METHODS AND SYSTEMS FOR IMPLEMENTING APPROXIMATE STRING MATCHING WITHIN A
DATABASE BACKGROUND OF THE INVENTION [0001] This invention relates generally to
merchant predich8TYYERS, and more specifically, to methods and systenf& TP SABERERting
approximate string matching within a database in relation to joining database records contained within a
bankcard network. [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 RgyrPRIDSANINGVSTEMSFORIRPYSIVETNTINGhe issuing banks forming
associations (e.g., MasterCard{%}gnd involving thi (1]@ rty t ' ssing companies (e.g.,
"Merchant Acquirers") to enab é’éﬁr‘aﬁé%é‘%%é%& %ﬁ&%%o\&a ﬁsﬁgt’%ny merchant's establishment,
regardless of the merchant's banking relationshipA¥idBgticard 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 relatBASKHGRBINIKFUSIEENAIDEIERISt 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 merchaspigiaccant afQEmiohk PRURENEEM YN ohiiehassosiatiensmhouses name
and address information for thousands of m%’chants and merchant locatiops in wi11at ist{eferred to herein
as a data warehSNE At A79 nTREhSRERESHER 180e™ afBmifiisKeSr &NtrifeRIT T G8ta warehouse.
Many of the locatjproghiriessaiggkinewiite Withitu plizatbsdireretafloctogtionsgidatehre savdfds address
information in the transaction. data. ol X }E' the same street address can be written in a variety of
ways, all of whic%og%éngglﬁqgé?g?ﬁ) 2}18% é’out%rw goUrth Street, 400 S. Fourth St., 400 South 4th Street, etc.).
Names can sometimes also be represented in a number of ways, all being,valid. Current database
technology is very limited in i@%%ﬁity}{bsﬁ%ﬁfﬁl e}ﬁ?iegsﬁ/itﬂgin?ﬁﬁ?gﬁeldc %ﬁeéogugﬂng%eéme and
address. Thus, manydieardypioatevaserchant rgimed antibasedcant! bicatiops beevestdeed into the data
warehouse. .cred[f?s%?i]n' baa%}éﬁ"ﬁﬁé RE %%%S_fé‘&f%&f&%@se af@@%@lﬁéhﬂ%&? AR ARPHs1S,000
candidate locations (e.g., new merchant locations) that need to be ‘checked for matches against
approximately fivinepiltervestarigh Gatifssing dasks imming assegistivarelictis 2 @HERINg for matches

serves at least tyQ AVHRPERRI ARG, 1AAS1IRI08 Pitesimiainpaesangd.| onRANMRSSas Gaetde identified as
one entity, rather than several. Additionalé)y if the names or addresses gre tpo dtiﬁﬁrﬁé]\—%] tft1e association
can determine tHar AL ERILFRHIR S ‘?Wh'é%%ﬂ@%ﬁtﬁ?ﬁlfagtcaéléfslélﬁrﬁp@llas[i%g aRdhAS been replaced
by another entityegardless {d@Ghdhlsmnanbending letaivashipatthithg problksosis also encountered in several
other contexts where third parties provide the association maintaining the data warehouse with
transaction files and thereforgd@ﬁ)tg;] ofppezhaptd)anas. and Rddressde Gptnsionhievararised to
enhance and/or validate the

ata warehouse, In_ another third t}/ ex En le, a list of all locations for a
large national ref’éﬁg}pllﬁféHP'HE'P@E%@\P@&?’S%&?OF@H%H gyg}g%?gnggagnléj%a@@ggggymcggr t be received. A
team charged wi:ﬂarmi'rttﬂdnihg Mmtﬂm,vﬂmai_mm&anhasgm{ deithothedesskrdy eatchirigtbe list received
against known locaions. 9 e Felallsh or heiMarious <cIA09) QU YD hels o malghes between

the existing Iocaﬁons and new locations is through a string matching algorithm. Theréfore, any solutions
that might be utiipdustirtetangiheiecHin gashowneblas caipesel ot eI Fsnsdolionelip ##htabase (the data

warehouse) systgiifidirdrBaity, sPlbionsdReforstor 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 izt@%@m@‘;&@g gaiphese (e dala Warehaus ok UM card. [0008]

Therefore, there exists a her e unmet goal of developing a technique that would allow a data

warehouse teanfes pefféitnaassiainnralowsmaamfd ad Asdecr ddarmpiion ritsr hovsareh Alerchant records

in a scalable mappRLYithima daiahastosysiatin WndrsEagreasylhweuldsoe Arompachsand accurate data
warehouse capable of sup stream ications, for ex utiIizirPl%urggstorical

orting other do appl npl
transaction data® B’Fem‘&rtc?ﬁfﬁr (AT fFa?{ga{g%%ﬂgs a oc?ltgfeér%ﬂi?\%]il) 1 WALSO8SS relations to be
made from the dstanyBR ifhé IDEG@RIFTIONMe QR0 Eo | hb/daiNTdadN due to 1000618 onemspect, a

computer-based, mplhad L. ChaanRicHINADAIGACGh AEANCIAAIESHATRCIAL g Wl a pluraliy of

character string records stored within a database is provided. The method includes a) identifying a set of
reference charaddsiraings be Halgaivasarithe cbrshcl Garhide rgnide Fehtiffl RHiing 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, c) generating an n-gram
representation for the candidate character string, d) _q(::-termining 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



[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 algBRAMP#Fat Dassifies merchant locations. [0018] Fighfd/P'438wehart describing
an algorithm that classifies merchant locations. [0019] Figure 8 is a diagram illustrating merchant
aggregates and sets as documents in a classification system. [0020] Figure 9 is a flowchart

illustrating determination of a set of reference character strings, or principal components, within a

database. Fd02 $1Eigure019 isoariowchash iRustradthgwdilization ofanselcal iaeaRes strings to
determine a similarity metric for a candif(ﬁlﬁte C aracteq %éring. ﬁ%TélLE[%g)tE CRIPTIQN OF THE
&h elalE%0 a4t

INVENTION 2150 beeemspseRls Sinp sy HAL e et RS ATROSRY for retrieving
approximate stringvéeydindhedractesr afilingjonidiailyseinrg deidbsiselavhidll velueavirng te samspute a similarity
metric on the entjig galahase ThralaP ARPIRKHDALE AN MAIRRY hd A UARAISAbE GRived location
data that varies somewhat in content,”matches in location can be determined. This efficiency is
accomplished byeejersdriatmBradstaaryrehaese 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 [(t&xdhaint npies ancddsdatidas fasdeciatedatiith, therogrraltion of a financial

tansaction card sygie s T RIHANA NORAD e APRGK A BN PtENng egpiave s

applicable to more’general tasks suct ormation retrieval where instead of matching character strings
of merchant nanieatghesasdiesisnmenimalely. Deliondasadaniniries tReeasonnithie s R matching of

documents withig,a$RMRUIehS Y8R RIng for mdRR&Siviachniaal aiteptghtRs. spsigmsandsrocesses
described herein include at least one, of (a) a technique for.ﬁ?erf. min axpeprox'{mat(%hggr{rﬂg and address

matching in ordePtd SRV PRPER ARE ro 05 AATRSEFS AL Ble HFRRHET AitRIT SURABAEE M8 m (b) allowing
for the determinatiosabf A diinidaritly nietdrécrfone oandiddeste scirarmotdifiiring thithsespdionterrach of a
purality of referenee sharadicl-lilgshicharoeraiia e MR hakeapiith eqahgndidate
character string's relative position to"a set of reference character strings that spans the space of strings
within the datab&senferplaeedidlianpbierPptiéiiched; and (d) retrieving approximate string matches between
a candidate character string and a database that contains a plurality of character string records without
having to compute the similarfiep0agtrithie nine enditecdatabasehidg odrids: is also ef@0@Hréd one
embodiment. & SRURAE AP AR eed AdaRRAIAIE RIRAGH ARAAAHET readable

medium and utilizes a Structured Query Languag with a client user interface front-end for
administration adéta wessheterfadth rorasastivardilescrnh ghersferdistiriel marhaXeniBIsty?8fhbodiment, the

system is web epailad andiDEsnaica AUSifRse emtiticihiRnatvin yat arciherarneadisent, the system is
fully accessed by individuals having an authorized access outside the firewall of the business-entity
through the Inteﬁﬁ’é’tt?'ﬁli WG RREY 8§%"ﬁ%7aﬁﬂé‘iﬁzﬁ8%iﬁ%célﬂﬂ%§rs§/ 3L YRR deaeT iﬁ%ows(r)

environment (Wiredeiwsljsoa hegiste rbditrademarknef Mitrakbés€onpdglstibn réikedmiond, Washington). The

application is flexjbie ang) e&%@@%ﬁ%m N iguR e eRLS By IaRMENR WAL AR RIOMISINg any

