "ir" rd* Inner "Product 11 Magnitude 1 3. 605551
Magni tude“@JGsﬁDﬁ@Sbe@@Bf(SAngl e) 0.846154 Angle (degreesO 32.20423

Candidate Array | 2-gram | Frequency
1 “Jo” 2
2 “0J” 1
3 “0)” 1
4 “‘S,, 1
5 “S 113 1
6 “D” 1
7 “Di” 1
8 “in” 1
9 “ne”’ 1
10 “er” 1
Table 10

[0091] Tables 11, 12, and 13 are examples of an n-gram Matching
Metric. The “Inner Product” is the dot product of the array, the “Magnitudes” are the
square root of the sum of the squares, the “Cosine (of the angle)” is the dot product
divided by the product of the Magnitudes, and the angle is the inverse Cosine of the
dot product divided by the product of the Magnitudes.
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Table 11String 1 Array 1 Array 2 String 2 String Array 512 West Third <-

Freq Freq -> 510 North Third 1 "51"
1 "O<spacwo™20eb/083535 1 0 "12"

5 "2<space>"

11"51"

2 n

10" 0 1 "10"

3 "O<srace>" 0

1 0 "2<space>PCo/UszapassssV 1 0

"<space>W 7 "We" 1 0 "We" 8 "es" 1 0 "es" 9 "St" 1 0 "st" 10 "t<space>" 1
0 "t<space>" 11 "<space>T" 1 1 "<space>T" 12 "Th" 1 1 "Th" 13 "hi" 1 1 "hi"
14 "ir" 1 1 "ir" 15 "rd" 1 1 "rd" 16 "<space>N' 0 1 "<space>N' 17 "No" 0 1
"No" 18 "or" O 1 "or" 19 "rt" O 1 "rt" 20 "th" 0 1 "th" 2 1 "h<space>" 0 1
"h<space>" I nner Product 6 Magnitude 1 3.605551275
String 1 | Array 1 | Array 2 | String 2
String Array 510 West Third <-Freq  Freq-> 512 West Third
1f"s1" 1 1 "51"
21"10" 1 0 "to"
3 | "O<space>" 1 0 "O<space>"
41m"12" 0 1 "12"
5 | "2<space>" 0 1 "2<space>"
6 | "<space>W" 1 1 "<space>W"
7| "We" 1 1 "We"
8| "es" 1 1 "es"
91 "st" 1 1 "st"
10 | "t<space>" 1 1 "t<space>"
I1 | "<space>T" 1 1 "<space>T"
12 | "Th" 1 1 "Th"
13 ] """ 1 1 "hi"
14 | "ir" 1 1 i
15§ "rd" 1 1 "rd"
Inner Product 11
Magnitude 1 3.605551
Magnitude 2 3.605551
Cos(Angle) 0.846154
Angle
(degrees( 32.20423
Table 11
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Magni tude 2 3.741657 Cos(Angle) 0.44474959 Angle (degreesO 63.59268128
Table 12String 1 Array 1 Array 2 | String 2 String Array 510 North Third <-
Freq Fregwo20®1@s38sThird 1 "51" 1 1 "51" 2 "10" 1 1 "10PC3/USR008/085585"0 " 4
n Nl 1 1 n Nl 5 n I\bll 1 0 n I\bll 6 n Or n 1 0 n Or n 7 lli tll 1 0 n r t n d llt hll 1 0

llt hll 9 n h n 1 0 n h n 10 1 1 n Tll 11 n Thll 1 1 n Thll 12 n hl n 1 1 n hl n 13 lli rll
121 "ir" 14 "rd" 1 1 "rd" 15 16 17 18 19

String 1 | Array 1 | Array 2 | String 2
String Array | 512 West Third  <- Freq Freq -> 510 North Third
1]"51" 1 1 "s1"
2("10" 0 I "10"
3 | "O<space>" 0 1 "O<space>"
41m"2" 1 0 "i2"
5 | "2<space>" 1 0 "2<space>"
6 | "<space>W" 1 0 "<space>W"
7| "We" 1 0 "We"
8| "es" 1 0 "es"
9| "st" 1 0 "st"
10 | "t<space>" 1 0 "t<space>"
11 | "<space>T" 1 1 "<space>T"
12 | "Th" 1 1 "Th"
13 | "hi" 1 1 "hi"
14 | "ir" 1 1 "ir"
15| "rd" 1 1 "rd"
16 | "<space>N" 0 1 "<space>N"
17 | "No" 0 1 "No"
18 | "or" 0 1 "or"
19 ] "rt" 0 1 "rt"
20 | "th" 0 1 "th"
21 | "h<space>" 0 1 "h<space>"
Inner Product 6
Magnitude 1 3.605551275
Magnitude 2 3.741657
Cos(Angle) 0.44474959
Angle
(degreesO 63.59268128

