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Introduction

The object of interest in this research is calléscarecard’ in the consumer
lending industry, a calculating tool for selectiamy managing consumers of crédiThe
technology’s name is an historical affectation siearly commercial scorecards were
literally a simple sheet of cardboard on which asted a statistically based point
distribution to be added up by the lender. Designem an odds-based prediction of
risk, early scorecards served as an aid to edtafjsvhether credit should be granted to
a prospective applicant according to the persa@spanses to a series of set questions.
Today there is no card as ‘scorecards’ are embeiddeaphisticated software packages
and computer interfaces that co-ordinate betweek-btage statisticians, electronic data
warehouses, risk managers and front-stage markegimgaigns. Beyond the
disappearance of the card, how the insides ofdbeesard are constituted has also
undergone significant transformations since thst 8corecards were developed in the
late 1950’s, because the architecture of the dlgaror statistical model depends on the
raw materials that have been used for its assemithout providing a full
mathematical description of the scorecard, thispapll nevertheless show that it is
crucial to look closely at scorecard productioitgfsignificance as a ‘market device’ is to
be understood, since differences in scorecard desid implementation can significantly
change how the technology constitutes markets ¢ivoisk calculation.



Most academic writings refer to a 1941 report byiD@urand (c1941),
published through the National Bureau of Econonesdirch as the first known
application of statistical methods to the probleselecting credit applicants, but it is
unclear how influential this work was on any systdhmt might have emerged in
practice. What is certain is that quantified cregbiplication screening, while far from
widespread, were initiated independently in a nunalbeetail, mail order, and financial
credit services reportedly starting as early asl80’s (Lawrence and Solomon
2002:44). As with other historical movements atistics, techniques for treating the
credit application problem probabilistically cand®en developing in the hands of
practitioners working on the ground with a domaipexience, as opposed to being
developed and diffused by academic or professistadilsticians. Spiegel’s, the mail
order giant based out of Chicago, to give one exangpreported to have had manual
scoring in place in the 1950’s, designed by a gemiih named Henry Wells. The Wells
system involved teams of women working with boxepuoch cards and 42 pound
Fridan calculatofs Yet, the current credit scoring technology as known today did
not simply evolve out of a repetitious natural @ss of local discovery. As | will argue,
the fact that credit scoring practices were abgbrb@ somewhat common form in the
U.S. can be largely attributed to the perseveramtroercial efforts of a firm called Fair,
Isaac & Company IncorporatégFair, Isaac), to move its tools throughout thestomer
credit industry.

By focusing on the history of the ‘scorecard’ dmarket device’, this chapter
will demonstrate how statistical methods, credtadand banking practices have been
mutually adjusted and articulated in the U.S. tdpice several concatenating market
forms. In this view, the governance and econorfigces of contemporary consumer
credit are not issue of a singular calculative hetton but are, rather, largely predicated
on the cumulative success of a number of scoremamtted calculative arrangements.
More importantly, it will be shown that while alf these devices arguably issue from the
basic ‘scorecard’, the effects they generate on tmwsumer credit markets operate has
been quite different depending on how they trapgla¢ immediate conditions under
which risk quantification is being elaborated. ®ithe three devices discussed in this
chapter — application scorecards, pre-screeningsads, and bureau score(card)s —
have been engineered and implemented by groupgefts working in specific
locations, in particular at Fair, Isaac, | havegddwout and magnified this firm into a
locus of study. The company’s first credit scomprgduct was the custom application
scorecard, and their most well known product —-Rt@0® credit bureau score — is
currently the standard metric in circulation foakating consumers in the U.S. market
for consumer credit To focus on Fair, Isaac then, is not only a rs¢arunpacking a
theoretical point about the varieties of calculatffects that credit analytics models can
have on markets, but it is simultaneously an expion of the consolidated
configurations that fuse the market for consumaiydits with markets for consumer
credit together; it is an exploration of some & Httual apparatuses that most strongly
shape the conditions of contemporary U.S. consemaelit consumption.