major functionality. . 00- systems and processes are not limited to the specific embodiments
described hereinisrressitieibpganrlmventecaiendhrdhe tstailsher éBe#-process can be practiced
independent and separate from other components and processes described herein. Each component and
process also can be used in ¢o96Binafion wathtotiheclafseminthigedekacrestbnexprtogeksetons [0026] By
way of backgrougith FIgHis.4iime s shemats diaam.eldlustiatintharrryemplanadllisady payment

card industry system for enabling ordinary payme_nt-bﬁ-card ransactions in which historical transactions

are utilized at ledBtimiskithg v sk R stbRBYeh Hié Rensatable dithintes Sns W wilized herein,
aggregate merchaghiafaks tehe high levelsieupisgehmerchiaat japstiensiMereispearically, the various

individual merchant locations for a retﬁjler age a%g];reqﬁted tqgftheqé‘g&ﬁgn Iirﬁked to one another in a
database) to for@PRIYHHEE SRS AAERNR. ORETEr RS 18CAN0R RPlRrérore 2o Miponent of an
aggregate merchizawbagipicakiydingadgregatemisrobrmribibtiive dsweenirefertiood speaithain of stores and
!ocatlons are ag%gga@%ﬁqgg%ﬁa% %Etﬁﬁﬁﬁﬁég{ﬂ%tg%ﬁ%og%%%?%@ number of field values stored
in a database of transaction data. [0027] The present invention relates to a payment card system,
such as a credit card payment system using the MasterCard(r) interchange. The MasterCard(r)
interchange is a proprietary communications standard promulgated by MasterCard International
Incorporated(r) for the exchange of financial transaction data between financial institutions that are
members of MasterCard International Incorporated(r). (MasterCard is a registered trademark of
MasterCard International Incorporated located in Pu[g_hase, New York). [0028] In a typical
payment card system, a financial institution called thé "issuer” issues a payment card, such as a credit
card, to a consumer, who uses the payment card to tender payment for a purchase from a merchant. To
accept payment with the payment card, the merchant must normally establish an account with a financial




[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, f8Y0, gﬂﬁfﬁés,scustomized issuer-merchant relationships Whi|§%>’/‘§gsﬁ?%%g§§ g historical
data associated with the transactions. In another embodiment, system 100 is a payment card system,
which can be utilized by account holders for inputting processing codes to be applied to payment
transactions. [0034] More specifically, in the example embodiment, system 100 includes a server
system 112, and a plurality of@ligy)t stk=gYsteMierelsgsteterted i ausliantsybtgms dibgingonnected to
server system 112. In one embo%gpget%ﬁ, cIienJ systems 114tare ?omé)luters includma%ean\éveg browser, such
that server systehiSFi38G Hat elieht gtjstvé?ﬁes 5 (&R g HE TS EE ChEnt Systems 114 are
interconnected tantheddrtssnedtthiog gharanteimtedacesciroiudingda instwerlkbsuvhnasr avidual area network
(LAN) or a wide argg gty (AN diaiiapnRgRioRs: sable.mapms and sRapial gl speed ISON

lines. Client systems 114 could be any device capable of interconnecting to the_Internet including a
web-based phoriaigeessh Seanitl HsSiarrineDahen rdxwBstiHB- sRBLEAHEHhe LTI BH Spment. A

database serveryliBiis aanoaeieciasactaiobascl gRAaeNtaitiadinioia atieh emeavsistyral matters, as
described below %n #I[Beater %etail. In on emb(%d'ément cgntratF‘z tdatabase 120 is stored on server
system 112 and ST BIG HBEEHGRPBE IR0 S8 FR4F SRR OFE i8Rk systems 114 by logging onto server
system 112 through one of client systems 114. In an alternative embodiment, database 120 is stored
remotely from sePPeFEJESHRIE DI GRHEeNYRRA Hllized. [0035] As discussed below,
database 120 stores transaction data generated as part of sales activities conducted over the banlccard
network including data relating@@09etsharntssmccountihpiderbaset ustibmefs; amdaotarcktses. Database
120 further inclugles i Jelafing e (e WaTdS 8" 095y And SRRHA! offBisor g HRGRRSING codes and

business rules associated with the different rewards programs and special offers. 0036] Figure 3

is an expanded Blewsk drigiam SRabrxisnmsaiedmIbgimekediaciilepaldmtifets e oeh Yystem 122 in
accordance with,gfag-grRANPRILR{HRS iRr@sankibYeNIRN r ERPOBRIIE Y Sisigimidead identical to

components of system 100 (shown.in Figure 2), are identified in Figure 3 using,the same reference

omerale ns usell HPGER QS SR SEST Eh AR CL ISR RS BTt SBHTE 114 Server

system 112 furt.hzer ingimﬂaeseda@bﬂﬁerséovﬂlﬁ, tie apﬁehmai&pcharmwr itzinga We@cseﬁ,@f 126, a fax

server 128, a direGloly 3eiVa! d a0 ahgh & gehér%%%r &133:%%@%5&&9&?@&0&{”1*&1% kufauRied to database
s 116, 124, 176, 12

server 116 and directory server 130. Serve 6, T2 , 130, and 132 are coupled in a local area
network (LAN) 1g/8iaaterduring, B dysmapningniisistaisy avrestiiion 856! SFusssitiitation 140, and a

supervisor's worksfatint 3sbs aeLpjeeriehk Abhdidh ANtesmaty ek statigns k88 s34k and 142 are
coupled to LAN 136 using an Internet link or are conpected through an |ntranet. 0037] Each
workstation, 138{%%5‘%&16%&6?75 Q"ﬁ’éﬁ%@h&tﬁ@gﬁ]ﬁﬂfiﬁ}{g frge Wes nrdévx%eeﬁ RIFRSTSH e functions
performed at thewithikstati ot atygsic hhsai eoil udtratiettasitvel ngj pdafoien cbebveas gbetinegipmrkstations 138,
140, and 142, SycluaGliRge SRR ARHRLTRE RIQGiAL MR RIRNRLMRHIESARNAIR 0 LAN 136.
Workstations 138,"140, and 142 are illustrated as being associated with separate functions only to
facilitate an undéhét’dﬁ@ﬁﬁﬁ%%e different types of functions that can be performed by individuals having
access to LAN 136. [0038J Server system 112 is configured to be communicatively coupled to
various individuals, including Eisibydesribdtnmpdd, thicdngarties; proyideddabains poddemmedstomers,
auditors, etc., 148 yging an RS0 CoRASEIRRMAS A TRe semmniGAtoR b gxamplary

embodiment is illustrated as being performed using the Internet, however, any other wide area network
(WAN) type comiRgrcatichdesabase. (BRTEEHSI7H (e @ Bagssatiion or pealteinchiackiocesses are not
limited to being ReAgHiCRG ¢siBar R HeraRbskaGeiiTon e NI b AiHAT AN RO deeadtarea network 136
could be used in Place .oft ANtléq. . LOO:%QAtInghe exer%)la_r em?odirrég&tfi&nx '%horized
individual having A WS ris o 1 59 EENS 2 U e RF 155" AT LS ThE B e ahient systems includes a
manager workstatintidb&6 dowaten atrmgemadteaithcatiam\ykpriestatitios 54hansttl 66 dissipdpsonal computers

having a web browser. Alsp,warksiafions 126 And 1RE e seRiauRd-e-cammpuURiaale with server

system 112. Furthermore, fax server 128 communicates with remotely located client systems, including a
client system 1568%/81ry BeasthpmBiieifrikritiss &pvnintd &nithe Srsrgt BT LM inicate with other client
systems 138, 140, and 142 as well. [00401 Figure 4 is a flowchart 200 illustrating high-level
functional components for one embodiment of an ensemble, or aggregated, merchant prediction system
where each component provides a prediction relating to operations of a financial transaction card
network. The predictions are then aggregated into a_§i_ngle prediction as further described. This
aggregation of predictions is sometimes referred to as an ensemble prediction. One example relevant to
the embodiments described herein includes aggregated predictions that relate to received merchant
location data. While introduced with respect to Figure 4, all the prediction algorithms are more fully



[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 rgébQB?/Pﬁsﬁ%chart 250 of Figure 6. Specifically, the merchdiftiCABAHAEA 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) Iocationwyitnin fh Paticulabieatusgrepace (ssmafigerfbassdwhicthb@ngaction data is
input into the algorithm 202). Ta% m(\%%t frfﬁggfpgt%/ ?%ccurrin valute that reisultts from Wagraglgssification of the
(k) location recofHE'REE % NRIHELE Refy Ifs FRTETSH 18R '8 MRS VAT UEEMNEd as described
below. This moderkpiueiihireddnshd8 mevidedorEbéatiothddony aldpsitkdmidegly comparif@080] As further
described below, then e URRAIAN IR UARIRR:E 3r.R0GkE fha'E tRKERIRI NGB IDYSISe document

frequency is comp%ted all tokenized field values spanning the feature space. In one embodiment, for
each location, aejshrséraeasigteraseigitngdnibs sstcdirmieraagashuati MiaSrand 8FrFBHER tokenized field

value as the term fiagyaREWINNRISE Qs UREALEEIHENGY. chh@ Rre distiendtalimds wemiaried by joining a
given location field to every other locatjon field based gn one %{Fér%oge of field nggngrég ield value.
I