Table 12
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20 2 1 Inner Product 9 Magnitude 1 3.741657 Magnitude 2 3 Cos(Angle)
0.801784 Angl e (degreesO 36.69923 Tabl e 13[0092] Reference Strings [0093]
The abovewDabdwmss#ad description illustrate an ability PQTNSPIS®EITBS St rings
guantitatively, and measure the simlarity between them At this point an
i ndex for each record in the database can be built based on its relative
position to a small set of reference strings. [0094] By choosing reference
strings, a new record' s relative position to each of the reference strings
can be corrput ed. Additi onaIIy, every record in the database has its own
re-co etposTtT 4 tTVvet T ef Ther ef or e,
gppr oxirrp mgtches 5;163 3}? i) %Arl%gtl. lla\lr?%ysLﬁEEﬂ%%]ch? i ndexed in the
sane proxj atyhu:?g, i, &5 ? il,,% U9 ty|metric between
t he new record andlthélentire database 01e goa referenca string
sel ection is to chdgsélrecords that areldissimil thus givling a better
perspectifve. One apgr8dch to reference $tring sk Ie@ fion is oltlined in the
fol | owi ng paragraphg."N'0095] Reference $trings hréN'dentifie¢l by taking a
sanpl e of| strings Brdhiot he dat abase bei hg i ndexéd.Nehe - gram
representjati ons fop |e¢agh string in the sanple abe"@énerated by creating a
vector of| frequencryésywhere the z-th copponent @f "fthe vector|contains the
nunber of| tines thgt| »pvgram occurred injthat stgingr A matri
9 Hh " 1 O 'lh 1"
10 n TH 1 1 " T"
1 1 I!Th!l 1 1 "Th"
12 Hhi” 1 l l|hi||
13 Hirl! 1 1 Hirll
14 | "rd" 1 1 "rd"
15
16
17
18
19
20
21
Inner Product 9
Magnitude 1 3.741657
Magnitude 2 3
Cos(Angle) 0.801784
Angle
(degreesO 36.69923
Table 13
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of simlarities is generated neasuring the simlarity between every pair of
sanple strings using the cosine simlarity nmetric. [0096] One technique for
findi ng dwvebewdsssssconmponents in a collection of siml arPcryusdasasisss

princi pal components analysis. A principal components analysis is conducted
on the simlarity matrix and the first k principal conponents are retained.
The sanple string with the maxi mal | oadi ng on each conponent is retained,
formng the set of reference strings. [0097] Binary Index and |Information

Retrieval [0098] To (gyggppRte%gﬁ.;Cgesqri jmlar strings so that an index can be
created to provide ¥ast candidate retrieval during approximate string

mat chi ng, eachpotential candidate record and each conparison record is
conpared to each of [A098] r heraheve tebles mnsl descnigtiom allugjraden Ay abilishdg

simlarity SQL cal.culation..[Q099] 1f th i.m it o ti el ds a
score hi gﬁeé’lreg{%’?\taﬁnagspﬂlé%‘gl E}tlr‘\%%’ taHJ} él%er?g?rﬁ,ethg ﬁgh f;l)%gt& tt%égﬁ@e%f MfL' %é &? rtl%le key
cor r espongbing ah dndde fareéLh &6 d Sihr the Fatsbages sarg be budlt \babadeowfitslreldtifve t he
score is below the threshold, the corresponding position of the key is
assi gned pogtiorn ©c: spedl sehefefarencsisiriigst y Cal cul ati on [00101] An SQL query
has been devel oped that forns a twodi nensional vector containing the

frequenci es of OCCUFGRAFERQl Abdii@heerkls CRANE, P CAENL bl rcldie gl ven

strings. The query en" divides the sum of each frequency product by the
squar e of pbditomegrich uflheatfeeach stiingenai bncahpithe Addigiveally evety_tr@rordo arrive

t | imlarity metric. 102] . Such .a cal cul at i
Fopr esent Butiyaudteth O UG WP PR 0 DI AEY
" MASTERCARRL ref ¢ appRIXRRAfe SRATCHRS [dafl e Bolnfl bVABIERAEIARE recoldieinii@ledami ng

table, Table 14, is a two-dinensional vector containing the frequencies of
occur r encthegfamgapyimityi itkout deeing t¢ esmputethe filhsiplarity metric between the

new record and the entire database. One goal of reference string selection is to choose
records that are dissimilar, thus giving a better perspective. One approach to

reference string selection is outlined in the following paragraphs.

[0095] Reference strings are identified by taking a sample of strings
from the database being indexed. The n-gram representations for each string in the
sample are generated by creating a vector of frequencies where the i-th component of
the vector contains the number of times that n-gram occurred in that string. A matrix
of similarities is generated measuring the similarity between every pair of sample

strings using the cosine similarity metric.

