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



[0015] Figure 4 is a flowchart illustrating high-level components for an ensemble aggregate merchant
prediction system. %%)016] Figure 5 is a flowchart illustrating operation of a scoring engine
associated with YR NS Ble aggregate merchant prediction system. PCIABRHIGFS 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. [0019]
Figure 8 is a diagram illustrating merchant aggregates and sets as documents in a classification system.
[0020] Figure 9 is R fowehartibusiratingisierninatiam af'asaet oktelieranssshasasiaesiiiegs, or principal
components, within a database. [0021] Figur | 0.is a fJ[ow art illastrgginq uéi'llilcz)ftion of a set of
reference string€£9 ABTERMHTRt A HRP Shat YRS & D5 ALY chAFAteRriS S BEPAIEED
DESCRIPTION @FehAEmNENTI@bility to idef0ifiR 2hifiee eithbodiae fiddiedeeibaghereimelate to an
efficient method fo5 ratrieving- ARPIOXIMALE SRR heLRRTPRIGISERELMAIGHER iR slaiabase, while not
having to compute a S|mﬁar|ty metric On the entire database. Through approximate string matching, for
example, of receiviseefbigiss detavtrehoBifes 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 $6006] with aegpedtioastipdaeferehcesstdgespamning sbeptace of strings
for the field being fairlsdidNHS:desw e i aantet Al DEIEHRTANES ANt IofataasAssociated with

the operation of a financial transaction card system, It is important to note that the zgg/roximate string
matching technidgeaicksapphisabrerePTBAic e Hueanition logelrR SIS bR raithidhéiAaie instead of

matching characigrgisings ahmenshiant RameRpe aeaass IBiermalipipoRe erasdeatsodtilizing the
technique for the matching of documents Wié in a comxﬂiter sxs]{.e . LXQZB {%te@’hnical effect of the
systems and prot88suISRRBEY gy eiftiALHTER St SRR OIHERS: ‘Eg L ehSigue 18 pertdrming
approximate namevani adidiessathagtifhirgnimesderatbimratshmmeredidfirest ohdsissoaiaiziablie manner within
a catabase systo.(Bh NG B deirsainalion:eha:ifloHy Mella [kAsaRdideiR.character sting
with respect to eacﬁ 01l a plurality o} eference character strings; (c) generating a binary index that
captures each cheeidaptacsiehyerstharienii&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 matches [#6é¢eThicandidatd lobaiacteatshiipgpastdean datddvasedhatecdntains a
plurality of Cha“"‘l%t‘%ége%%tﬁ%?%&%e"%étg&%‘ré‘ﬁMﬁ%Lﬂi‘é? Vig- e SURHR MGG ;entire database

of records. n one embodiment, a computer program iIs provided, and the program is

embodied on a captasehetsgapith naasaekomélatiass hesterewdiey Ouasychargiape (WOL) with a client

user interface fropieee for-aeminiiralion and wwakirterars ingindardausreiaRidsanthreports. In an
exemplary embodiment, the system is web enapled and is run on a business-entity intranet. In yet
another embodirffstiPeTHE S 23 C; ’é‘clégsoépéaﬁ(l%f?ﬂaﬂﬁéﬂffaals&%%?ﬁéo ?éﬁ %ginéﬁ[lé(ggess outside the
firewall of the busicesigntitysthraiicreihetintenaricsi rral fadtiressexenghiabg eeabioddmefitidine system is
being run in a Windows(r) enviraamentAindcms. i, arsgisisiad tadsnaanolMisrasaltfrorporation,
Redmond, Wash%%%%c?%@#ﬁe é'ppalﬁgé onis ?%%Tg and de'sign%d to run in various diffeérent environments
without compronfiigifRyayse aegiastknentegaons for themtmby Phehaistems and processes are not limited
to the specific embodiments described herein. In addition, components of each system and each process
can be practiced independeniid]sePacate;rombethebrompandrtsvesdthr esesmgd @etanbed herein.
Each Compone”&?dfgew SERRAE 0, &‘§§91¢' maqmmg%i@?im gk ARsemPYoRARiRIes and

processes. 026] By way of background, Figure I is'a schematic diagram 20 illustrating an
exemplary multi-ihar&righl/hsarilizadfon sisgymayehing sorudd he e BlavEhnghg fenesoieafd transactions
in which historicgl Yansartiens algutiizrd@klgasidrmart wMithdiapLeRseontiegdregalia nigrchant
prediction system. As utilized herein regate merchant refers to a high level grouping of merchant
locations. More SBBEHEAHH, %@%ﬁ%‘i@‘%’di%ﬁaﬁﬁé 8?1%1:%?%83:%?0“@&#& ﬁ% 5i?el}earre"e%r§regated
together (e.g., linkedttwkmn énahdihgr tirc adatabdsepso forbiivadgs dgeta roereblasps oive enerchant
location is thereffﬁ%es@lﬁ%ﬂF?soélﬁ%ﬂtﬂQh@Qﬂfﬁﬁ%e(tﬂéeJ&Q%eﬁéfﬁggﬂ%éﬂ aggregate merchant is utillized
when referring to a chain of stores and locations are aggregated together, as further described herein,
based on a 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 Internationafl 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



[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 meY¢hANPBENR and the issuer related to the transaction. Usua?ﬁ}?ﬂié?@ﬁ@ﬁﬁ‘fé 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 quqi asiReIetNaHaS payientiabpesonmigataRackpmgAs described
herein, the term "financial tr nsactiﬁf rd" o "E%m nt catrd" intclud cards %l){%a%s&:arr%git cards, debit
cards, and prepdideEaPEE TG A a‘é’saac;ﬂ} otfier devices that Miay hofdpayment account information,
such as mobile phdnddresensarkihdigitaldassistant (RBAS) anorfeinfobelable manfgdsaiiigure 2 is a
simplified block giagia.of A0&remPIRNASYAIE TP IRARPUCANEEIE o cipbedimas of the present
0

invention. In one embodiment, system 100 is a payment card system used for implementing, for
example, custonaedioyst ciepable hefn SHERATERS hAYReH RVBIS 35 0 fBRIAE Wi it PR s sociated with

the transactions yi{l;gingthrtoeiR asinegiie:s viste T kRedistarpaeahcal b sysiemsaetiah an be utilized by
account holders for in uttin% ?%rocessinra codes tg gpliedt;l% Bfﬁgment transactions. [0034] More