[0051] The sparsRF RS HRRIAISs AR BRMYSHL DS SRR E 3B tE ST U5 388 S48t ferm tokens and
is generated as desefibadcérnihapearsgiggehs below. [0052] The matrix is created that contains the
inverse document frequency of all field values and tokenized field values, and in one embodiment, spans

nine dimensionsginErpesiiviemeadvrenEhssa winesdimensions include a merchant category code, an
Interbank card association (ICA) code, a business region, a merchant name, a merchant phone number,

an acquiring merchant ide”tif'ﬁ{)’l%gﬁﬁ&%&jécb6}?@ds%ﬂ@%%{'rcadﬂgxr&ﬂa{ﬁhﬁﬁﬂhgaﬁeﬁx@ﬂfﬂlﬁriﬁdera' tax

identifier. These dimensions are | In all merchant location records. The inverse document
frequency is the 1ogameTHH gAYSKatspadiiindnspessivmibn rnaklng ordingis gavnertr A number of
records divided by thgimagiber 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 Wr %gﬁ%c ant £°§§Hﬂﬂ§edﬂ8?oay@ﬁgfa9f _rgtc%d%)&%%ging a particular

term is computed by counting the humbBer of merchant locations that contain each term within each field

type. Field Typedribrdimsnicofhasser pubilasant Pfequsisey ipassdmsnBahame £ohetimerd 788106546
Phone Number 3082285882i8/0a@rp53135 Merchant Name Token DCC 5.0067468324 Merchant Name
Token DFQ 8.9807516239 Business Region 01 1.4041323134 Table 1

[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.



[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 TaBY@ 2°W/AEE%he nine dimensions again include merchant ca'fSaWiE%A)é?q@A code,
business region, merchant name, merchant phone number, acquiring merchant identifier, tier merchant
identifier, merchant legal name, and federal tax identifier. Location Field Type Field Value Term
Frequency-Double Inverse Document Frequency Weight 100 Phone Number 2014234177 .2453254 100

Merchant Name Token BE .1236P lguMeschantdvarme TokeatE HibddSagprighes Identifier
525414152

sets as documents in a classification system.

[0020] Figure 9 is a flowchart illustrating determination of a set of

reference character strings, or principal components, within a database.

[0021] Figure 10 is a flowchart illustrating utilization of a set of

reference strings to determine a similarity metric for a candidate character string.
DETAILED DESCRIPTION OF THE INVENTION

[0022] The embodiments described herein relate to an efficient
method for retrieving approximate string (e.g., character string) matches in a database,
while not having to compute a similarity 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



2155224 100 Business Region 01 .0252546 Table 2 [0054] 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 v lﬁbz,ﬂﬂ?@’ﬁséﬁﬁnming the product of the term frequency-doublg?mjfg@él%éﬁnent
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 tharmsnbaiedlocatiantereng thetar thidtedauiesalibascahiths agsitratied the same group
(predicted value), the individual Weiq ts f‘(t)l{ thei‘k locz%ltions thi%get%%!rgpag}tto trég.gﬁt%glgted group, and the
variance among th& BT 0SB Ay S B A 1 o S TP DS climents Brediction (algorithm 204)
[0056] Figure 8 isndrdidagnbase300eithrsirating 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 docpynes)t releyRsehalaaknmsEepumaRbeemaoyediiddjniehiet search engines.
[ coIIectlg@of merchant

Specifically, a relevance, of gagb iyen merchanttlocatl %to eezachma E?ﬁ%% opcollec of
locations is comBtiedad SLPB& SO Puter rea{é EAFE e 4 docunient 302, relevant features,

0 genera
for example a stieapagigr Q] avatbxtrdcte dscomtdtfacd tabesd Gatedraiuitimetitnm anslaratity of locations 304

and are grouped igsete (L AAMRIS 351 308 EAHUSIAINE AP SED(iRRIAME00 Includes four

location sets, 306, 308, 310, and 312. Set 312 is [abeled as Set M, indicating that in a specific
implementation #&temAsHEbsmabled sl inBn iy Brsiass wiviHe e, iR H AP Nikewise the number of

locations within amedaRMameEpmRAReANyNCcessed by [RASRLTBaFeReiaeandagetmesiss 302, 320, 322,

and 324, each of whi(fh i%:fludeili%%agt extract%(t:i fﬁgtur S aEetcoII?cig% praigicg(ignag 330. Utilizing the

dictionary 330, 2”4 ISR AFAL.AS e BRI SSRE R B WP e A as o LA SH ST FXARRE End tokenized

field value is corapbteiimenilizhegtitene it taitgduie atar®spfore@chdggregett €W msreh &t group based on at

least one of a tef@%i@t%?e‘d‘%&%%rﬂm ifsl\'/ﬂ&%ré%‘?t @%ﬁ!iﬁ%@i@kfr}@&iﬂﬁ&ﬂf-Washingt$9959ﬂné/v'th'n the sparse matrix
0 e

340, a matrix of location level weights Is joined to a matrix of merchant group weights based on field type
and field value. PaRlispianosthedbloangesienedi ey » BreusABESHAY Y BTERYERY engine 350, to

determine the relguaneaioheash igetiamiadeasty 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 weigltsfor term ryles.andterm iakens is arRRarALeS a5 descpibgddn the following

paragraphs. [0060] First, a matrix is created containing the inverse document frequency of all field
values and tokeripbadirnydaesibphhaieg thl AtdtinmeraBreited stsbukeraibificBpecifically,

merchant categgiy&adesakC PeCoeiRBUBI R HRRIRNaKACEEhRRE NREIR, JIRIChaRpPGNE admber, acquiring
merchant identifier, tier mgrchai)ntdiq?ntlfier, %(?aﬁ]chant Ie%al name, and fefieral ta>l<) ident&fier, across all
merchant locatiof ¥&EaTIs- 5P 1G58b1) FRUIPRRER, MRS L5RFESaIET 158t ESE dBcuments
prediction algorittimpandasvstioviriraskabldy3hdtiagoyendeoeisnsent frequency is the logarithm (base 2 in
one particular embodiment) of the quotient: number of records divided by the number of records
containing a particular value. lgoosie e5phesinebhckiolne e qunenicdiaduenaiaiseorputed
separately for each of the nine dimﬁ%sxionslghe number c%f rec r.dla ist comgjtutedfas th%lliwrlljmber of
merchant locationgSFHEh i 5EF 8P o PSR Rt IR S Baf LIS tEm, ¥ E6Mpate&™dY Counting the
number of merchatinioy atipmstihby-camdt aimemtlrte imwhithirhisaelvfidtdnsaotioRield Tylizedisld Value

Inverse Documef&l§ rﬁﬂHﬁ?Wﬂ'ﬁ%n&%mez{g%%g%%sﬁ%ﬂﬂg&ﬁflcg@ﬁ@stem 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



Phone Number 8002285882 6.0265553135 Merchant Name Token DCC 5.0067468324 Merchant Name
Token DFQ 8.9807516239 Business Region 01 1.4041323134 Table 3 0062] For each group,
the cross-attrib & FBHAREd term frequency-double inverse document fre&ﬁg e 8?ﬁ’fﬂ.lted 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 Figid.fiyRe dricddoyalaedTopaitereaiantieriestivenverse, Bagdnoant ueguesty 14420
ACqUIrIng mer e R A s ditadiads Of transciion dat
[0027] The present invention relates to a payment card system, such
as a credit card payment system using the MasterCard® interchange. The
MasterCard® interchange is a proprietary communications standard promulgated by
MasterCard International Incorporated® for the exchange of financial transaction data
between financial institutions that are members of MasterCard International
Incorporated®. (MasterCard is a registered trademark of MasterCard International

Incorporated located in Purchase, New York).