[0096] One technique for finding dissimilar components in a
collection of similarity data is principal components analysis. A principal components
analysis is conducted on the similarity matrix and the first k principal components are
retained. The sample string with the maximal loading on each component is retained,

forming the set of reference strings.
[0097] Binary Index and Information Retrieval

[0098] To group together similar strings so that an index can be

created to provide fast candidate retrieval during approximate string matching, each

229.



two conparison strings: Table 14[00103] The magnitude of string Ais
conputed as the square root of the sum of squares for each frequency val ue
i n di mensworzo®yossgseci fically, the magni tude of string APCI/UB2@8/033785

magni tude of string B is conputed as the square root of the sum of squares
of each frequency value in dinension B, specifically, nmagnitude B is
3.3166247903554. The dot product of the vector is conputed, and for this
exanpl e the dot product is 7.0 (the nunber of table entries where both A
and B hav I | Sdath | Ak i t Reestat ofptmeduct /
(magni t udgoﬁmzﬁlvéég%@%tgé%wé;dr%gréagi.] %?@%Zd%%cg%g %@? r?te illustrative
exanpl e. [dCrea@dtrikgrusingghSnigaany fikqyengaisimidarjtpSQdsalquatioie simlarity
calculation yields a score higher than a predefined threshold, the position
of the binary key c p i ng. t.0 the rence Stri i & honed a val ue
of 1. If the score fdsdggil gtl\?v%fehgm[glﬁarnté%hcgicglia%toﬁeﬁglggr%ssggrﬁd:ﬁlﬁg&;y%lgt |gon of
the key i predsnaingeeshold, tHenp&xitoresb0di bRty keg qiesgaslifeoto tetreferdnce ng

bi nary key position is inplenented using a comnbination of SQL anq(il PL/ SQL.
The i npl efiingas pwignsd atvialietdor i thmscorsisheks therbreshpifeiie SPITEPQEFAEd string
conpari sog ﬁﬁ&‘?&'ﬁ@&i«?}pﬁ R4 g anal ytical structured query |anguage to
aut omat i cal y assign a gi vgn string a binary key value if a binary key

val ue had been cal cul ated for that exact value in an earlier iteration
within the al gorithf@0106] sNGRAM Siatilacty Cacaetanpl i shed in SQ.. [00106] A
uni que identifier and each binary key value are stored in a partitioned

i ndex organi zed tab P he RDBMVS. ,Each, uni qu taset is. stored
within a single par WF?’W ngQﬁro WS E/gﬁ pEen sdegﬁgg%dettﬂ% zoargn% Ba%tion. To
maxi m ze pachsRAT RicfRREMainikEhk Frduaicieaghcelatasebl AMuAiqLONSGRAMS i S

acconpl i shed using a create table as sel ect (C;TAS}1 and partition exchange.
The data Wesetivigne twe giventstrigs. The query then divides the sum of each frequency

product by the square of the magnitude of each dimension of the frequency vector to

arrive at a normalized similarity metric.

[00102] Such a calculation is represented by the following example
in which comparison string A is “MASTERCARD”, and comparison string B is
“MASTERCHARGE”. The following table, Table 14, is a two-dimensional vector
containing the frequencies of occurrence of every unique n-gram present within the

two comparison strings:

MA
AS
ST
TE
ER
RC
CA
AR

CH
HA
RG
GE

oooo;—ap—nb—al—Ar—ts—-l—an—na—t>
b—tb—dy-lv—dov—-IOD—dl—dh—-lr—dl—ti-—‘w

Table 14
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is stored in order of the binary key values, to nmaximze join performance.
[00 107] Data Standardi zation [00108] To inprove the accuracy of the

sim | ari twocosmpmasissons and the distribution of the bi nargTRISg008@8ises, t he
data is standardi zed, in one enbodi ment,for known abbreviations and
synonyns. To acconplish such data standardi zation, a table is created that
contains all known variations and synonyns for various field types, along
with their respective standard representation. An algorithmthen works to
t okeni ze each data el enment and map any known variations or synonyns to

their standard for @ 0164 Olﬂge]dm@ ggl&#‘@trlﬂag%m Iﬁf&rd dsahé SquaRefdoppance

when cal culating t wel‘ght e ans present in the fields
i nvol ved tha dure odipguaccs nfiat ecanintfedyuenry] saloe ia dlatﬂnelonsAbtspwﬁQﬁﬂm ahei ng the

d tf t te thin th
space of Baadact sagonds 3 VrnEhs srEleispiorisy P PR R s pace. i s
acconpl i %%P of Mo vah &Léqﬁgesw éa@htt’ﬂﬁukm Gaﬂh@lﬂlh Qliheridis BIepeificallpSCl | SQL.