be
specifically, in th& B B TGIETHE LA 38’6‘3 cloes 2 8érver system 112, and a plurality of
client sub-systems, also referred to as client systems 114, connected to server system 112. In one
embodiment, clié?ﬂlﬁs&@ﬁgli@ier%MYﬁ@ﬂd% a web browser, such that server system 112 is
accessible to client systems 114 using the Internet. Client systems 114 are interconnected to the Internet
through many interfaces inclydigh rietwerkssuthhasajocalitased metwedrfofl dhbpefeasivitie area network
(WAN). dial-in-conpagtions ahig: BRAsmaAAc sheCialniobronsed dPORHIES Glignt syglems 114 could

be any device capa Interconnecting to the Intérnet including a web-based phone, Personal digital

assistant (PDA),sérresthwithies-gasbere dhmeidsie eBsonadind Analdss e datifing1 8 €l ¥nnected to a

database 120 cogtaigipg dnfesmation:@8 & YREialyeisatiensfasndestiheebalovsndgiaer detail. In one
embodiment, centralized database 120 is stored on sgrver sgsteip 112 artld carl?i)e accg[a%sed by potential
users at one of CHEHLS SLARITZAYN 55 %{’Bﬁtﬁegg WL AFFITBRE SAEDF I systems 114.
In an alternative ambedimentraetabiase d20ns storbkd rﬁarme@dhemmrminsysiuerthEQt ard may be
nON-CONtralized e, oo BRFRLAS HiRGUSSEELAGION, dA'ANASE IARSIBIRR 20SARIORMIaIR generated as

part of sales activities conducted ove th'e' banlccard network including data relating to merchants,
account holders Yreasito fiars; dhdgiereinngs. IaRpEsEe et Hem der 5B HIRYIR) to rewards

programs and spegdatinifelsinelusina pracessivaarmesapridsinassteulesmssociatedvdth the different

rewards programs and special offers. .[0036] Figure 3.is ap expgnded block diagram of an
exemplary embo‘gﬁ’i’]tégﬁdofegegeéﬁfe?i}ﬁ@ﬁﬁé(?fﬂhgsofag{ fggﬁxi%gz Tii%e acé')é%lrdda?%gea\f\?i i}%%%l%%n bodiment of
the present invemtithin Gixnpaaknts busydstem th2 2déttemtioal teindbmpon datyeshsyktemgt®® (shown in
Figure 2), are idenfified in;Fialye,3 4SS RAMR SIRFENR ISR ASHSGEAR Figiie¢. System 122
includes server system 112 and client systems 114. Server system 112 further includes database server
116, an applicati isspyisied 52, 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 [08Warelcoupisn npadoealempateratvworkifed MptliBrogranditidn, a system
administrator's worksiatiof, 1388 M6k WOREAIoRA4R. 2136 2 PURSIHIRA" RIQIGIRIRRA42 are coupled
to LAN 136. Alternatively, workstations 138, 140, and 142 are coupled to LAN 136 using an Internet link
or are connectedHiBUih aaihasegenerate aopEIPRJERrsveRiciaRidRr #endideteatRfPaSTis a personal

computer havingsginge behepms e nAdtanueprébenianeinsRBI60 fealisaiiher veitksiaticasatygically are
illustrated as bein% IIPer‘fort ed ?t res ective wor. st%:lti%nts 138,.140, zi_md %42e ség{:aqifuncttﬂs can be

performed at on&BP#RdRy et EBIRS AT LaT T S PAR B b FRRIE AR 958! 14D, and 142 are
illustrated as beirgdisstcidtadcwitstsap amadecheh atigramondpreseiieilitatefatha sderstdissimyenf the different
types of functiong fiat GANDERRIUIMEY biindhdeuals having ACCEssR AN A3 vithin the[0038J Server

system 112 is configured to be communicatively coupled to various individuals, including employees 144
and to third parti%@;g@?@? barebrntrsiguleitssdeiaracd ipthsre; 24 FRIESERMYPSh 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.e., 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



[0046] Each of the four algorithms 202, 204, 206, and 208 are now described in additional detail. [0047]
K-Similar Location%éal orithm 202) [0048] Figure 6 is a flowchart 250 illustrating data that is input
into an algorithrﬂv 97N TAssifies merchant locations based on a simiIarit§FFdP%2Q3W a%3 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 thei[mq?cigeqtnpmm%}}gﬁgtignm@d@%g@&S&%@rQ&Med to the

below described merchant locatjon classificatio orithm. . [OO%%]rgfi‘%ure 7 hs a flowchart 280

na
describing one G AR FitRAE B AP O93 S S ONRCIR RIG TR RS TGS Acr 18 2IASS y merchant
locations into gretngsevithiarsdipshadddoritbvil20 2Tkl inethat 1ecstthindivid W eobgadnivgiarespect to
fowchan 250 o g 6, SRl U NS SUPR AR CRIBLASE sgarched 262 for o

number (k) of locations that are within a given distance from a gév cation. Additionally, locations within
the given distaneechrsfoearsrbarastesistiing ity f qetafrsivepewchMya FURHGNErEAtetNS cations. A

mode value is dgtgiRinesi28eMyealnssiyiRgdhemArhANt insrtienathatacasnamengithe (k) locations
within a particular feature space (an area from which trEnsaccﬂan data is input into Hmeea (%I%?rithm 202). The

most frequently BESSYRIBEVAfieR g SERHRY RO RTRE L IAS SRR BRI TS ERh Fsddtds has the
highest weight athe isfeeferecetidaas atringsle 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 coordingtgs bz «rRIBPiRenakegnBrA ansidwe 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 compute(ﬂ()q?lr%?a f'%:jlv?gug_ chplgrg&&h &gﬁ%%@@ﬁyﬁlﬁ_@émi@rm

frequency/inverse document frequenc e prediction value is computed by joining a given location field
to every other loaatigmaitidopABent fRtdnmdisHo o Hmcier typebhing Arlmayygeyment-by-paefh1] The sparse
matrix includes lggatiensadield types and weights for term values, and term tokens and is generated as
described in the paragraphs below. [0052] The matrix is created that contains the inverse

document frequency of all fie o3 e?i%”r%l tgkgngzgg]{'qigc\éaglg& %&M%%%@}Hﬁ% spans nine

dimensions. In a specific embodiment, these nine dimensions include a merchant category code, an
Interbank card agisbesitent @EnJecricrehieriiie o ReyRiPm AnrAeieramtnuifeons sBPeErhone number,
an acquiring megghahbieRatifisenadier merchant identifier, a merchant legal name, and a federal tax
identifier. These dimensions are included in all merchant location records. The inverse document

frequency i the logarithm (in/gie,spgificmplementfians Wse 3akie Sugfient g number of

records divided by the number of records containing a particular value. One example is shown in Table 1.
In one embodimenboditsaitiefieneiscsorabitedrs b aratafrion asridsnes eViih engifibesBrt The number of
records is compyiafg3dRaweRgs0of 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 I@\g@ig égﬁ%mﬁéarii&g&%@gmﬁ’m%%%\tl%ggg&&%%?pgggngfg@,788106546