[0028] In a typical payment card system, a financial institution called
the "issuer" issues a payment card, such as a credit card, to a consumer, who uses the
payment card to tender payment 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



acquiring merchant 000000077519532 0.0052360583 14420 Tax identifier 362023393 0.6529357998
14420 Business Region 05 0.0627648557 14420 Merchant Name Token TEN 0.0011391784 Table 4
[0063] One grodﬁ%g%%{ﬁgéféﬁip prediction is computed for a given location b@ﬂyﬁﬁﬁ”fﬁés?ﬁ%s from the (k)
- similar locations matrix, which is described above, to the group matrix 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 predicted group and confidence score is the group with the highest similarity

score (given by e 54 of theviyeiohis mweighisdersnatahipg fieldivalises apdstokenizédsvalues). The
confidence for this prediction is the resultip% score, . [98643 Tr ir% Partx D§t Prediction and
Location Matchif§itHRJBHHARS 2B8)requcst 1SD3RBLAZNE SOpSreit B an ensehble prediction is an
algorithm 206 (shawestiis Bigeped; athattheisthird ity iprodde thdaterdhetthas been matched to a
database of financial transactions by merchant location. In one embodiment, these third party records are
assigned a chain identifier, th@onelptesntar £xaqugle fée antndetiod heseepai) identifigiebiare linked to
groups of merchant Jocations associated with the. financial fransactign card brand (e.q., the card issuer)
The prediction, tﬁréééﬁ‘cf 1 ?E §?rlﬁs|6¥§l?ﬁsea§f:8hl%tlr% 5 ?ﬁ?%rr% Aari gg)tlén 8§¥reasf)%aﬁ ?nla ?(%)e[tﬁgsé CiZlin to which a
third party recordnrasdizen lioked cFimsnierdngefolioty déoastohanataidingssesidéeetibsuthin #e next

paragraph. MabPQB Sl e RAM Iﬂx%m}‘a%@,s ] Em%%&rmétﬁﬁiﬂ'gooﬁ‘&yaﬂmao rovider where

the locations have been assigned (by a vendor) to a chain. Each chain within the space of third party

merchant locatiohsrrbadRypiages BRecapFrephdtansarios elsny & 8iss apuhyr st tfierchant

location matching.aagine issacthtmisthditesapt O thieg partiepedkant Jacationthecasdshiatthe set of
merchant location record maintained% e card ifsuer. The pr dictec{ f&)r ag(i)\ﬁetﬂgocation is then

computed as the §IBE dBFrEaRsNHRY TG 98 SRR Co RIERBIE Fn(éat% fie rr](ﬁy Gany location record which

was matched to pocafdaksteemmarchfintdocationm reoorld. 4T rensortfidebrfersdorie tepheedhatch confidence

score assigned byde SPRLRHIRAL® MeichARbIRGAHAGRAUSHIACAB0iRe: QRATIN el Signature
Prediction (algorithm 208
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



[0068] In one embodiment, a merchant numerical signature algorithm 208 (shown in Figure 4) employs an
observation regarding the distribution of numerals in the first position of a transaction amount and a
transaction volufh2 ¥ 96’3?/5.5?0 be specific, the distribution tends to be som%é?%ﬂ?&@?%ﬁen various
merchant data is aggregated. In addition, the distribution tends to be in consistent with the distribution
proposed by Benford's Law in natural data. In a real world example, a chain of fast food restaurants may
illustrate a tendency to have a particular numeral appear repeatedly as the first numeral of a transaction

amount. Such a ¢eRdpRCy:ehbatiiaed ni-ieast pastishyhite idantfylstopexassipte hikatieafranchisee
location of a fast food restau;fmt_ h%@ﬁjis at a {)articuiar loc%“?% ora uglnrelz1 S vstem 1 &8069; One example
of a prediction uffiAnk e n‘%{%o MY CeAtTalS of'm

1é)HS[oercen random sample &rchant focations from
each aggregate pagnehantaigroyplieg, oWvhdrchantbdatallizzdibiribotiomtohtiidersuiobeipatti9moccurring in the

first position of the iagsaclian.amAULARY B SACHORXOlURRSS 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 i tlFe first position
of the transaction amount an(got(?%lﬂsac el \S/%Efﬁlrfri]cealg ’tﬁ%r%ggo%%rﬂl e[% ?&bgdélll\l/%nn’ rf'?ésr%gﬁlaE? ocation. The

angle distance bietireies dherwbsu?buﬁpmlandlﬂwepiisaiibudbdim&mtiﬁ@dswrﬁ»gmgm@m%d/\tfi@%ompute_d. The
aggregate merchgl il e an9le.disiance 619585t @ inmarchapt iacaliapiaangle diiance is given as

the predicted aggregaté merchant for the given location. [0071] More specifically, and for each
group, the distritsysismbi iHe PRI DiInsRIiREACE b BRI hEHTBERT &Vl sysem B26s7 g, 9)

spanning all locajignsiviishis the-gropRia@mong4hestrangactioncetnt, Cransagliemmamayntrand average
transaction amount is com{%ﬂted anﬁgre‘%reﬁnted as a perc ntage of the whole. Said distributions are
|

then stored in a {ASTSOWFElS L ta SORoRh ARy e AT ot B A Be Ol B s fribution 14420 1
16% 14420 2 14%c4d4420n8tR08% A4ITDot 4 Widd 442 DSFvEsyk (W4DY), dial-in-connections, cable

modems and special high-speed ISDN lines. Client systems 114 could be any device
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



6 19% 14420 7 2% 14420 8 8% 14420 9 4% 58625 1 8% 58625 2 14% 58625 3 12% 58625 4 3% 58625
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components of system 100 (shown in Figure 2), are identified in Figure 3 using the
same reference numerals as used in Figure 2. System 122 includes server system 112
and client systems 114. Server system 112 further includes database server 116, an
application server 124, a web server 126, a fax server 128, a directory server 130, and
a mail server 132. A disk storage unit 134 is coupled to database server 116 and
directory server 130. Servers 116, 124, 126, 128, 130, and 132 are coupled in a local
area network (LAN) 136. In addition, a system administrator's workstation 138, a
user workstation 140, and a supervisor's workstation 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 computer
having a web browser. Although the functions performed at the workstations
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.¢., 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

-10-



5% 58625 6 3% 58625 7 30% 58625 8 18% 58625 9 7% Table 5 [0072] Once the distributions for
each group are comguted, the numerical signature for each group is determined by computing the dot
product of the g%?lﬁ Pdi&trbution vector and the distribution vector propose%FBWB%W&? ™Y aw. 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 locationsghgclishitpaiQne i fiagdenatioiaceusyense beaumsmber fdx 2rdrd, 5, 6, 7, 8, 9)
spanning the transaction count, transaction amount, ?nd average. trzim action. amou t0P5S rved during a
etéa 1 u&!sl aclient s

one month interV4nfEP RN GRS LRSI Do IS RS GISAL YIS R ARTRIYRE & NERANETL 0P the

using a telephone link. Fax server 128 is configured to communicate with other client

systems 138, 140, and 142 as well.

[0040] Figure 4 is a flowchart 200 illustrating high-level functional
components for one embodiment of an ensemble, or aggregated, merchant prediction
system where each component provides a prediction relating to operations of a
financial transaction card network. The predictions are then aggregated into a single
prediction as further described. This aggregation of predictions is sometimes referred
to as an ensemble prediction. One example relevant to the embodiments described
herein includes aggregated predictions that relate to received merchant location data.
While introduced with respect to Figure 4, all the prediction algorithms are more fully

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

-11-



whole. These distributions are then stored in a table, a representation of which is illustrated by Table 7.

Location Number Distribution 100 1 16% 100 2 14% 100 3 20% 100 4 12% 100 5 5% 100 6 19% 100 7
WO 2009/085555 PCT/US2008/085585

the third party data source is performed. A Numerical Signature Prediction algorithm
208, an embodiment of which is based largely on Benford’s Law, and further based
on the observed tendency for merchants belonging to the same grouping to diverge
from the distribution identified by Benford in a relatively consistent manner is
included in flowchart 200. The prediction resulting from algorithm 208 becomes the
group of locations that have the most similar numeric distribution as compared to

each merchant location.

[0044] A top-level statistical model and scoring engine 210,
implemented in Oracle in one embodiment, utilizes the predictions from algorithms
202, 204, 206, and 208 to determine group memberships among the data that is newly
received and / or stored within a database. An example of the 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.

-12-
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[0046] Each of the four algorithms 202, 204, 206, and 208 are now

described in additional detail.
[0047] K-Similar Locations (algorithm 202)

[0048] Figure 6 is a flowchart 250 illustrating data that is input into
an algorithm 202 that classifies merchant locations based on a similarity, for example,
a location similarity. A set of location level fields, or location coordinates 252, that
are known to be meaningful in the context of deriving chain or collection (e.g., group)
membership is identified from a database of institutions 254 that accept the financial
transactions card. Additionally, data from a daily new/changed location database 256
along with their associated new/changed location coordinates 258 are provided to the

below described merchant location classification algorithm.