The I DF table stores the |DF val ue each possible "-gramfor each
cat egor y magrdtuda B iF1363 16624 908 854. nﬂwdﬁmg&ﬂpt@fdh%’@%@@ﬁ sempwicdaand fent egory

and -gr an%to rra%héedé}taﬁo erf (?]ﬁ%nc m%)Lr é?%l%]cn%e%%ﬂ%ﬁb taﬁd\@ﬁl ght ed

TF/ 1 DF [ 09% Peance. 10 eac aract er

ngram pr el%ﬁ/@ta vdlu@oOl )V €Thd ﬁﬁﬁfa@it}f ﬁrco@ﬁﬁl&-cﬁ asethd donpikdued (naghivedeappr oxi nat e
mat chi ng f\m l a cross-attribute weighted termfrequency/inverse docunent
Eni

f r equency. wk R)api@ 7035264 TRNGH 448 f%l‘hﬁ‘e%léﬁrf}"é’f’@?‘@m’l\?al ue. The -gramterns

and their respective frequencies of occurrence wi thin each given record and

field are conputed EHR Jelinction that takes a REF CURSOR
as input. This cal ctj)la ?ﬂon 'S E%l gﬁ tly d:v? erent fromtraditional weighted

TF/ 1 DF cal culations, in that after ]
[00105] If the similarity calculation yields a score higher than a

predefined threshold, the position of the binary key corresponding to the reference
string is assigned a value of 1. If the score is below the threshold, the corresponding
position of the key is assigned a 0. In one embodiment, a process for determining
binary key position is implemented using a combination of SQL and PL/SQL. The
implementation of the algorithm minimizes the number of required string comparison
calculations by using analytical structured query language to automatically assign a
given string a binary key value if a binary key value had been calculated for that exact
value in an earlier iteration within the algorithm. This optimization is accomplished

in SQL.

[00106] A unique identifier and each binary key value are stored in a
partitioned index organized table (IOT) in the RDBMS. Each unique dataset is stored
within a single partition, and no two datasets share the same partition. To maximize
load performance, the load of each dataset into this table is accomplished using a
create table as select (CTAS) and partition exchange. The data within each partition

is stored in order of the binary key values, to maximize join performance.
[00107] Data Standardization

[00108] To improve the accuracy of the similarity comparisons and

the distribution of the binary key values, the data is standardized, in one embodiment,
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calculating the TF/IDF for each "-gramw thin each field, it adjusts the
wei ghts for all "-grans in each field up or down according to the overal
wei ght ofwoheowosgssans present in the other fields of thecsaseoosessssl. This
technique results in a record | evel dynam c adjustnent to the relative

wei ght of matching "-grans according to the overall significance of the
value in each field.[001 13] As nentioned above, the unique identifiers for
each record in a given dataset, along with their "-gramterns and the

cal cul at egh WehAAtabBRIEBn@ MR SHRhGHs] MothcBahblidH AREUalditafdigdidhzed Tabl e
(10T to maximze join performance. The table is organized according to

uni que i dehtei fsi @eatedighan contagyoall knewml virigticns andr syinpaye forespipug fiddie

dat t i t di. t titi it hi t he tabl E titi
o T oadedbues At i Bel FRan e SAG s s A Tl B hah 08 e m v
| oad perf p@BE @acH Q8 didhediOhntl @4pr dhyl Ribwil Shridsee drheyrbhias fo ks and

cross-attribute TF/ I DF cal cul ati ons have been | oaded into the RDBMS, an
anal yt i castapdsishfcgmery i s enployed to retrieve all candidate match records
and sort themaccording to their relevance or match quality as conpared to
t he conpari son reco&@l inﬁ)ﬂ aigconpl i shed by first joining together the
records with matching 8I nary key val ues, then joining the "-gramval ues for
the resulting candi date records and cal cul ating the sum of the product of
their weights. [00 [0D8]0)JCoRéi dastere pSdomeanas sivhemesalclotg thg Weighteésul ts of

the join re.sent through.a fupction inmlemented wthin the RDBMS
that per s SEADEF G5 Bt BESL b e Prgs eV RL AT Apio el dufiiifng o
record, tReh ,a88lk WBuiR coRRIHIEME SnieR R cimbMr@uehél 65dll &l chiapRedr nf or use

in the Oracle data n[n!nglapp i cation descri bed above. [001 18] The above
descri bedgpmsdusssas withirotheapack of eandidapsy tsxpidat elhe formation of all r-grams

within the space is accomplished through PL/SQL while the IDF calculation is done
in ASCII SQL. The IDF table stores the IDF value for each possible n-gram for each
category of data. The table is index organized according to data category and n-gram

to maximize join performance.
[00111] Cross-Attribute Weighted TF/IDF

[00112] To assign a weight, or significance, to each two character n-
gram present in a given record for each field involved in the approximate matching
join, a cross-attribute weighted term frequency/inverse document frequency TF/IDF
value is computed for each n-gram value. The n-gram terms and their respective
frequencies of occurrence within each given record and field are computed using a
pipelined table function that takes a REF_CURSOR as input. This calculation is
slightly different from traditional weighted TF/IDF calculations, in that after
calculating the TF/IDF for each n-gram within each field, it adjusts the weights for all
n-grams in each field up or down according to the overall weight of the n-grams
present in the other fields of the same record. This technique results in a record level
dynamic adjustment to the relative weight of matching n-grams according to the

overall significance of the value in each field.
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string matching are further illustrated by Figures 9 and 10 which are
flowcharts 400 and 450 respectively illustrating determnnation of a set of
ref erencewoharsamssss strings, and illustrating utilizati eoTafS2e0ses8set of
reference strings to determne a simlarity metric for a candi date
character string. Sanple strings with nmaxi mal |oading on each conponent are
retained to formthe set of reference strings. These sanple strings are
representative of a principal conponent for correlation purposes. The
simlarity metric i E)O@@?]edAQ'?néltiBHé@%ov‘éf (R D r@@dr daoh deqRdPar i son
of the candi datecharacter string and the individual character strings

wi t hi n t hin aeiven ditasd, aleng with tlefien-grane tarhaaad the cabqulatedy weighp scprasyre