Credit scoring in the social scientific literature

Contemporary practices of credit scoring have diyemme to the attention of
social scientific authors concerned with the risesk management in consumer finance.
From the point of view of science and technologyi&s however, none of this work
takes scorecard technology as its object of ingastinper se preferring to focus on the
more general theme — the transition towards queatibn practices. To demonstrate this
point, it is worth reviewing three examples. Ispense to rational choice theories Alya
Guseva and Akos Rona-Tas (Guseva and Rona-Tas BA0é )argued that scoring is a
form of rationalization rendered possible only unithe appropriate institutional
conditions. They compare the U.S., the oldestitoadd market, and Russia, a nascent
market where little data on consumers exists, deoto describe how credit card markets
(a subset of consumer credit markets) work diffdgyedepending on whether institutions
that house and make consumer data available @&adstence. Drawing on classic
concepts in economic sociology they propose th&ussia, credit cards are distributed
on the basis of subjective evaluations, on so@élharks and on ‘trust’ (i.e. demonstrable
friendships, kinship ties and employment), whileéha U.S., a mature market, institutions
such as credit bureaus make calculative crediirsg@ractices feasible. The authors
deploy Knight's theory of uncertainty to concludatin the absence of data collecting
and data distributing institutions, credit markeitsst run under conditions of uncertainty,
while in the presence of the right institutions emainty is transformed. This permits the
rise of data driven risk management techniques.

Andrew Leyshon and Nigel Thrift (Leyshon and Thii&99) have also taken note
of the enhanced role of business information derivem large-scale consumer data
repositories, in retail banking. They have argtead such ‘databases herald the arrival
of a new form of governmentality based on new ppecastof knowledge’ (Leyshon and
Thrift 1999:453) encoded into software, and therefarely studied. According to these
authors a ‘quantitative revolution’ in retail bangiis allowing lenders to overcome the
problem of ‘information asymmetry’ when dealing vjtrospective borrowers. As
formulated in economic theory, information asymmeiccurs because borrowers
ostensibly know more about their potential to repdgan and it is in their own interests
to reserve this information from the lender. Leysland Thrift's claim is that under
conditions of asymmetry, credit scoring is an ative option since digital data analysis
can replace a dependence on information comingttirfom individuals. What a
reorientation towards scoring does is to ‘enabigtagists within firms to visualize the
complexity of market segmentation’ (Leyshon andiffi999:440) from which they can
construct types of identities through data procegsi The title of the piece alludes to the
cautionary attitude of the authors: the analysitists’ through specialized software is
said to make their contents ‘come alive’ in suchag that sovereign individuals are
supplanted by the governing power of neo-liberaizoftware and electronically
managed data.

Most recently, Donncha Marron (Marron 2007) haswlsed credit scoring in the
U.S. as an emerging technocratic form of expethiaéallows lenders to treat borrowers
at the level of populations. Marron contrastsitterent instability of risk measurement
systems, which must be continuously refreshed tntaia their predictive power,




against a proliferation of scoring systems thanistiplying the types of risks at play in
consumer credit management. For Marron, theresesaang contradiction between a)
the epistemology of risk management systems —flesro them as being in a
‘permanent process of failure’ because by definistatistical calculations are imperfect
at the level of individuals — and b) what he caltedit risk colonization’ — the ongoing
process of situating the consumer within an inénggyg complex spectrum of risk
segmentations within the marketplace. With the afscoring, the credit industry is
observed to have moved ‘from strategies of hieiaechavoidance by lenders to ones of
polysemous engagement, from the treatment of 8sk@ost to its deployment as a
profitable opportunity’ (Marron 2007:105). If tlagticle, in large part, gives the reader
pause to wonder why such flawed techniques contimpeevail in the lending industry,
the author points to the role of the state in santtg these methods, suggesting that
there is a kind of elective affinity between crexibring and a Keynesian rationality of
economic governance that reached its height il #7@'s>