Phone Number 8002285882 S) chant Name To C 5.0067468324 Merchant Name
Token DFQ 8.98075182blo MigstgailedrREH s, 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.



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*aMMI&¥d in Table 2, where the nine dimensions again A0 eRcR%Nt category
code, ICA 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 Membantinarees Tigke diBizan 2585400 Mecahanidiespacs aken

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



ST .1125445 100 Tax Identifier 525414152 .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 predi@ﬂ%og?(oﬁ & locations on field type and field value, then subfrh '{?ﬁé‘)ﬁ%’éuct of the term
frequency-double! inverse document frequency weights for common field types and field values. The
location results are then sorted in descending order of the resulting score and the mode group occurring
among, for example, the thirteen locations with the highest score is given as the prediction. A confidence

score of this predigfiassiseigReasentaiday tharaushemeldacatiensanana thelamtpiitersy locations which
contained the same group (predicted value), the individual weights.for. the k locations which belong to the
predicted group,Ogﬁhgfﬁ‘ét%agﬁénﬁcree‘gﬁ%r\‘ﬁtﬁ%‘e“\?‘vae‘fb L f88§’§]&’ A%d%rs'gag gc%’ E’E)%gﬁg%@%a% Documents
Prediction (algortitire dé¥base of red@d56] 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 aggregateqdogafions ig-anabogumt dosipnentrievanog algedandsteommonly
employed by intemet search engines. Specifically, a relevance of a given merchant Jocation to each
aggregate, or coﬂ‘é’@ﬁ?fﬂ,’%‘f’ﬁ?@fgﬁ%ﬂ? ﬁ)‘&gﬁgﬁtgris%%%%lﬁg@%@ Ak uay %rgfg\lﬁ.uw(} 5)uer[}f)057] To
generate a docubaaptBRZ SR watlt dedimescfontertacn flent stidet adiuastataye axteavtdd from the

database data r9jqllag . BWEQLIRANARS ARSANSALe Siauned INgaiRfogxample, set 306, For

illustrative purposes, diagram includes four location sets, 306, 308, 310, and 312. Set 312 is labeled

as Set M, indicafiriethas Ieh Lisblaf@nchisiBm SRaRBHNGE-FIDBH L8 HA9M98 fore or less than the
four illustrated. Likyis@dhe thelsphemas IRuatinoswibniadsatcan haiidonawngiied dtcess [0058] The

generated documents 302,.320, 322 and 324, each of which includes releyant extracted features, are
collected in a dic‘ﬂﬁﬂg?)ﬂ??sfﬁ?mhli?%r%etaﬁgs&%??é?{glr? %8‘;‘%‘%%%?@3%%;& %ﬁﬁﬂg‘ f6rmed whereby the
relevance of eacinfbeltiveiteharsgstetein e dgfietdival Néind covmBpume chnmiizi O iy exisacted features, for
cach aggregateq AL AR BRRACODACAARANG AAURIL temiaRRA SiAn Iverse documen
frequency. 0059] Within the sparse matrix 340, a matrix of location level weights is joined to a
matrix of merchapplsatipnirdighialoarbdesigrrdt Sisday et P RRTat Sd SURSHF mﬁwmights is utilized,
in one embodimegptRymidRleYaNER;eNgIRRisRdityo 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 specitigally, thg SR ‘&%@%ﬁxp%&rs%ﬁ)ﬁréi%l%] tYRESqRdeightssor term rules

and term tokens is generated as described in the following paragraphs. [0060] First, a matrix is

created containiSEeREIRRETsetrsbeh Bfeife gl Al tem cRBIBOISNI S hsttoRsPePetacDalues spanning

the nine dimensiggdisteahelse whetr e iaiRpsnRaiically sepateh s BattRary GapenddA arde, business
region, merchant name, merchsnc';
t

%hone ntﬁn er, ac%uiring erchant identifier, Bier m(archant identifier,
merchant legal EATESSSh A FEEREPET AT R NtiHAT? S PERH b AR AN e Sfd™ ™ [0061]

With respect to therfgrégateth abationensd yooknagentappediction 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[ted)unshersf (FakiEcARERIRIRgA P& ticsivalualidgranezembodiment, the
inverse document frequency is computed eparate?éfor each §f.th nine di{grgn ions. The number of

records is comptit4a 2R TR BR8P niRPChRATORANERY FHE ANMBE: SY

AU SY¥&Cords cc:gar‘]}%gﬂ%ng a particular
term is computedrdinayurtngihbyrcanbeanshetiens hamtsbatisis tharavatdimeashutdimdmthin each field

type. least in part with an ensemble aggregate merchant prediction system. As utilized
herein, aggregate merchant refers to a high level grouping of merchant locations.
More specifically, the various individual merchant locations for a retailer are
aggregated together (e.g., linked to one another in a database) to form an aggregate
merchant. One merchant location is therefore a component of an aggregate merchant.

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



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 8.9807516% 99 8%f&Ss Region 01 1.4041323134 Table 3 [0CE21 B3P B8 roup, 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 ngggesstdegderalday Weatibgrnanshavasaibabledinndsal catonbeeddnging to each
group. Group Fiefljlg]él'me FieldeXaIue

ues 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® 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



Term Frequency-Double Inverse Document Frequency 14420 acquiring merchant 000000077480312
0.0104721165 14420 acquiring merchant 000000077519532 0.0052360583 14420 Tax identifier
362023393 0.6599387888°31420 Business Region 05 0.0627648557 14428 MEr4AHIREMe Token TEN
0.0011391784

purchase is covered by the consumer's available credit line. Based on these
determinations, the request for authorization will be declined or accepted. If the

request is accepted, an authorization code is issued to the merchant.