Specifically,, .and ref.err.i ta Fi gur t.abase incl ud ce of
pot enti al StSéﬂchf’aPaé'“{'r%‘?eélﬁg%’f g)r%%gz,ed\iﬁﬁ%%al@s%r%ﬁl%@ P }eﬁ‘ éer%%be iﬁ% her ei n
as a dat alpps ebRf is Grgdndsed flcc&HlinigNe Sin{de Gdentifidf|Rlatinebt«ory, @ad - gramdatna f or
merchants). As described herein, a random sanple of match fields

C. ] or
dat abase Fadluor Ea¥h usiqyesetaseted sixoad thaSepprals Papgionewiis e tahle.oiarki zat i on

search for_a.set of .dissim,l t g " L3 i LEIX iS
cal cul at eamﬁﬁg‘?g%ﬁﬁdg& %@#%icpéjltectégk:g%n%?ﬁczE‘?%@fg%glog\r?zf%}gg&? ?ﬁggﬁl?ed 408,
resul ti ngldat pprfomedneal conponents 410, each of which refer to a

correspondi ng reference character string. This set of reference character

strings is useful f r.i son _agai nst candi date character strings,
because the set hasfobéim%@’él UYBal |y generated to include dissinilar data.

[00120] Now referring to Figure 10, upon receipt of a candidate character
string, a simlaritygi3spabad atied #ndrpekupenarachrgsadiibate THADRCT er
string and the reference string associated with each principal conponent.
As descri baeulpéansihaye bershloadadpiata o RIBMIS: apandigtical jdin queryrs §malaY&dt chi ng
algorith such that a.bjnary, k b .ndi J 0, i lari he
candi dat re%c grtleé/gtaércaélalrd%?g%?%herg%oﬁ Y %#dg%%{n%lgms{crc %)Jr%igngg{r??h Fi?gélrg%arn(reéso%ondi ng
princi pal neaRRQRlHL ad Sommpeed edidcdmpatisord Rsbrdanthiefid haioamiskgpipby firsrat e
character string matching, records (reference char a%t er . .

joining together the records with matching binary key values, then joining the n-gram

values for the resulting candidate records and calculating the sum of the product of

their weights.
[00116] Confidence Score Assignment

[00117] The results of the join query are sent through a function
implemented within the RDBMS that performs a very low level comparison on each
input and candidate record, then assigns a confidence score using a statistical model

for use in the Oracle data mining application described above.

[00118] The above described processes associated with approximate
string matching are further illustrated by Figures 9 and 10 which are flowcharts 400
and 450 respectively illustrating determination of a set of reference character strings,
and illustrating utilization of the set of reference strings to determine a similarity
metric for a candidate character string. Sample strings with maximal loading on each
component are retained to form the set of reference strings. These sample strings are
representative of a principal component for correlation purposes. The similarity

metric is based on a number of matching n-grams in a comparison of the candidate
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strings) are joined 456 to candi date character strings based on the

conpari son of their respective binary key records. Such a process allows a
user to omockéwossssri eve hi gh probability matches bet weenTrest@sosssss

character strings (which may include nmerchant nane and/or |ocation data) to
a candi date character string which m ght be representative of nmerchant name
and/or | ocation data. By creating 458 a binary key for each database record
to be matched, a file of matching reference character strings to candi date

char act er ;5411958 @ hnlthe SRV RIED cHEBeted HPh2d lwilth [tBe (dBRhiN@Net @R has
been described in ternms of various specific éenbodi nents, those skilled in

the art wdf¢reneabgracteestrings. t he i nvention can be practiced with
nodi fication within the spirit and scope of the clainms. WHAT IS CLAIMED | S:

1. A - based dof ' ' | d
character string w RS pl P TATuRARE A L gl G P BeERBL 70 1

a dat abasgpacs at fotentid) @endi@atp imaddh@ita 402, ivetect isfsphirgmas seferraf torlefenance
character strings in the database, the reference character Etri ng

i denti fi ed daEppse-oingharastes SnES A8 SRMEeNdA lpeation dats Tsrmencantsy | 45
character 4 reill) ejntl'iﬁ r I s f.oLeQhse@f the
referenced%g?%ﬁgﬁlgé??%y%n t%gpggi'}&o r%%ﬁgﬁgé&%aﬁgﬁ:}ﬁegestlaﬁiengs; c)
gener at i ng04arbasedyomnfor epameslenambptimizhoon sdaechc fomdi skhtof didsemidestaharasteri ng; d)

determining a sim|arity between th - m tati : ti
ot o 002> TSy RSeS| UG ) A e esenl 0o hpe™ L 19
i dentifi eﬁlneﬂfsfisefseaﬂﬁﬁ%cpm, @&hﬁfngﬁhrﬁriﬂgﬁml &kbdnknts A6 XéRE of MhidARetrdat e

character string wthin the database based on the determned simlarities
bet ween t heomesponding epierenen charager $fing.hdhisaseti pflzaference character strings 1s

useful for comparison against candidate character strings, because the set has been

specifically generated to include dissimilar data.