[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

-13-



200 7 30% 200 8 18% 200 9 7% Table 7 [0074] Once the distributions for each location are
computed, the numerical %i?nature for each location is determined by computin%the dot product of the

location's distribboi%&E85rand the distribution vector proposed by BenfordS VEw P dt 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 paefaReAsHiRdQs sogiyeRdasafinnds shateaanptitadion findingytbagrdmisith the numerical
signature closes\&/%) ?e reéumerical és%igana b%é])f the %élv§[er‘1§o‘f%?tion, with the confidence score computed as
the distance bethEa 3 Rﬁ&%‘?@’ﬁ %gﬁr @]pgtaa istigal ¥e8el and Scoring [0077] As was
described above with respect to Figure 5, each predicted value from the four predictive algorithms (202,
204, 206, and 208), along witlh® fich Bes srrse maliktdnsbsteainsations didd haesrsswidheh prediction, is

collected 222 anghinpit toafROrAGI et IR REd RDMcappdicatiasnadsd TiheKe hagpipisation 224
utilizes, in one embodiment, a statistical model (decision tree) built using labeled training data to assign a

confidence scoré$8%ach predicted value. The predicted value with the highest confidence score is then

provided as the final predicted aggregate value for each merchant location.
[0052] The matrix is created that contains the inverse document

frequency of all field values and tokenized field values, and in one embodiment, spans
nine dimensions. In a specific embodiment, these nine dimensions include a merchant
category code, an Interbank card association (ICA) code, a business region, a
merchant name, a merchant phone number, an acquiring merchant identifier, a tier
merchant identifier, a merchant legal name, and a federal tax identifier. These
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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[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 transa&’igﬁo@gftﬁséfﬁliated merchant locations. Some of the data mszyg S%Qféﬁsf)y 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. Sueﬁmﬁlgeetm&m@msamnt@rvaémﬁn@mﬁadimemtm teieenEations that occur
in transaction records, e ﬁlemﬁlla/ aé{ose rec rpa te t% chant name and location. [0080]
An approximate 'ﬁﬁlé‘erﬁ ¢hi @ b 3%%1%3%,1 em Fgaop%(rl Sy 10|n one set of records to another set of
records when no comman jOIn key such as exactly matching, or.common_field \I:—‘||IICIQ are,present in the
data. Presumably, therdliscatinte sinfiighthy in théistVaivedok 6 23§55 Suhen two
datasets are joined in adatabase ] ] i o act field values
are not shared by two di sourcesP ( of re @%@fﬁh@ta %%??gﬁées W|th|n the data the traditional

approach to joining the-datasets-fromthe-respeetive-data-spyrees 4s tompltement-afunetion that takes
two values, then compuTg and rety ﬁ%‘f Fsi Earlty To uselz‘t#s type of function as the basis for joining
data sets requires a nymber of iterg Oktésnequ to the product of the number of records in each dataset to

be joined. [008 2]16})) anex e%h%tpe gfre 10:000 g TS T dataset A-and 500,000 records in
dataset B, the similarity computatic tion Would be caII=d five billion times to join dataset A to dataset
B. Furthermore, any indexes or furjcfign.pased indexes would not be used by the database|optimizer
when such a function isjgyoked. Thiglype of datsefishigitysgesicient and is far too progessing
intensive to be used to| join datasets;iayvifg ngntrivial data yolumes. [0083] A string|matching

technique has been dgvgjoped, WHighdmamriolsiembodimenggssamplemented utilizing one of more of
the following components. Specificallygiaset of reference sjrings 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 Yahleg, which will be used as reference strings.

[0084] Another component is an n-gram frequency similarity calculation implemented in pure ASCII
structured query language (S2j4b Mesgirvipensarbershinpredireore orrifiisnss os meiMelement system

(RDBMS). Additigpatiyn & Eﬂﬂﬁﬁﬁéd'%fmlﬁﬂée@ﬂ@fééﬂtmﬁtgmt@%&ﬁ@ﬁl&ﬂ@m FregeRNCy similarity
calculation to form a blna%/ key, as described below, that indicates the similarit iven record to each

of the reference SIS B8t itheRe BeiRg the pro RV G RN TR N slaTe T FBF data-driven
standardization fitotians f&qmﬂqmeﬁmmmmﬂnmRBﬁcﬂ/tspaaamia‘itdxbleihmmtaﬁmg)ﬁaeqmverse
document frequenc IDF),of all n-g L implementati S:at weighted term
frequency/mverse é}{)cﬁrrﬁeh rse)atﬁency e(slcle—‘ﬂ% %u?ﬁ%nmuﬂﬁé S %&%gﬁgnegggn%%ﬁpment of the
string matching tesshifigaanmsigdes %W&wﬁé@éﬁﬂ&?fa}?&wml@t{)thwlyeﬁﬁatqmn%&wer’ré%ords that share

the same binary key,xalgoth e SAfEdRR BB r@%@%@&ﬁx&um%&etﬁe&w@u&t&ﬂﬂmﬁ F/IDF weights
of all matching n-grams. The i-th bit in the blnary key IS set to a |ogjc ]agel if that record matches the i-th

reference string D58URNS 8008 s fitgen locatiops yenshaeppitac e SABR FAMRLBEHFR] the RDBMS to
assign a confidendac3cikeiidi edakl magthsrﬁsulta’tglér@ﬂbﬂsezvjmuh wehite; soRMo BME ctkatgrongdlel to store the
data involved in EQ%EHMB%%JQ& fasels. | hagso included. [0088] One simple version of the
dataset joining problem is to match ©ne name (or address) against a larger set of names (or addresses)
contained within a database such as an Oracl le. An example of this n-gram matching is illustrated by
Table 9. Candidate (or new)Ad8re5s é&%ﬁ%eﬁl(ﬁ%‘f‘?&ﬁ?%%r@%ﬁ?fo eIl %‘@8 . 100
Manchester Rd 2834 Clarkson Rd 4 Main Street 10014 South Clarkson Rd

[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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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 matchin %2305/%5 s for determining a match between n-grams. ngﬁgsﬁg@@%f?ére nis equal to
two, the candidate address in Table 1 consists of the following 2-grams: "10", "00", "01", "14",
"4<space>", "<space>S", "S<space> ", "<space>C", "CI", "la", ..., "Rd". [0090] Table 10
summarizes the n-gram matching algorithm, which includes determining the n-gram frequency vector for
the candidate stipgc(gegiyCantidaiecarayiveetpsrobindodadid gy amtgguaney veasedasgach entry in the

candidate match ata?ﬁseb%e.%., Candidatete¥at h ﬁ radygélr&sasuring a degree of similarity between the
Candidate_Array SHEtRE"CRRGIGAES SITACARAY 4hdl retaming those candidate matches exceeding a

specified threshold. For example, "JoJo's Diner" becomes Candidate Array 2-gfram Frequency 1 "Jo" 2 2
"or1J"0"14™s"15 s 1[8057] To generate a document 302, relevant features, for example a

street address, are extracted from the database data relating to a plurality of locations
304 and are grouped into sets, for example, set 306. For illustrative purposes,
diagram 300 includes four location sets, 306, 308, 310, and 312. Set 312 is labeled as
Set M, indicating that in a specific implementation the number of sets may be more or
less than the four illustrated. Likewise the number of locations within a set can vary

from one to “N”,

[0058]) The generated documents 302, 320, 322, and 324, each of
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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[0061] With respect to the aggregated locations as documents
prediction algorithm, and as shown in Table 3, the inverse document frequency is the
logarithm (base 2 in one particular embodiment) of the quotient: number of records
divided by the number of records containing a particular value. In one embodiment,
the inverse document frequency 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 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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[0063] One group membership prediction is computed for a given
location by joining the rows from the (k) - similar locations matrix, which is described
above, to the group matrix 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 predicted group and confidence score is the group with
the highest similarity score (given by the sum of the weights x weights for matching
field values and tokenized values). The confidence for this prediction is the resulting

score.

[0064] Third Party Data Prediction and Location Matching
(algorithm 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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[0067] Numerical Signature Prediction (algorithm 208)

[0068] In one embodiment, a merchant numerical signature
algorithm 208 (shown in Figure 4) employs an observation regarding the distribution
of numerals in the first position of a transaction amount and a transaction volume by
day. To be specific, the distribution tends to be somewhat unique when various
merchant data is aggregated. In addition, the distribution tends to be in consistent
with the distribution proposed by Benford’s Law in natural data. In a real world
example, a chain of fast food restaurants may illustrate a tendency to have a particular
numeral appear repeatedly as the first numeral of a transaction amount. Such a
tendency can be utilized, at least partially, to identify, for example, that a franchisee

location of a fast food restaurant chain is at a particular location or address.