[0030] When a request for authorization is accepted, the available
credit line of consumer's account 32 is decreased. Normally, a charge is not posted
immediately to a consumer's account because bankcard associations, such as
MasterCard International Incorporated®, have promulgated rules that do not allow a
merchant to charge, or "capture," a transaction until goods are shipped or services are
delivered. When a merchant ships or delivers the goods or services, the merchant
captures the transaction by, for example, appropriate data entry procedures on the
point-of-sale terminal. If a consumer cancels a transaction before it is captured, a
"void" is generated. If a consumer returns goods after the transaction has been

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



Table 4 [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 ﬁﬁ?ﬂ?i’ﬂﬁ?f’ﬁe product of the term frequency-double inversephﬂgﬁ@ﬁfoﬁaﬁency 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 Lggatioe, Maiehingd algesithtardd8) relationst@fbohiethailsd gosopangnhisfotioabnsemble

prediction is an algorithm 206 (shown in Figure 4) that uses third party provided d hat has been

matched to a da §§S%?'ﬁﬁ§r$ﬁ'f§t %ég@%%%lso?)‘ m?élrgﬁg%'[efo%réﬁgﬁlﬁnngngse% ?)fcggnésne these third

party records arp@ssignedrd clystenideviifier céihabeelatbzedobe i, twkerentor NPy chain identifiers

are linked to grogg%ﬁgiqgegg@g%lgg%ﬁ% @@ﬁgﬁ%qrmggcmﬁgjnancial transaction card brand (e.g., the
Iction IS sl

card issuer) The prediction, therefore,’is simplythe grouping of merchant data corresponding to the chain
to which a third party record en Jinked. This linking, follows locatipn,matching, as cribed in the
next paragraph. [0063?&3%1M?é%tsfﬁegéth%#}adpa%le e ERtractet ?Fénrﬁerg’tﬁ?'r%e&r gﬁdata provider
where the locatiomgudave Been assignéil(leypdaEnadty & alichaibBEpsbnchalsowktieirethle space of third
party merchant logaH oS RRSPIAN el BAARLALS RGN SRONGH 8. Uibodih AP GéfRate merchant

location matching engine iIs used to join the set of thir garty merchant location records to the set of

merchant locatio? YEBErdb4naEa Reimae sy rRdiaeda heProprsTp rEghctRd $FOGP SoghénYocation is then

computed as the,graupicotesnendingitentha chaiggorespangieg todnedhisdspaity 1agatian record which
was matched to the card issuer tEFe]rchant I?%:ati n record. The confi ence scgore is th% ggatch confidence
e

score assigned By MISHIS R te PEPEh THP HSEMBR HATHARSY BRYTAE 346 VS?'Trlﬁ’usrlﬁcerlcazi1 Signature
Prediction (algorithah #€8hetwork (10068}ra vk ersbodivvek VEANDY clidrinrvamesiceissigahdgure algorithm
208 (shown in Figye. ) SRBIRYRANMOSRIALIIN Gaay dingeths AisiHbufipasalimaiaiz R dne first position

of a transaction amount and a transaction volume by day. To be specific, the distribution tends to be
somewhat uniquERFhEnfaiEoRISFERE Hod R 1Rteg el dbRinding rr avehdbsedhehangribeiePrtends to be in
consistent with thghstaaisien proposes byhBenigy et oiheaibial daipmih@ realdvabgsexample, a

chain of fast food restaurants may illystrate a tende to have a particular numeral appear repeatedly as
the first numeral58¥V§rtiirééscﬁ8ﬁn§ﬁ?§uﬁ’t.as éﬁ%’?‘as?egfageﬁglf/t%gﬁl%ﬁ E?ﬁfrﬁ%!éﬁnaf) Pegs‘faﬁlg?ﬁa(ff, to identify, for

example, that a fratielsises Hrs_axﬁb@ﬂobﬁdgstrfogdatestéu@pt dlna'mli:s anbopanticulaehtiebitieh or address.
[0069] One exargpig, f.3 HediGHRA YHlizing: Y027 BIIRETMYS ALEARPIGHIANT AR sample of

merchant locations from each aggregate merchant (grouping of merchant data). A distribution of the
numbers 1 -9 oceMrfglistheyfdnrhdstibn egieedreaench Stietint Endirusls 886 H Gbfine is computed

and summarized;jy.agoregatem merahanit NN andd disiaeahabvesnitheddigtibuben aprshihe distribution
identified by Benford's La%w iﬁ mgutedb ) IL 0170 dA distribution of the number 1 - 9 occurring in the
first position of tRe trandattion aflountand transactiof 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 mdRaht withdiresne|ddnstarftébaysdL s e nidisAsiftNotaifion's angle
distance is givenastiedoss pisicst agigsegaiatnccchaniéardhe givanadeeatiaiwork inciGidd] More
specifically, andsgotr ealc? roup, thfn ditstribution flt e freqcue cy of oc§urre ce of (ﬁ\ch?number (i.e., 1, 2,
3,4,5,6,7,8,9 as%é%ﬁuﬂ% 10 TBESHBHE RGP rot 8 amMORG The IPAREENSH coltnt” trahsaction
amount, and avei2{yéutthersactiksadataursldgnepimperaddapdogpresentegeashabrsanthgiingf the whole.

Said diSt”b““P”;?yQE@s& SR sh{RRIE BIESRESE NG QAP kNUER IS RNAWRAR RBlGm  Group
Number Distribution 14420 1 16% 14420 2 14% 14420
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

-9-
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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-
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156 are configured to communicate with server system 112. Furthermore, fax server
128 communicates with remotely located client systems, including a client system 156
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-



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 vectWr"pW?B&?gsoy Benford's Law. This dot product (angle of dlggiré'éwgﬁlﬁﬁ?ﬁﬁ%d by the sum
of the squares of the vector of distributions for each group. The distribution identified in Benford's law is
computed and stored in a table, a representation of which is illustrated by Table 6. Group Numerical

Signature 14420 70.9 58625 75.4 Table 6 [0073] For each location, the distribution of the
frequency of ocayerafikepaftpaata BuiiRas b%rt%nﬁedﬁl 5 Iﬁder&a@)%ﬁgmﬁmmmﬁtmmﬁgﬁﬁimmcou nt,
transaction amount, and average tr c serv uri n aone rﬂ? erval for the given
location is compﬁ?édagnﬂ?ﬂ]@ér’g% éndwgég 3’1‘%‘ en Or +ﬁe$e uflncl))ns (zre then stored

in a table, a reprasehﬁaihsa'vﬁdmhwhn&yllfusmtiabgs ‘Be]btgﬂlgmdaﬁaammm@w@Um 100 1 16% 100
214% 1003 gom 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-
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prediction value is computed by joining a given location field to every other location

field based on one or more of field type and field value.