[00120] Now referring to Figure 10, upon receipt of a candidate
character string, a similarity is calculated 452 between each candidate character string
and the reference string associated with each principal component. As described
herein, such comparison might be based on an n-gram matching algorithm, such that a
binary key indicative of the similarity of the candidate character string to each
reference string and its corresponding principal component is created 454. For fast
and efficient approximate character string matching, records (reference character
strings) are joined 456 to candidate character strings based on the comparison of their
respective binary key records. Such a process allows a user to quickly retrieve high
probability matches between reference character strings (which may include merchant
name and/or location data) to a candidate character string which might be
representative of merchant name and/or location data. By creating 458 a binary key
for each database record to be matched, a file of matching reference character strings

to candidate character strings can be generated 460.

[00121] While the invention has been described in terms of various
specific embodiments, those skilled in the art will recognize that the invention can be

practiced with modification within the spirit and scope of the claims,
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character string and the n-gramrepresentati on of the reference character
strings in the identified set. 2. A conputer-based nethod according to
Claim1l wenrewmssessermining a simlarity between the n-grcarose@gonesent ati ons
conprises: conputing a two-di nensional vector containing a frequency of
occurrence of all unique n-granms in the candi date character string and a
frequency of occurrence of all unique n-granms in the reference character
string; and conputing a simlarity nmetric for the candi date character

string, WyWhaATSSRECAIMEDYREe reference character string, based on the

t wo- di nensi onal vector.3. A conputer-based nethod according to Caim?2
wherein conputing a simlarity metric for the candidate character string
conpri ses u5| ng a sir uct&r@@nﬂfﬂ@rwsﬁéﬁgﬂﬂ@@e for sgharacter i sging Brakdmgaplacont ent s

of t he t cr'lfl n%ha?ac?’ r s\{r?xg Wlth a luf‘Aé.lﬁ; QP a%ct&‘aﬁ nxg% p&%ﬂ@%&cﬁ%& Wlﬁilllrpg t O

Claim 2 conpu 5|n1 erm ni ng

nagnitudedgﬁukhﬁmkﬁﬁambda@ﬁpﬁmﬁged MAth the candldate character strlng as
magni tude A, determining a nagnitude of the vector associated with the

ref erence character st as de B; co tin roduct between
the two vectors; an® @%ﬁ%&ﬂf?%ﬁ S?th @ ‘?‘f‘?‘?cﬁrtha P’l Sa\’&glber ﬁ%ﬁ%ﬁsf’ tthfdot
product / re(fE@%U El&'éil&'cté &rxﬂ?gﬁﬁc}lﬂﬂgd Bilizing: aerFﬁ?xﬂP&‘dﬁ@t’i -sBAsK domat REGf
according to al wherern conputing a similarity netric conprises

inplenentﬂmgnéhrmmwQWnﬁmmguency simlarity calculation in ASCI| structured
guery | anguage. 6. A conputer-based nethod according to Claim5 further

b) generating an n-gram representation for one of the reference

character strings in the set of reference character strings;

c) generating an n-gram representation for the candidate character

string;
d) determining a similarity between the n-gram representations;

e) repeating steps b) and d) for the remaining reference character

strings in the set of identified reference character strings; and

f) indexing the candidate character string within the database based on
the determined similarities between the n-gram representation of the candidate
character string and the n-gram representation of the reference character strings in the

identified set.

2. A computer-based method according to Claim 1 wherein

determining a similarity between the n-gram representations comprises:

computing a two-dimensional vector containing a frequency of
occurrence of all unique n-grams in the candidate character string and a frequency of

occurrence of all unique n-grams in the reference character string; and

computing a similarity metric for the candidate character string, with

respect to the reference character string, based on the two-dimensional vector.
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conprising using the n-gramfrequency simlarity conputation to forma

bi nary key that indicates a simlarity between the candi date character
string amoeanssssst he i dentified reference character SPCINF3008/085585

conput er - based net hod according to Claim1 wherein indexing the candi date
character string within the database conprises: inplenenting an n-gram
frequency simlarity cal culation;using the calculation to form binary keys
that indicates a simlarity between a record associated with the candi date

character string angl recgr dsmpseR6isall SietoliNa@Bdin®ftot BRimdentihbicas

reference character strings; |oining records that share the sane binary key
val ue; anchbnsptingrey sipdikarityo mettic feche dendigate edtharagies string eumprisey WSHWE droduct s