[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 occurring 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 (i, 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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Group Number Distribution
14420 1 16%
14420 2 14%
14420 3 20%
14420 4 12%
14420 5 5%
14420 6 19%
14420 7 2%
14420 8 8%
14420 9 4%
58625 1 8%
58625 2 14%
58625 3 12%
58625 4 3%
58625 5 5%
58625 6 3%
58625 7 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 754

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

220-



“rd" 1 1"rd" Inner Product 11 Magnitude 1 3.605551 Magnitude 2 3.605551 Cos(Angle) 0.846154

Angle (degrees
WO 2009/085555 PCT/US2008/085585

whole. These distributions are then stored in a table, a representation of which is

illustrated by Table 7.

Location Number Distribution
100 1 16%
100 2 14%
100 3 20%
100 4 12%
100 5 5%
100 6 19%
100 7 2%
100 8 8%
100 9 4%
200 1 8%
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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signature of the given location, with the confidence score computed as the distance

between the two signatures.
[0076] Statistical Model and Scoring

[0077] As was described above with respect to Figure 5, each
predicted value from the four predictive algorithms (202, 204, 206, and 208), along
with a rich set of meta-data describing the circumstances of each prediction, is
collected 222 and input to an Oracle Data Mining (ODM) application 224, The ODM
application 224 utilizes, in one embodiment, a statistical model (decision tree) built
using labeled training data to assign a confidence score to each predicted value. The
predicted value with the highest confidence score is then provided as the final

predicted aggregate value for each merchant location.
[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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two data sources (sets of records) due to variances within the data, the traditional
approach to joining the datasets from the respective data sources is to implement a
function that takes two values, then computes and returns their similarity. To use this
type of function as the basis for joining data sets requires a number of iterations equal

to the product of the number of records in each dataset to be joined.

[0082] As an example, if there are 10,000 records in dataset A and
500,000 records in dataset B, the similarity computation function would be called five
billion times to join dataset A to dataset B. Furthermore, any indexes or function
based indexes would not be used by the database optimizer 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 nontrivial data volumes.

[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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[0086] One embodiment of the string matching technique includes a
parameterized analytical SQL query that joins the records that share the same binary
key value, then sorts them by relevance by summing the products of the TF/IDF
weights of all matching n-grams. The i-th bit in the binary key is set to a logical 1 if

that record matches the i-th reference string above a certain threshold.

[0087] A process is implemented within the RDBMS to assign a
confidence score to each match resulting from the join, while a RDBMS data model

to store the data involved in the joining of the datasets is also included.

[0088] One simple version of the dataset joining problem is to match
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 »-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 7 is equal to two, the candidate address in Table 1 consists
of the following 2-grams: “107, “00”, “01”, “14”, “4<space>”, “<space>S”,

“S<space> “’ “<spacc>C”, “Cl”, “la”, s “Rd”.

[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 each 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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retaining those candidate matches exceeding a specified threshold. For example,

“JoJo’s Diner” becomes

Candidate_Array .2~gram Frequency
“JO”
“OJ”

66 29?

0

TTPRY)
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(1713
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“«”
“Di”

Ghyen??
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3 ”

ne
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el L B L e Ll Bl el e E A

0 “er

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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String 1 [ Array 1 | Array2 | String2
String Array 510 West Third <-Freq  Freq-> 512 West Third
Ly"st” 1 1 "s1"
2("10" 1 0 "10"
3 | "O<space>" 1 0 "O<space>"
4 fm2" 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>"
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"
Inner Product 11
Magnitude 1 3.605551
Magnitude 2 3.605551
Cos(Angle) 0.846154
Angle
(degrees0 32.20423
Table 11
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String 1 | Array 1 | Array 2 | String 2
String Array | 512 West Third  <- Freq Freq > 510 North Third
1f"51" 1 I "5
2 ["10" 0 1 "10"
3 | "O<space>" 0 1 "O<space>"
42" 1 0 "2"
5 | "2<space>" 1 0 "2<space>"
6 | "<space>W" | 0 "<space>W"
7 "we" 1 O ||We"
8| "es" 1 0 M"es"
91 "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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String 1 [Array 1 | Array2 | String2
String Array | 510 North Third <-Freq  Freq-> 510 N Third
1]"51" 1 1 "s51"
21 "10" 1 1 "10"
3["0" 1 1 "0"
4 1"N" 1 1 "N"
5| "No" 1 0 "No"
6| "or" 1 0 "or"
7 "rt" 1 O Urtll
8 [ "th" 1 0 "th"
9(™" 1 0 "h"
10]"T 1 1 "7
11| "Th" 1 1 "Th"
12 | "hi" 1 1 "hi"
13 ] "ir" 1 1 "ir"
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
(degrees0 36.69923
Table 13
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[0092] Reference Strings

[0093] The above tables and description illustrate an ability to
represent strings quantitatively, and measure the similarity between them. At this
point an index 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 computed. Additionally, every record
in the database has its own pre-computed position relative to the reference strings.
Therefore, approximate matches can be found by retrieving those records indexed in
the same proximity without having to compute the full similarity 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
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potential candidate record and each comparison record is compared to each of the

reference strings using the #-gram frequency similarity SQL calculation.

[0099] 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.
[00100] NGRAM Similarity Calculation

[00101] An SQL query has been developed that forms a two-
dimensional vector containing the frequencies of occurrence of all unique N-GRAMS
present within two given strings. 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
RD
CH
HA
RG
GE

i—!i—d;—dhﬂOHOi—de—-\p—dr—lb——dw

Ooooy—p—r—lr—dn—t:—-.—Ap—-a—->

Table 14
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[00103] The magnitude of string A is computed as the square root of
the sum of squares for each frequency value in dimension A, specifically, the
magnitude of string A is 3.0. The magnitude of string B is computed as the square
root of the sum of squares of each frequency value in dimension B, specifically,
magnitude B is 3.3166247903554. The dot product of the vector is computed, and for
this example the dot product is 7.0 (the number of table entries where both A and B
have a value of 1). The similarity is computed as the dot product / (magnitude A x
Magnitude B), or 0.703526470681448 for the illustrative example.

[00104] Forming Binary Key Values

[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 (I0T) 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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for known abbreviations and synonyms. To accomplish such data standardization, a
table is created that contains all known variations and synonyms for various field
types, along with their respective standard representation. An algorithm then works to
tokenize each data element and map any known variations or synonyms to their

standard forms.
[00109] IDF Table

[00110] For faster performance when calculating the weighted
TF/IDF for all n-grams present in the fields involved in the approximate matching
join, a table is built containing the inverse document frequency of all two character n-
grams present within the space of candidate records. The formation of all n-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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[00113] As mentioned above, the unique identifiers for each record
in a given dataset, along with their n-gram terms and the calculated weight scores are
stored in a partitioned Index Organized Table (IOT) to maximize join performance.
The table is organized according to unique identifier, data category, and n-gram term
value. Each unique dataset is stored in a separate partition within the table. Each
partition is loaded using a create table as select and partition exchange to maximize

load performance.
[00114] Join Query

[00115] Once the binary keys and cross-attribute TF/IDF
calculations have been loaded into the RDBMS, an analytical join query is employed
to retrieve all candidate match records and sort them according to their relevance or
match quality as compared to the comparison record. This is accomplished by first
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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Magnitude 2 3 Cos(Angle) 0.801784 Angle (degrees 36.69923 Table 13 [0092] Reference
Strings 0093£The above tables and description illustrate an ability to represent strings
guantitatively, a @Y he similarity between them. At this point an ino'@?fﬁ?’@ﬁ%ﬂ??é’i?ord in the
database can be built based on its relative position to a small set of reference strings.

character string and the individual character strings within the determined set of

reference character strings.

[00119] Specifically, and referring to Figure 9, a database includes a
space of potential candidate match data 402, which is sometimes referred to herein as
a database of character strings (e.g., name and/or location data for merchants). As
described herein, a random sample of match fields, or database records) is generated
404, based on, for example, an optimization search for a set of dissimilar character
strings. A similarity matrix is calculated 406, and a principal components factor
analysis is applied 408, resulting in principal components 410, each of which refer to
a corresponding reference character string. This set of reference character strings is
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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[0094] By choosing reference strings, a new record's relative position to each of the reference t[_E%S
can be computed. Additionally, every record in the database has its own pre-computed pos