The pieces reviewed above all seek to decipheeffeets that automated
guantification practices writ large have producedite consumer credit industry,
reconfiguring banking and lending practices. Usingring as a synecdoche for a larger
movement towards risk management, each articleicegpan aspect of the profound
transformations that digital mediation has inducedonsumer finance as well as on the
governance of consumers as subjects living with@sé markets. While the driving force
attributed to the emergence of risk managemenntguks differs — the presence of
institutions (Guseva and Rona-Tas), the impetws/éscome information asymmetry
(Leyshon and Thrift), a compatibility of scoring theds with Keynesian rationality
(Marron) are each invoked — what these authorsagde m common is that they portray
guantification as a kind of momentum sweeping a&ctbe consumer finance sector. A
turn to scoring by economic sociologists seeksaiure what might be called a
paradigmatic shift towards risk management in coresuinance that has accompanied
consumer credit’s dramatic evolution over the ket century from an adjunct of retail
into a booming free standing industry with circirigtproducts (for example, the
unsecured monoline revolving credit c3rdll its own (Lewis 1992; Manning 2001). Yet
although the current sociological work acknowledtpescrucial role of calculation in
performing this shift towards risk, so far theres lb@en no concerted inquiry into the
details of constructing scoring algorithms, theiplementation into practice or the
specific effects of their multiple materializatiotisough time.

In an era that arguably is overwhelmed by econahsicourses, calculation might
well seem to be tumbling forward, relentlessly sglieg like brushfire now that the
laborious collection and digitization of consumatalis securely in place. From a
distance, scores can appear to be amorphously geddbhrough the intuitive application
of abstract, uniform and neutral mathematical m#sghto databases that have appeared
out of a global information revolution. Howeves, lastorians and philosophers of
statistics have aptly shown, each time statispcattices have been introduced to a
problem in a substantive domain, expertise, neta/oflassociations, technical objects
and even new interpretations of probability mustdsened to accommodate this
extension (Desrosiéres 2000; Gigerenzer et al.;11986king 1975; Porter 1988). If
statistical theories change as they travel, atiteifplaces they go must be rebuilt and
rearranged to fit to accommodate them in practiem) it is from the details of this



mutual refitting that novel calculative effects mamerge. In light of this, the details of
how scoring systems are made, how they connedardioate, and interact, and most of
all, how they evolve, should matter in how theydasformatted and reassembled the
consumer credit industry through risk calculatidrne research being presented here,
therefore, draws upon the works cited above, baisid departs from them in several key
ways. First and foremost, instead of treating dai@ysis as a set of delocalized methods
or a generalized expertise, it will explore thesgmuences of treating credit scoring
pragmatically as a set of concrete devices. Likeddn’s Drosophila flies (Kohler
1994), Edison’s light bulb (Hughes 1983), or McLsashipping container (Levinson
2006), credit scoring technology has also hadjadiary of innovation through
implementation, modification, and dissemination.

Manufacturing custom application scorecards (19584974Y

The company’s humble beginnings in San Rafael f@ala are an intimate part
of company lore. In 1956, having extricated thdmesefrom the military and academic
worlds, William R. Fair and Earl J. Isaac foundedrFlsaac & Company Inc. in an
apartment building with an estimated twenty foundined dollars in capital. Smart guys
and operations researchers by trade, they offeatddelves as ‘problem solvers’ for
hire, putting up for sale ‘custom solutions’ thrbudye application of operations research
techniques to civilian problems. It is importamtote that their conception of a
‘solution” was not a free floating ‘idea’ or evernaethod’. It was a material system,
concretely embedded in paper, then in hardware|aadstill with mass
computerization, in software, to provide a busingsgl ongoing information that might
reduce the guesswork involved in making everydaysitans. Bill Fair, in particular, is
remembered as having a strong aversion for whegfeered to as ‘blue suit consultation’
because he felt that this did not deliver a cledue to the client. The pair remained
adamant that the company’s business was not t@fgaze and write papers’ whose
usefulness was untested and whose contents migét be realized Until well into the
1990’s an emphasis on ‘tangible deliverables’ filistalled and implemented was an
important company hallmark. In addition to cardsdcoring, things that would become
considered as tangible deliverables included ‘doraated packaged application
processing software’ or ‘an estimate on a probigitiiat somebody will repay based
upon the information known on his credit report®r executive A)