f the f ights of all matching n-grans. 8 4t er - hased
et hod acuBae) A chages relaPh i hBaNGe A 5 b d PEREARER S g

conpri sesygQenerating a matrix of simlarity nmetrics for the candi date
character string as conpared to the set of reference character strings. 9.
A conput er-based net hod according to Caim1 wherein indexing the, candi date

character string cohpri s&scompuaryhassd BmetiofarSrorng dgr Lo dIETD t he
f | f 1 if th imlarit tric i b
refer enCe‘é’%@gﬁ%ﬁ‘gﬁ@kg‘%@%?‘g’#}ﬁseg i e sinilarity netric is above a

pr edefi ne g a binary key corresponding to the
reference character string a value of O if the simlarity netric is bel ow
the predefined threddteddninga magaitudeutfethe bastot apwchitad wish dhelicanglidate A ai m 1
wher ei n iche?g%ifyi ng a set.og‘i reference character strings in the database
conpri ses® c}%sgu%rqs%qgﬁgp tOmponents factor analysis to identify a set of
dissimlar character string records.

determining a magnitude of the vector associated with the reference

character string as magnitude B;
computing a dot product between the two vectors; and

computing the similarity metric according to (dot product / (magnitude

A x magnitude B)).

5. A computer-based method according to Claim 2 wherein
computing a similarity metric comprises implementing an n-gram frequency

similarity calculation in ASCII structured query language.

6. A computer-based method according to Claim 5 further
comprising using the n-gram frequency similarity computation to form a binary key
that indicates a similarity between the candidate character string and each of the

identified reference character strings.

7. A computer-based method according to Claim 1 wherein

indexing the candidate character string within the database comprises:

implementing an n-gram frequency similarity calculation;
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11. A computer programmed to: utilize an optim zation search to identify a
set of dissimlar reference character strings in a database; generate an
n- gr am r epoasenississon for a candi date character string; GemMAISat08/08338H- gr am
representation for each of the dissimlar reference character strings in
the set; determne a simlarity between the n-gramrepresentati on of the
candi date character string and each n-gramrepresentation of the set of
dissimlar reference character strings; and index the candi date character

string within the daigbagecaasshon it Bindly REYst the6irfdiaRisa Bislldrfy t he
n-gram representations. 12. A conputer according to Caim1l wherein to
det er m nebawséma tezpid assimated ithtthecandiftatiehamstas seinganid secosds asheciaehdi dat e

character string d. eac -gram represent.ation of the set of dissimlar
r ef er ence% h&?@b‘f@ﬂe @?Pﬁ‘ﬁ@@{e LG C@%ﬁﬁtﬁf&mg% further programmed to compute
t wo- di nensi onal vectors containing a frequency of occurrence of all unique

n-granms in the candjostahgreeheksadt ehars thid saghedithrakby valugumdngrans in one of
the reference character strings for each of the reference character

strings; and conpute a sim/larity netric for the candi date char er
string, with respectortipg RigdainedrespriOy relsangs L8 SuRHng e pd%‘i‘ié? %ﬁh‘? he

t wo- di nenﬁj‘xﬂﬁﬂ%ﬁ/ ?(Jg%%%rcﬁ"alljrﬁatclﬁ‘ngﬁfgd?%gr according to Claim1l2 wherein to

conmput e the"si ity metric, sSaid conputer is programmed to utilize a
structured query | anguage cal cul ation to conpare contents of the
t wo- di nensi onal vec8.ors. Al¢omputerhgret emethod oretiondjng otoClCaaim 11 WhigesiRi n t o

| ndex hein%ea)gg;g qﬁlé 8ar§:£c§gtg Sh&hed! Sl ’cosm%lrigescge e?&tl%rg 4 Tl 08F %%?391& 0,
metrics for the candidate character string as compared to the set of reference character

strings.

9. A computer-based method according to Claim 1 wherein

indexing the candidate character string comprises:

assigning a binary key corresponding to the reference character string a

value of 1 if the similarity metric is above a predefined threshold; and

assigning a binary key corresponding to the reference character string a

value of 0 if the similarity metric is below the predefined threshold.

10. A computer-based method according to Claim 1 wherein
identifying a set of reference character strings in the database comprises using a
principal components factor analysis to identify a set of dissimilar character string

records.
11. A computer programmed to:

utilize an optimization search to identify a set of dissimilar reference

character strings in a database;

generate an n-gram representation for a candidate character string;
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assign a binary key corresponding to the reference character string a val ue
of 1 if the determned simlarity is above a predefined threshold; and
assi gn a wWonaswosksy corresponding to the reference char actrars2eB8osssgs a val ue
of O if the determined simlarity is below the predefined threshold.15. A
conputer according to Claim11l wherein to utilize an optim zation search,
said conputer is programed to use a principal conponents factor analysis
to identify a set of dissimlar reference character strings in the

dat abase. 16. A conpif.pic BRs6HaMBERRERondBPERN FRLE diBineilr HefeRinc® =~
candi date character“string to a set of reference character strings within a