relative to the reference strings. Therefore, approximate matches can be found by retrieving those
records indexed in the same proximity without having to compute the full similarity metric between the
new record and the entire database. One goal of reference string selection is to choose records that
are dissipilamihus 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 df. times%hatmpgtanbmdurredmdtrﬁalt strimggctér raing ofaithiieyivésaisgahdastechanadsuring the
similarity *P%W%'lhe"epﬁx? &9 FPIRIGSNGR S'}% Jhs Sesiog ‘H{‘%rc?’ MERge. saig i One
technlque |ng “dfssimilar components in a~collection of similarity data Is prrncrp components
analysis.camppinsipgl 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 afdigieyeice stingsd[O9RThBinRMiadexang Infqrrea}iiafalﬁgt@evaiaraaer st8098] To
group together similar strrngs so that an index can be created to provide fast candidate retrieval during
approximf&feSifgHhiBH G UARAS AR ea@na%%%f&aar% té’a%‘ﬁ“é@ﬁﬁp?a?%o‘?? FEE%FHI‘ 5
compareg:tfereashchhthadieferense strings using the n-gram frequency similarity SQL calculation.
[0099] If the similarity calculation yields a score higher than a predefined threshold, the position of the
binary key corrasapdling @ MBIEREIRR A AUt Yalus bty e sapiensefoythe
threshold, the correspondrng position of the key is assigned a O [00 OO] GRAM Similarity Calculation
[00101] ane@Ln@remsnaéfm@n@@aéqd@éémﬁt fomgsradwdrainrssi o alogaaiiceotalhingame
frequenclegl%gqgm{g%ergﬁ@éléﬁg{g%ﬂf%MS present within two given strings. The query then
divides the sum of each frequency product by the square of the magnitude of each dimension of the
frequency vector to aroe atan rngallzed srgr aﬁlt me rci:t h 00102 Suc acalcul t|o
represented by e Rolle \ﬁrr?gsemxb?nb e Whic rcomﬁ%rnso% %t(nnaéa er MAS ARG an ¢
comparisefestricgdBasMAHTERGSHARG Hie ﬂmdﬁﬁemmahbéet&able 14, is a two- dlmenS|onaI vector
containing the frequencies of occurrence of every unigue n-gram present within the two comparison

strings: A B MAYb b rfihing ® hdghitfelof the vector associated with the candidate character string

as magnitude A;

determining a magnitude of the vector associated with the reference character string

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

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

B));

generating a binary index for each character string record stored within the database
based on a comparison of an n-gram representation of a selected one of the character strings
in the character string record and an n-gram representation of each of the set of dissimilar
reference character strings, wherein an i-th bit of the binary index represents a degree of

matching of the candidate string with the i-th reference character string;

generating a binary index for a respective one of a candidate character string in a

candidate character string record;
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for only each character string record stored within the database whose binary index
exactly matches the binary index of the candidate character string, locating each character
string record whose selected character string matches the respective character string of the

candidate string record; and

indexing the candidate character string record within the database based on the

matching.

2. A computer-based method according to claim 1 wherein computing a similarity
metric for the candidate character string comprises using a structured query language

calculation to compare contents of the two-dimensional vector.

3. A computer-based method according to claim 1 wherein computing a similarity
metric comprises implementing an n-gram frequency similarity calculation in ASCII

structured query language.

4. A computer-based method according to claim 3 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.

5. 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;

using the calculation to form binary keys that indicates a similarity between a record
associated with the candidate character string and records associated with each of the

identified reference character strings;
joining records that share the same binary key value; and
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GEO1 Table 14 [00103] The magnitude of string A is computed as the square ro &fste
sum of squares for each frequency value in dimension A, specifically, the magnitude of stri:s\é [ LQ@O.
The magnitude of string B is computed as the square root of the sum of squares of each frequency
value in dimension B. specifically, magnitude B is 3.3166247903554. The dot product of the vector is
computed, and for this example the dot product is 7.0 (the number of table entries where both A and B
have a value of &y iFaevsimilarily iseRmpsediasdhe dat RiRdel (RagIg efxthéageamfex or
0.703526470681448 for the illustrative example. [00104] Forming Binary Key Values 00105] If
the similarRieBE i sr{ABIBE B &E8RE 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 algorghm minirsizesuioe tH4Bao & vh sedatteddstiin g COpArisameala atiRamby tHsingmnadydical
structured query language to automatically assign a given string a binary key value if a binary key

value hadBERHCarlingetrOPTRS? e Vaige In BAEA IR Sy hel g SHntAndidde

optimizatipariz @ecamplisheshipaQko the set ofQ@IR61A URiguEdantifier 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 artii}o is stored in order. of(t)pe inary key values, to m x&mize join
performanice. 01T EEL SRS RoASCor e (0 SEHrd ABROE et il SO ntariy
comparisdnsaated théndistiyptian:of the binary key values, the data is standardized, in one
embodiment, for known abbreviations and synonyms. To accomplish such data standardization, a
table is created &E@gﬁﬂ@taiB&%&WM@&@W@@Q@’?&@Y%&@BM%&H%tﬁﬁ"lg 1ypage Ypngiwith
their respective standard representation. An algorithm then works to tokenize each data element and
map any%ﬁé%%ﬁéﬁ&ﬁ@%‘ﬁ%&ﬁﬁrﬁée@fﬂ%& dussbeldt fns. [00109] IDF Table [00110] For
faster performance when calculating the weighted TF/IDF for all n-grams present in the fields involved
in the approximateignatghirigjain ka yalledspouiligp niahwngfthenirevehsmdecumeptafreduency of all two
character,n-grams.present within the space of candidate, records. The formation of all n-grams within
the spacéhﬁs%%lgc])arrﬁB’Ig%éctﬁrgﬁﬁlé)w&%gﬁev& ﬁ%qt%rg%idbalculation 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
characteBn-gram peeyaricihaseivanthodare-fodiagdh dlaianinvehaseiindnatdpmosisaned dussiohilag join, a
Cross'att@f?éi%ecé%@@ﬁhﬁg Iﬁr{ﬂe‘;%ﬁﬂfé% ¥ Eelo ‘i’éJ&?&éJEt%?é’dﬁﬁ’%i?é%‘é@lﬂ%é%%?ﬁﬁﬁ%@d for
each n-gram value. Tle n-gram terms$ and their respective frequencies of occurrence within each
given recavidaacbfieie piecosinpugats dantey apipsiinéd dblsifuactworothdisiarbs cRERICTUYRBOR as
input. This galgulation 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. [00113] As mentioned
above, the unigéeCiRIBRtIfERAsFERBI¢dRord in a given dataset, along with their n-gram terms and the
calculated weight scores are stored in a partitioned Index Organized Table (I0OT) to maximize join
performance. Tlhdetaitle is atgathidediadtordiigréaaeniqueadentifiengslata sadegbnse amdlziggaam term
value. anclgiuri\i%tj}endsaetaar% t is stored in a separate partition within the table. Each partition is loaded
using a crBate fabfe'aselect and partition exchange to maximize load performance. [00114] Join

Query [00115] Once the binary keys and cross-attribute TF/IDF calculations have been loaded
into the RDBMS AP Aifay bR iy iSSP RS T fetr B ecy H A TSt ALEBRIE Snd sort

them accprdingstedhal talvance damatehsaualityas g mnaiednte haCaMpaisPnHeGerseAbiS is
accomplished by first joining together the records with matching binary key values, then joining the
n-gram vEIE el Y g Sontgeahire seEerenas QR afEM&ting 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 confidenc:_e3§gore 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 <trinae Thece ecamnle ctrinnce are ranrecantativve of a nrincinal comnonent for correlatinn



character string and the individual character strings within the determined set of reference CQ&%@
strings. [00119] Specifically, and referring to Figure 9, a database includes a space ial
candidate match data 402, which is sometimes referred to herein as a database of character strings
(e.g., name and/or location data for merchants). As described herein, a random sample of match
fields, or database records) is generated 404, based on, for example, an optimization search for a set
of dissimilar cha/@gigStHNGR AraiM e Wriﬁésc‘éﬁ%ﬁél@éeéh&%te%nﬁrﬁ@! IRGiRa}SpRPRHaRES factor
analysis is applied 408, resulting in principal components 410, each of which refer to a corresponding
referencd CREREIEPERMEY, SHARZ sBA G rtdhsHR HiaeRtamaViSg©1S useful for comparison against
candidate character strings, because the set has been specifically generated to include dissimilar data.
[00120] Now reféaténgite Rignaenitddepbd thereiprrofsaccandidaichdharcatdrdstr namsienisaning iss
calculate%ngl%thé\%een 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 candjdate character string to each
reference string SHAMIESHDEERNARSP bMeNSSIYothiRstiRt i thedie tripton e s er oh S IEfR nt
approximatggiedager 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 @Mt@a%ptb%&ggigg%mﬂ%ghjgg(oqggtches 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 locatjon data. By creating 458 a binary key far each
datatase record QNB LE-HEN i N TN Tt ERAICASF SHANRE (arannte Hlcter
strings can be generated 460. [00121] While the invention has been described in terms of
various specific Z#atirn diisrhbslexime gaentsbaare falltEES gtz dheptad MiBiigis itebaspracticed
with modification Within shesSRItE aRt SEaRe-8h e RIRIBIS oM GeRL il A AR PRged
method for character string matching of a candidate character string with a plurality of character string
records Sfbibel NS IEr fAEHISaEE 05t th &t BREBI SR tatiop shRARGPH Bt Bt Ik SiiviilaY haracter