[0051] The sparse matrix includes locations, field types and weights
for term values, and term tokens and is generated as described in the paragraphs

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 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,

-14-



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

determined by com
proposed by Belfd

i

the dot product of the location's distribution vector and the distribution vector
SThis dot product (angle of divergence) divided B?Wé’gﬁ?f?séﬁﬁe 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
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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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[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 W@ﬁﬁ@’%@?@ﬁts of all matching n-grams. The i-th bit in the bﬁgl‘/}’?(’é’i}si@sééﬁsto 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 simpigafision . of thevaaiaseh jgvin ehprahlandstionmadeth@pgrogivedarotiddiess) against a
larger set of nam sm%cgr addresses contain§d within a d%t?qg\%e such as an Oracle table. An example of
[

this n-gram mat %’ﬁ?ﬁé‘fﬁ%é’& 1357 TEBRE 5d Eaﬁa?a‘g e (5

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  [0057jhogoprHaasieniarnendod-rsiqraiiiptuss i6ming 98lGton is a metric

for measuring any-&miiariys abveeacRITgm AR Q153 Gt iMYid: Yo S pR1SIitR® Dicdatibasacters and
n-gram matching js a process for determining a match between p-grams,.For the case where n is equal to
B oS R BT B g o AU BUgRe o

two, the candida e SO owWing 2-grams:
"4<space>", "<spiagems 308 ndpdceiour lesparects 30€CB08)210, andt?. Set 312[60gbilxbdse 10

summarizes the gsoram, Matehing. AR aWNERGIASS dRIRERIING R Rgradirayency vector for

the candidate string (€.g., Candidate arrayé,.determlnmg the n-gram frequency vector for each entry in the
candidate matchiesatapades (o, lvsirdrdatd boiehthe pREPshRIEGHHRTS Widhfed 6t &ty between the
Candidate_ArrayygathHaLardidate_Match_Array, and retaining those candidate matches exceeding a
specified threshold. For example, "JoJo's Diner" becomes Candidate Array 2-gram Frequency

[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
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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

S
“«”
“Di”

Ghyen??

m

3 ”

ne

»?

=IO~ || ]W| DI —
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 HNO" 1 O ”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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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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MCSLLP
CLAIMS:

1. An apparatus, comprising:

a storage device that stores client configuration data, the client configuration data
specifying configuring of client applications according to a plurality of client
application configurations, each client application configuration associated with a
corresponding user identifier;

a memory that encodes client instructions that are executable by a client device,
and operable to cause the client device to perform operations comprising:

receive user identification data at the client device, the user identification data
specifying a user identifier;

send the user identification data to an authentication server;

receive configuration specification data from the authentication server, the
configuration specification data specifying:

a client application configuration associated with the user identifier specified
by the user identification data, the specified client application configuration indicating
whether the client application configuration is a first configuration or a second
configuration for the client device, the first configuration specifying installation and
configuration of a first client application on the client device, the second configuration
specifying installation and configuration of any one of a plurality of supported second
client applications on the client device, each of the plurality of supported second client
applications having the same functionality of the first client application, and each of the
plurality of supported second client applications being a different application from the

first client application;
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36.69923 Table 13 [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 data%é%m%its own
pre-computed position relative to the reference strings. Therefore, approximate matches can be found
by retrieving those recgedseifidexeednfildaraanne PexfmitoyihestRaying ReampyteHaenflgimilarity
metric between the new record and the entire database. One goal of reference string selection is to
choose recordsdaicdrectlisginipali dhtusngving quREtar RersReElive . ONS:aRRIGACH: tahefesenae string
selection is outlined in the following paragraphs. [0095] Reference strings are identified by
taking a sample & sifgsmfrom 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 nuimbespohtimesithaitigranhacais wpddititietisnngypicaabixcohsikniaitiesis
generated measuring the similarity between every pair of sample strings using the cosine similarity
metric. 0096} Cneritashn e tonfingidgcdissimitateonmporeasts wpplcalieation aisididarity data
is principal components analysis. A principal components analysis is conducted on the similarity matrix
and the first k gginegpahaomponents 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} T paspttogatersiingi i s thHagpadfitiat ientngsli caivhe edgteadonpkovide
fast candidate retrieval during approximate string matching, each potential candidate record and each
comparison repersti® oo oipdiad domadetefithecreierdpeehstings dsiig: thes vgramHiegsjueniy similarity
SQL calculation. [0099] If the similarity calculation yields a score higher than a predefined
threshold, the ggpitinedodddvn binheytkeyptioarespoindinlfetb dhaliefdiencaestikiagdsdassigopohsevalue of 1.
If the score is below the threshold, the corresponding position of the key is assigned a 0. [00100]
NGRAM Simildey@alcigationthe clienfQR10d] Bay SH afudy plasbigenfdeyglopat! tbaidorchsma
two-dimensional vector containing the frequencies of occurrence of all unique N-GRAMS present
within two givepdidagssT esgiliedy thenhdivitiestthiz wics) ebefighrtretiaengyppradustbyntheBeuare of
the magnitude of each dimension of the frequency vector to arrive at a normalized similarity metric.
[00102] Such appdilcatiationsialiep reseitelichy dbedollowing 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: A B

2. The apparatus of claim 1, wherein the client instructions further cause the client

device to perform operations comprising:

in response to determining that the specified client application configuration is the
second configuration and in response to determining that the client device does not have
one of the plurality of supported second client applications installed on the client device,
providing user instructions to configure at least one of the plurality of second client

applications.