The company’s first contact with credit cards appéa have come in the form of
an invitation from Conrad Hilton to design, programd install a complete billing system
for the newly invente@arte Blanchéeing distributed to the Hilton hotel chain’s many
guests. As the informally recorded story goes,wharl Isaac arrived at the job, he
‘opened a closet and found a pile of mail sackisdiubayments that no one knew what to
do with’ (Internal history}. It was not until later, when the company tookitsrfirst
employee, Earl Follet, that they began concertexkwao the problem of customer
selection in consumer credit. For their firstigitve, letters explaining the concept were
sent to fifty of the nation’s top consumer creditders, a range of both banks and finance
companies. In an oft repeated story, only one, gar Investment, a finance company
based out of St. Louis, Louisiana bothered to redpdy 1958, Fair, Isaac had installed




the world’s first commercially produced credit secards, one developed for the
company'’s population of customers in the city oflSwis area and another for the rest
of Louisiana State. By 1960, they had developedmaprehensive system for use in the
company’s 800 operations nationwide. Although tiveyild continue to dabble in other
kinds of projects for another decade, from the 18@&0’s onwards, Fair, Isaac would
eventually turn away from the general sale of ojpema research solutions towards the
specific problem of application screening in consufinance.

As the story goes, because the first Fair, Isaaditcscoring systems were to be
deployed in small towns in rural America at thenpaif sale, they had to be simple
enough to be understood by people with no knowledggatistics and no access to
calculators. The choice of statistical method a$ as the card format for presenting the
results in a tangibly deliverable and useful fomehd-users, were both worked out ‘in
the field’. As scoring was to be done manuallyétgil clerks additiomn situwas
possible but multiplication proved more problemat@ne third-generation Fair, Isaac
analyst (who joined the company in the early 198sounted the history as it was
handed down to him as follows: ‘the form of the ralddad to be simple enough that
somebody could just ask a question, look up somegthirite down a single number,
write down the question, look up something, wribevd another number, at the end of
which, draw a line and add it up’ (Senior R&D arst)y ‘[I]t is kind of ironic isn’t it’, he
marvelled, ‘that the most sophisticated credit sieais these days are easily made based
on a model form that started from a small finanm@gany in the South(lbid.). The
original system was carefully designed so thatt@vers provided by the credit
applicant to a set of questions (in person or oagplication form) could be classified in
the table printed on the card and the associated palues added up to produce the
‘credit score’ — a calculation of the empiricallysassed odds that a person with a
particular combination of characteristics, compaagdinst the known outcomes of a
lender’s population of clients, would default oloan.

The basic Fair, Isaac product was an ‘applicatoorecard’, a printed card that
served as a calculating tool for quantitativelyleating and selecting applicants for
credit above whatever risk threshold (i.e. cutofire) was fixed by management.
Assuming that what happened in the past was indecaf what would occur in the
future — insofar as the past was captured withencttnfines of a lender’s administrative
files — scorecards gave lenders an easy-to-usk btacfor numerically summarizing the
recorded behaviour of previous borrowers in theitfplio in support of rapid, forward-
looking decision-making. According to statistitlaory and confirmed by Fair, Isaac’s
empirical tests, the predictive utility of a scayimodel was deemed to be intimately
bound to the parameters of the data set from wihishmodelled. This means that
scorecard development was dependent on the avigylaifidata of adequate quality, and
the resulting scorecard’s predictive utility wasismlered limited to the specific
population and credit product represented in th#d.dIn more sophisticated terms, since
‘the model for x could not be used fortire initial product for sale was a custom-made
statistical model of a particular finance or mader company that rendered visible the
past performance of the extant customer Badearly scorecards mechanically replicated
the choices that had been previously made by afebdt refined this replication by
sorting the population into statistically salienbgps which were now assigned different
odds of repayment as a scalar quantity. Usingadble the operation could either



maintain volume while decreasing the rate of defaumlcould increase production while
keeping default rates the same as they had knoswn Hefore. The modest ‘lift’ offered
(in industry speak) was therefore relative to thdure of the existing operation.