strings in-the-Rlucality,af ehatmeler, stiRerecrdsisoredimibhedataaagexutiizing as griimigatian search
to generate a set of dissimilar reference character strings; computing a two-dimensional vector
containingd{ghirfuehiby srdidaieatidaorh tisid 1sigrenas GRS BRHERGte character string and a
frequency of occurrence of all unique n-grams in the reference character string; computing a
similarity metric emcttaéccarididaie iodaxabberastringgotith respettaoctindickierehaacharsdoies string, based
on th_e twgdd&mg{%sé Qr%lc}/&cs or rec%%ermining a magr)it_ude of the vector associated with th(_a _
candidate cI:'haracter string as nfagnitude A, determining a magnitude of the vector associated with
the reference character string as magnitude B; computing a dot product between the two vectors;
computing the St SR O ARCETHIHE S fﬁ&rﬂrﬁ%ﬁﬂ/&ﬁ%ﬁi Rdaabasghibose By indeherating

a binary dex jomeashch asien stingxesordsiamed withishthectatahasse hased enr epmpasison of
an n-gram representation of a selected one of the character strings in the character string record and

an n-grantBRrESRatiBASEr SRt ther Gde b iR s dPE TEaPER Y S TR Ry S bB &b il N i-th bit
of the binandideexfepsasents; adegree of matching of the candidate string with the i-th reference
character string; generating a binary index for a respective one of a candidate character string in a
candidate charagigh NG, RRRIE oMfuidr suily ok PRRNEREARIRL SR REaRd R iR the
database whose binary index exactly matches the binary index of the candidate character string,
locating each character string record whose selected character string matches the respective
character string of the candidate string record; and indexing the candidate character string record
within the database based on the matching. 2. A computer-based method according to claim 1

wherein d8mputth ERHREASCATEIAE 16r BB aP RIS IBNEY KABYEHRNG T SHIPHSES afkdca stdctured
query langyiagr&alsulaiion thempatrifeRtenigQlthedvadimansiendl ¥eetQhtion to compare

contents of the two-dimensional vectors.
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3. A computer-based method according to claim 1 wherein computing a similarity metric cog\j}ezrléses
implementing an n-gram frequency similarity calculation in ASCII structured query language: N‘ﬁ
computer-based method according to claim 3 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. 5. A computer-based method according to claim 1
wherein ipdexing %@@'Q&@r&h@ actensiringmuitindhg SsiaRAse CppHsesetmplementing an
n-gram frequency similarity calculation; using the calculation to form binary keys that indicates a
similarity between a recgrd aglsiociated with &lfllle ca tdida%g charaﬁter s[trinsgr%nd recloredstf)zlalns iated with

. SS1 a pin €y correspon e reierence acCle a value oOf . lsfot ()
each of the |den%|ﬁ§re erer?é:e c}haract@r strings; joining recor s%ﬁat share the same ary key value;

and MC &términed sortibigithesjehved aquoddsiid rdlesholck dsumming the products of the frequency
weights of all matching n-grams. 6. A computer-based method according to claim 1 wherein indexing

the candidate chametartsifang komiphss RNl nBearfatic Ot RintaitymiicefoE breocanmidate
character string as compared to the set of reference character strings. 7. A computer-based method

according 35 RIS WL bl d BredriingdibiasaPilter 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. 8. A computer-based method
according 2o clanchinwpereinddendifging alsghod dissirilasdtacacipitstringprioyihepbdabityned aharacter
string records. stored in the database comprise us%ngda rincipal components factor analysis to
dentity LU AR A ASLEL Ay R B A S P R LS e TB T GRR) a st o
dissimilairrefierénakasharacter strings in a database utilizing an optimization search; compute a
two-dimensional vector containing a frequency of occurrence of all unique n-grams in the candidate
character string and all unigue n-grams in one of the reference character strings for each of the

reference character string; M C, S compute a similarity metric for the candidate character string,
with respect to the reference character string, based on the two-dimensional vectors; determine a
magnTck of e CABl A AT T (ho Ea R P A e e
a magnitadetof tieéevacto classotinseungsthidhel refdrenc dathtarac ten rind @b qamagnituge B; compute a
dot product between the two vectors; compute the similarity metric according to (dot
product/(magnituadBaRaanitede B iissimidenekatecePingieindeX iy eaah chpraaaicairingfigeord
stored within the database based on a comparison of an n-gram representation of a selected one of
the chardEfF GriHyE I tHB AR aRS Wilial fetb AP UM AHOR- SFaih risp eBERS b IbPE AL IBHIAR set of
dissimilaggpiRiRRCH Ahatacieinstiings, wherein an i-th bit of the binary index represents a degree of
matching of the candidate string with the i-th reference character string;

generating a binary index for each character string record stored within the database
based on a comparison of an n-gram representation of a selected one of the character strings
in the character string record and an n-gram representation of each of the set of dissimilar
reference character strings, wherein an i-th bit of the binary index represents a degree of

matching of the candidate string with the i-th reference character string;

generating a binary index for a respective one of a candidate character string in a

candidate character string record;

individually comparing the binary index of the candidate character string to the binary
index for each reference character string in the set of reference character strings using a
structured query language n-gram frequency similarity calculation to compare the n-gram

representations by:
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generate a binary index for a respective one of a candidate character string in a candidate ﬁ@ﬁ:@%
string record; for only each character string record stored within the database whose bi inBex
exactly matches the binary index of the candidate character string, locate each character string record
whose selected character string matches the respective character string of the candidate string record;
and index the candidate character string record within the database based on the matching. 10.A
computer aCCOVQj%ﬁ&IﬁﬁEEYF%‘Hﬁ%’Eﬁiﬁ&@ QO ULS N SIRURIHI MRHTICH RN L AN PRI RERFTammed
to utilize a structured query language calculation to compare contents of the two-dimensional vectors.
11. A cofbtherartidpthirgaseieitii® ®nherein 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 threshaleeanthing assighiadindy ey cotrespordinerto ithethefergnoe rcihassatetistring a
val_ue of f'fogpeeo?%%rr@gr%g c%’éﬂh%ﬁ&@ﬁﬁ%igw the aprl%glﬂ%nﬁg_ threshold. 12. A computer ac_cord?ng to
claim 9 wherein said computer Is program eg to u%e a principal components factor analysis to identify
a set of dissimilar reference character strings in the database. 13. A computer-based method for
approximate m&%ﬁﬂ’?@}’&?a&%ﬂaﬁ&é?él%ﬂéﬁr%?&%‘?“s%b“i% e Sfd¥terence character strings stored
within a database, said method comprising: identifying a set of dissimilar character strings in a
plurality of chard¢teesminig gebsroisnstaied wethe SatdbasandifizinghamasisirmizatoniSearepeed enerate
a set of dis AL GISIRRGE SNATCIRLAINARS 1o (ATRBIALDEMALINGR: RUSHBliGRRNSNafRSter String

record stored within the database based on‘a comparison of an n-gram representation of a selected
one of the character strings in the character string record and an n-gram representation gf each of the
cet of lissimiar SETNHLS GHaF A LA TR TES B B Ghe B TG B HUSEALG b clegree
of matchirgoiitheoaatididate séfingnuithciaeactér redengnicelekarhaten stiindier ofgerepatirdi@g hifary
index for g res ective one of a candidate character string in a candidate character string record;
individuaﬁya(r:% teﬁﬁ%rbgtﬁeg(g%sary index of the candidate character string to the binary index for each
reference character string in the set of reference character strings using a structured query language
n-gram frequency similarity calculation to compare the n-gram representations by: MC,S1.0 a)

determining a magnitude (A) of a vector associated with the n-gram representation of the candidate
characterd 4tringA commpdetebasicingetimd gritodé (B )tofdavectict adsweintde withdidatn-ghamcter

represent?t.ion of one ?f the relfler(-%-nce character strinl% as, ma ni'&lﬂle B; ce) computing a.dot
sString 1S ?ﬁe a merchan negne angd a merchta addressTdan ¢ set .of reference ch%a%ter
product between the two vectors; an computing the similarity metric for the candidate character

string witktniegpexithont lecr dfeabace aharesteststeiyg adogdingt tof(duirgheductifraagnituder¢gbant
magnitude clﬁpg'sgnd repeating steps b), c), and d) for each reference character string wherein the
number gfdrecordgé containing a reference character string is less than a number of the plurality of
character string records. 14. A computer-based method according to claim 13 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.
15. A corhputer-basatpuieithoscd coeteidqeocsttiing tb3-famnés Eorhsrisingpjoimigig records that share the
same binary index value; and sorting the joined records by relevance by summing the products of
the frequency weigiig afcalldatohing ¢ ticaaniepresgntatianalue; 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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