3. The apparatus of claim 1, further comprising:
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a data store storing associations of user identifiers and client application
configurations;
wherein the authentication server is in data communication with the data store
and configured to perform operations comprising:
receive the user identification data sent from the client device;
authenticate the user identifier specified by the user identification data and in
response to authenticating the user identifier, select an associated client application
configuration;
generate the configuration specification data specifying a client application
configuration associated with the user identification data; and

send the configuration specification data to the client device.

4. The apparatus of claim 1, wherein the client applications are mail client
applications.
5. The apparatus of claim 1, wherein the client instructions further cause the client

device to perform operations comprising:

in response to determining that the specified client application configuration is the
second configuration and in response to determining that the client device does not have
one of the plurality of supported second client applications installed on the client device,

install and configure the first client application on the client device.
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RD10CHO1HAO1RGO1GEO1 Table 14 [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 tkﬁ @gt@r@duct 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 produd./ (magpitipperdius MReRMAE Bh@kid. 136264 106814 fauthedlksitative example.
[00104] Forming Binary Key Values [00105] If the similarity calculation yields a score higher

than a predefiged ¢biesheldrthepeasivan @fipeifiiary 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 ongremhedimentce-piosrssiiarl detesnimag dinanpmy ansition ipimplemented using
a combination of SQL and PL/SQL. The implementation of the algorithm minimizes the number of

required stringsesspacsnpuecalinalidns hypisisg arRrlyviicahsisubiungd cuarydevigedgestacautamatically
assign a given string a binary key value if a binary key value had been calculated for that exact value
in an earlier iteiationtdtpinriieyalgouitporciniscopinlizatiappscacoasiphsiRd ith$lclient devil)106] A
unique identifier and each binary key value are stored in a partitioned index organized table (JOT) in

the RDBMS. Each unigigadatasetrisistarasiithissacsinglevaartiienclamd aevive) dadaseistkiiace the
same partition. To maximize load performance, the load of each dataset into this table is accomplished

using a createitghiie @s setecti¢ailhplandpantitierckxohdwvge:; hhe data within each partition is stored
in order of the binary key values, to maximize join performance. [00107] Data Standardization
[00108] To improve thin acgpuaeytofrttei sinylaity corypatisomsdndithe distibutiandéshei hiriapy key
values, the data is standardized, in one embodiment,

the first client application on the client device.

7. A system, comprising:

a storage device that stores client configuration data, the client configuration data
specifying configuring of client applications according to a first configuration and a
second configuration, the first configuration being different from the second
configuration, and each configuration associated with corresponding user identifiers;

a memory that encodes client instructions that are executable by a client device,
and operable to cause the client device to perform operations comprising:

receive user identification data at the client device, the user identification data
specifying a user identifier;

send the user identification data to an authentication server;

receive configuration specification data from the authentication server, the

configuration specification data specifying:
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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 fieldm ?‘gﬁy@d in the
approximate matching join, a table is built containing the inverse document frequency or all two

character n-grams presenemitpplibaispass Aheandats Jaaridsvilihenformiatiaen@ffalt Rpgeamad within
the space is accomplished through PL/SQL while the IDF calculation is done in ASCIl SQL. The IDF

table stores theylie visddedertEachinogsialait-gpraiffed eash: caigaaryoafl daagurhadabiglisatngdex
organized according to data category and n-gram to maximize join performance. [00111]

Cross-AttributeyM¥gightae ERéHdRapplicatiol0QbaBETQRSSIgN havBighk QIfsighificanse e eaahiwo
character n-gram present in a given record for each field involved in the approximate matching join, a
cross-attributecyeightedderorfiae ugney/muecee decamensiraguensy IfctDiinvalustiglieaonputad for
each n-gram value. The n-gram terms and their respective frequencies of occurrence within each
given record anshfiglg-aiencomputediusing achipelinpgliabliefusstiar thtittakesvacBEMReCIRBOR as
input. This calculation is slightly different from traditional weighted TF/IDF calculations, in that after
calculating thecdifilakafenegsitifygianngtithinieachdetdnfiagiuRis b weights tar alpngiamsin each
field up or down according to the overall weight of the n-grams present in the other fields of the same
record. This tecippisiuel resisisl imailretiond dpptitayoamia adjusteneidttoct)e delabyeheighilal roatching
n-grams according to the overall significance of the value in each field. [00113] As mentioned
above, the unigippidedtiteshdonedch¢ecopplicad givendagasets atentuwitionbiiy nfoanfitermsiand the
calculated weight scores are stored in a partitioned Index Organized Table (TOT) to maximize join
performance. dlhentapldiitoganizkehalccondin gltaalinigolesidetifier selatadaateoliynamgpticgramsterm
value. Each unique dataset is stored in a separate partition within the table. Each patrtition is loaded
using a createbidhleaati ffelect anid @datitigypBxafiandeaiahadixinizallotenpepiditagoae. [00114] Join
Query [00115] Once the binary keys and cross-attribute TF/IDF calculations have been loaded
into the RDBMS, an atialyittcal yoih quiyuisonpipyeidi tatieiridva altehndidatermatciviedordshand sort
them according to their relevance or match quality as compared to the comparison record. This is
accomplished dpydifstdouieny tagplivatithe centipdsatvith nsatbhinGdinanyfikeyarainesy then joming the
n-gram values for the resulting candidate records and calculating the sum of the product of their
weights. [0011ohGonfitience 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 recandieipenessiglesmdanfiddncehscpre isid glie stafgticatiorodel figuusein the
Oracle data mining application described above. [00118] The above described processes
associated witls alppfosimateiziriaganatokind doe fusthanill udteatecppycrigures Slandlitdvwdueivare
flowcharts 400 and 450 respectively illustrating determination of a set of reference character strings,
and illustratingisitiizdiion ofthikaseh dflesfarehce 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. Thesersgmple stregsraneng phasentapee bEd @rincigzl component foraamelation
purposes. The similarity metric is based on a number of matching n-grams in a comparison of the
candidate chasabtevestmdgamdginatindividual 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 matcletdatanéORhevhéctilis soenetimes:redemed o6 thersipastaddstabasmal
character strings (e.g., name and/or location data for merchants). As described herein, a random
sample of matdhefielgplioniiansbaste ksbondby idigendsated 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 analysisiseappiissdtd Qi {aesutiggthatplincipahcdenporisntont10f drcivppantsich refer
to a corresponding reference character string. This set of reference character strings is useful for
comparison agedesticandidacatcipniactiosiringiellbécaude tHieseddrdscheenfgpecificallyl gesmratted to
include dissimilar data. [00120] Now referring to Figure 10, upon receipt of a candidate
character strirggsecsitailavith idhealksulident ifEP tetheedicradty sandidhae tbharppereatringoaddritié
reference string associated with each principal component. As described herein, such comparison
might be based on an n-gram matching algorithm, sygg 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
Aa hinarv kev for each datahace record to he mateched a file of matehina reference character <trinac to