dat abase, cleaicterseingedn therspl; i si ng: i ndi vi dual |y conparing an n-gram
representation of the candidate character string to n-gramrepresentations

f h ref t ' i t . ch
U7 ngs: and goner aBTRGIAE of PR R AT (B s SEEERRRGPIRT IR Y, 1

candi dat ec4ARtate tigfragér’ stFigg dntiecabh magiim rapessentatiore of nhkk sett ofdissinslami | arity
bet ween the candi date character string and each of the reference character
strings. mERrencechagieesriBgsaad net hod according to O aim 16 wherein

i ndividual Iy conparing an n-gramrepresentation of the candi date character

string to n-gram rephesent ARk Rkt SRideHRANRNER RMLRCEREd Dhlthe'd
conprises using a structured query |anguage n-gram frequency simlarity

cal cul at i similacitiesodgpermenddhie thgn-gram egpressetptiasi ons. 18. A conput er - based
met hod according to G aim 16 wherein individually conparing an n-gram

representation of t candi date character, string.tqQ,n- r epnt ations
for each reference ar a‘ét %c}mg\ﬁ?ri ﬁﬁcoﬁ‘ﬁlﬁ%rt?s lgi:mgl)l g'g?rgg{m%rndﬁgep%ﬁl%nagni t ude
(A) of a yashety BeSeeh e d-gthrh replRGeratnad the candidate character string and

each n-gram representation of the set of dissimilar reference character strings, said

computer is further programmed to

compute two-dimensional vectors containing a frequency of
occurrence of all unique n-grams in the candidate character string and all unique n-
grams in one of the reference character strings for each of the reference character

strings; and

compute a similarity metric for the candidate character string, with

respect to each reference character string, based on the two-dimensional vectors.

13. A computer according to Claim 12 wherein to compute the
similarity metric, said computer is programmed to utilize a structured query language

calculation to compare contents of the two-dimensional vectors.

14. A computer according to Claim 11 wherein to index the

candidate character string, said computer is programmed to:

assign a binary key corresponding to the reference character string a

value of 1 if the determined similarity is above a predefined threshold; and

assign a binary key corresponding to the reference character string a

value of 0 if the determined similarity is below the predefined threshold.
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representation of the candidate character string; b) determning a

magni tude (B) of a vector associated with the n-gramrepresentation of one
of the reakWenemussssharacter strings as magnitude B; c) ceopais2evg/osssdopt
product between the two vectors; andd) conputing a simlarity netric for
the candi date character string with respect to the reference character
string according to (dot product / (magnitude A x magnitude B)); and
repeating steps b), c¢), and d) for each reference character string. 19. A

conput er - based net hpg acRopghpstet Acldrdin® &5 Mgl &iln whbris apdiateas har act er
string is one of a nerchant nane and a nerchant address and the set of

r ef er enceopthmizaidere scaseh, i saigs cothpiien is hevgtranabhde use &, PHRERA COMPONGNLS 3 | ar ger
set of nmerchant nanes and.nerchant,. addresses 0. u - met hod
accor di ngfafg’rcﬂnélpy Slé’ fl%inpﬁ’gra é%rr%t; i%lsslswglgl:farj rglfeﬁighﬁzﬁ %g%arg%sgtﬁ ﬁg{)q@ﬁg?e t he

same bi nagmakddgdex val ue; and sorting the joined records by rel evance by
summ ng the products of the frequency weights of all matching n-gram

representations. . .
16. A computer-based method for approximate matching of a
candidate character string to a set of reference character strings within a database, said

method comprising:

individually comparing an n-gram representation of the candidate
character string to n-gram representations for each reference character string in the set

of reference character strings; and

generating a binary index value that is associated with the candidate
character string, the binary index value indicating a similarity between the candidate

character string and each of the reference character strings.

17. A computer-based method according to Claim 16 wherein
individually comparing an n-gram representation of the candidate character string to
n-gram representations for each reference character string comprises using a
structured query language n-gram frequency similarity calculation to compare the n-

gram representations.

18. A computer-based method according to Claim 16 wherein
individually comparing an n-gram representation of the candidate character string to

n-gram representations for each reference character string comprises:

a) determining a magnitude (A) of a vector associated with the n-gram

representation of the candidate character string;

b) determining a magnitude (B) of a vector associated with the n-gram

representation of one of the reference character strings as magnitude B;

¢) computing a dot product between the two vectors; and
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d) computing a similarity metric for the candidate character string with
respect to the reference character string according to (dot product / (magnitude A x

magnitude B)); and
repeating steps b), ¢), and d) for each reference character string.

19. A computer-based method according to Claim 16 wherein the
candidate character string is one of a merchant name and a merchant address and the
set of reference character strings within the database are, respectively, a larger set of

merchant names and merchant addresses.

20. A computer-based method according to Claim 16 further

comprising:
joining records that share the same binary index value; and

sorting the joined records by relevance by summing the products of the

frequency weights of all matching n-gram representations.
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