receive configuration specification data from the authentication server, the configuration specification
data specifying: a client application configuration associated with the user identifier specified by
the user identification data, the specified client application configuration indicating whether the client
application configuration is a first configuration or a second configuration for the client device, the first
configuration specifying installation and configuration of a first client application on th%igqﬁa vice,
the second configuration specifying installation and configuration of any one of a plurality of Supported
second client gpphicappns.aoihachiest daviee, @reh aéne Riuiatitmafsipnerieehsecond ciphy
applications having the same functionality of the first client application, and each of the plurality of
supported secpndigligntarplitalions heingit diferent aanlEatiam Wam the first client application;
MCSLI,P the received configuration specification data used to determine whether the specified
client application configatatiaoris theriiist saatiguiationprihe seeandaonfigyratien; applied@sponse to
determining that the specified client application configuration is the first configuration, install and
configure the fitsiftdigatiapglication on the client device; and in response to determining that the
specified client application configuration is the second configuration: determine whether the client
device has one of tha plinalitycalisuppedeth skeooshaitini @pphcaiianadikialkecroanedlignirdevice;
and in response to determining that the client device has one of the plurality of supported second client
applications instatiedon dperalien eaigaesiagnfigure the supported second client application installed
on the client device. 2.The apparatus of claim 1, wherein the client instructions further cause the client
device to perform operatising teragsidmgtificitdesponsatorogteieniig deatidhe specified client
application configuration is the second configuration and in response to determining that the client
device does not have andedtidigepibealiyr alisupparigdtieond alienisap plioativnsivisthiteduad ithe client
device, providing user instructions to configure at least one of the plurality of second client
applications. <kherspparaiubeatictainy thiunikar cnpficingel MMCHL hfociatadd alfeistanepsitaitiog
associations of user identifiers and client application configurations; wherein the authentication
server is in datarfdgaratioication with the data store and configured to perform operations comprising:
receive the user identification data sent from the client device; authenticate the user identifier
specified by the user idemtiticating daiéi andtion eppoitratiorauthe niperitiyinthe udenideppiileticelect an
associated client application configuration; generate the configuration specification data
specifying a clkenfigpplicatiass eoatiguradioh assodidtediwvitioih datsemidlentification data; and send the
configuration specification data to the client device. 4. The apparatus of claim 1, wherein the client
applications are mail cleadttappboéittangiob. spéefapparadas ob deinlidntvdeerain the client instructions
further cause the client device to perform operations comprising: in response to determining that
the specified client application configuration is the second configuration and in response to
determining that the client device does not have one of the plurality of supported second client
applications installe@lensiheolieficténice, vibstalbhahd chafiqumefithe dirsh clientapplicationatatie client
device. MCSLI,P

files for the first mail client application, and wherein the operation of installing the first

mail client application on the client device using client installation files further
comprises:
configure the first mail client application to communicate with a mail server

having an account associated with the user identification data.

9. The system of claim 8, wherein the client instructions further cause the client

device to perform operations comprising:
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6. The apparatus of claim 1, wherein the client instructions further cause the client device to perform
operations comprising: in response to determining that the specified client application configuration
is the second configuration and in response to determining that the client device does not have one of
the plurality of supported second client applications installed on the client device: requesting, from
an entity associated with the client device, authorization to install the first client applicgfje anﬁhe
client device; and In response to receiving the requested authorization, installing and configuring
the first client applicatieependh e diveitiavicahal (it SystefedcaRRIigPEcationtcsiaTagaRVisenthat
stores client configuration data, the client configuration data specifying configuring of client
applications ageasaline i gulirsiopanfiouy atiporedadsesandisemligurrt@rnth & liis eosdigoration being
different from the second configuration, and each configuration associated with corresponding user
identifiers;  cadngmeryuiRireacedesdcheit dnshuginnatoat asakecohabtechym géertdevice, and
operable to cause the client device to perform operations comprising: receive user identification
data at the client deviggsihe tsefiislentificatien daiplraeoilying ddisticidentifies; asng the usent
identification data to an authentication server; receive configuration specification data from the
authenticationisgaieitidhgikgnfigdiration specification data specifying: MCSLI,P a client application
configuration associated with the user identifier specified by the user identification data, the specified
client application confighirifior indidatingnaihelher theptidanbapp lieatiarusieafigunidiianisihecfivst
configuration or the second configuration for the client device, the first configuration specifying
installation andsondighraitonmfaasticsiieibil clieht apglicatian <indhelalient device, the second
configuration specifying installation and configuration of any one of a plurality of supported second
mail client applications on the client device, each of the plurality of supported second mail client
applications having the same functionality of the first mail client application, and each of the plurality of
supported sectihd niadit digndrapglichtion3, belngeindifferdidnm aik clietibap plichtior than the ditsttmail
client application; the received configuration specification data used to determine whether the
specified clieniappicaperfanntigeraiat iothprfsiagconfiguration or the second configuration; in
response to determining that the specified client application configuration is the first configuration,
install the first mail ¢lieatpptcatizrconithegalantidessee fisingichieapphistaillatiomfilesadand is the in
response to determining that the specified client application configuration is the second configuration:
determine whathendhafigntaewicadasresy@nde e duppaoiriad; seaahd dhailtalieitappdicatiohsvinstalled
on the client device; in response to determining that the client device has one of the supported
second mail clant aefpgiicatppsrindtaiechdnrthhd client deyiliestcanfigustel kdnail alocaliRhaskodiated with
the user identifier on the client device so that the supported second mail MCSLI,P client application
installed on theroliéid devitesgantconmunicfewith kavadmeofahdaling ian ccoqmiredsaciatdd with
the user identification data;  a data store storing associations of user identifiers and client
application configlucaitiongpplicaimasithentication server in data communication with the data store and
configured to perform operations comprising: receive the user identification data sent from the client
device;

11.  The system of claim 7, wherein the operation of installing the first mail client
application on the client device using the client installation files further comprises:
request and receive client installation files for a first mail client application from
the authentication server;
install the first mail client application on the client device using the client

installation files; and
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authenticate the user identifier specified by the user identification data and in response to
authenticating the user identifier, select an associated client application configuration; generate
the configuration specification data specifying a client application configuration associated with the
user identification data; and send the configuration specification data to the client device. 8. The
system of claim 7, wherein the client configuration data includes installation files for tr}\ﬁéi?mn il client
application, and wherein the operation of installing the first mail client application on the client device
using client installatign filesSurbeficomprisetent ppNtgLsa the disstimaiatientapplicationdsver
communicate with a mail server having an account associated with the user identification data. 9. The
system of claimu@inwharaisoing stieridnstiwatians fueihagesausgitiedatignt device to perform operations
comprising: MCSLI,P  in response to determining that the specified client application configuration
is the second configuration and in response to determining that the client device does not have one of
the supported second mail client applications installed on the client device: install the first mail
client applicatipn onTthe gligaihdevigeinsing hecetientho stadiationtfilesoandurtherconfiguie: tbelitst mail
client application to communicate with a mail server having an account associated with the user
identification dateicel@. pehdsysiperatbalatomprisingrein the client instructions further cause the client
device to perform operations comprising:  in response to determining that the specified client
application configuratien peiketseranthodnfighuationpadfied eEpengsp i dtiedomipgritishthealadient
device does not have one of the supported second mail client applications installed on the client
device, providecused tesifiglignsntandoinfigupedt leasteneaisinthenpl ukal il duppertedssaadnsnail
client applications. 11. The system of claim 7, wherein the operation of installing the first mail client
application ondhe cliaht deyiperugingdbedchest iciséatlatpphifdasfurthanitamprisas: clieneqleestand
receive client installation files for a first mail client application from the authentication server;  install
the first mail cpentidppleationroctite chanindiRviceat3uagt tbeechie tanstattiooffi@ppanedd MC&Id,P
configure the first mail client application to communicate with a mail server having an account
associated withilelisarapididificaiion data. 12. The system of claim 11, wherein the client instructions
further cause the client device to perform operations comprising:  in response to determining that
the specified client application configuration is the second configuration and in response to
determining that the client device does not have one of the supported second mail client applications
installed on théXliefithdeyicenpod cidargew hestinationscoi danfiitirepatiéash ape offibe plurality of
supported second mail client applications. 13. The system of claim 7, wherein the user identifier
specifies a user type. 14. The system of claim 7, wherein the user identifier specifies a user. 15. A
method, comprising:

14.  The system of claim 7, wherein the user identifier specifies a user.

15. A method, comprising:

at a client device:

receiving user identification data at the client device, the user identification data
specifying a user identifier;

sending the user identification data to an authentication server;

receiving configuration specification data from the authentication server, the

configuration specification data specifying:

~42 -



at a client device:  receiving user identification data at the client device, the user identification data
specifying a user identifier; sending the user identification data to an authentication server;
receiving configuration specification data from the authentication server, the configuration specification
data specifying: MCSLI,P a client application configuration associated with the user identifier, the
specified client application configuration indicating whether the client application confim?ygliiirpis a first
configuration or a second configuration for the client device, the first configuration specitying
installation and configurafientohapiiisiieionpipiication asstheaedienkipviee, thersegandiegnfiguration
specifying installation of any one of a plurality of supported second client applications on the client
device, each apthefiRdppneiad getraddiedntiplisade nndexing thensaime dunclipmalitp g dheotirst client
application, and each of the plurality of supported second client applications being a different
application fropathigditsicslignt applieatidnirationhereir dbedcanfiguration spegifcaian datadsthsed to
determine whether the specified client application configuration is the first configuration or the second
configuration; firsirtégERONSROsPEtEKTHPI NG IRk Ite SREcHighchemmpplicationicanfigpationis the
first configuration, install and configure the first client application on the client device; and  in
response to detethyningnihaéihe speciliedndiesiagpticaiiospeoiniigiyr aiionlisihe seepndeomfiguration:
determine whether the client device has one of the supported second client applications installed on
the client devigairality ipfespposedosdesaimifiig thailtbaichendlaticehas akeiot thadupported
second client applications installed on the client device, configure the supported second client
application ondispotiedt deviak cMGShpRichbodhaavieth otk ofelrirunbidutlingr compristngciaéiine client
device, providing user instructions to configure at least one of the plurality of supported second client
applications irappsieatise, tandetacminingdhatthier gpecifippoctiehtapplication cppfiguiatiorbéisea second
configuration and in response to determining that the client device does not have one of the plurality of
supported secdifittelieapplipditaiiGosi tstdied dizibeppliratideyice. 17. The method of claim 15, further
comprising: at an authentication server: receiving the user identification data sent from the client
device;  authenticaliagiihehesesrfigotifieinsppeaiitechidyrinttasar idedtificdt@nmiaia ahdtherasponse to
authenticating the user identifier, selecting an associated client application configuration;
generating thesparifigdratient spggifiaaiban daitigspadifying aheli¢itapplhcaionicoantiguiatiorassociated
with the user identification data; and sending the configuration specification data to the client device.
18. The methahufi ghadiniohs, wherein the first client application and the supported second client
applications are mail client applications.

in response to determining that the specified client application configuration is the

first configuration, install and configure the first client application on the client device;
and
in response to determining that the specified client application configuration is the

second configuration:

determine whether the client device has one of the supported second client
applications installed on the client device;

in response to determining that the client device has one of the supported
second client applications installed on the client device, configure the supported second

client application on the client device.
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16. The method of claim 15, further comprising, at the client device, providing user
instructions to configure at least one of the plurality of supported second client
applications in response to determining that the specified client application
configuration is the second configuration and in response to determining that the client
device does not have one of the plurality of supported second client applications

installed on the client device.

17.  The method of claim 15, further comprising:

at an authentication server:

receiving the user identification data sent from the client device;

authenticating the user identifier specified by the user identification data and in
response to authenticating the user identifier, selecting an associated client application
configuration;

generating the configuration specification data specifying a client application
configuration associated with the user identification data; and

sending the configuration specification data to the client device.

18. The method of claim 15, wherein the first client application and the supported

second client applications are mail client applications.
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