The implementation of scoring and the shift towardantified risk-based
management has demanded significant organizatotraaiges (Sardas 1993) — for
example, disciplining lending operations to inviesthe forms (Thévenot 1984) required
for routine, systematic, and later, electronic da@ping. As late as the mid-1970’s
however, this did not as yet exist in finance conigs, and Fair, Isaac worked with paper
based records. Early scorecard production wasautantensive endeavour involving
the transportation of human expertise and mateggurces out into the field and then all
the way back across the country to the ‘centreatifudation’ (Latour 1987) in San
Rafael. Data collection trips involved travellitggsuburban strip malls to collect
samples of ledger cards and other information tdckehe hefty files of finance
companies, the main type of client early on. As mtired executive vice-president
describes it, ‘[Ijn those days, every shopping @htd a loan office, and you'd go in
and get an instalment loan [...]. They kept evengton little cards, all handwritten’
(Senior executive C). System construction wastéichto the physical availability to
access consistent paper records from which to dratatistically adequate sample. The
key scientific and organizational figure in thelggrocess of production was called ‘the
analyst’. It was their job to figure out, on th®gnd, how best to constitute a sample of
cases that could be used to build a statisticalentha@t would adequately discriminate
between the performance of both ‘good’ and ‘badrtwers.

The analyst was responsible for making numeroasegfic decisions that would
affect how sampling was to be achieved out of gated and imperfect conditions. A
few examples can serve to illustrate. Case selegtas achieved by an imperfect
method of sampling, usually by selecting a couplefices deemed representative by
management of the overall operations of the findimge Within these offices, each file
selected had to have a lengthy enough history fuhich to extract two ‘snapshots’ of
data. These snapshots were used to establishstictifirelationship between factors
assessed at the point of application (first snappstmal subsequent outcome (second
snapshot). From the point of origination, the iwék length adequate for declaring a file
definitively ‘good’ (as opposed to ‘still good’ arot yet bad’) was therefore of critical
consideration since its status might change isttmond snapshot was taken a few
months later. What this means is that the veriyrdison between ‘good’ and ‘bad’ was
flexible. That a case was considered grievousradgzon how ‘bad’ behaviour was
defined (i.e. one missed payment, two missed paigneri2 months, not paying at all
for three months...) and policies on what was comsilean account in default varied
between firms. And then there was the basic questi sample size — determining just
how many files, from how narrow and recent a tiredq in a firm’s history were
necessary to build a representative model. Whéecredit analytics industry has a
standardized ways of approaching these designiqnedbday, the minute details of
design were all once open issues that requiredeastilution seeking. Analysts in the
process of inventing scorecard calculation conbtdated questions about ‘where to
draw the line so that we got the most robust craditliction possible’ (Bureau scoring
vice-president).



It is striking that in conversations with the figgneration of analysts, the most
memorable part of early scorecard projects is samplection with little or no mention
of the sanitized ‘smart’ work usually associatethvatatistical analysis. Far from the
idealized image of the ivory tower, doing sciewtifiork at Fair, Isaac could involve
fairly intensive manual labour. Even a freshlydyrated star PhD student of Robert
Oliver'! coming out of Berkeley’s IEOR program could natagse the mundane task of
hauling boxes of data out of dusty storage roomsiesof which could be located in
some ‘pretty unsavoury places’. In a small comparhen something had to get done,
everyone was expected to lend a hand and to helplioiras not uncommon for spouses
to travel with analysts (and in at least one casem to aid in the grunt work of
collecting the data that kept the company goingcédn the field, selected files were
laboriously photographed by hand, page by pageheWive got a project, the idea was,
you'd go out and you'd have microfilm cameras’ (®emxecutive C). The film was
shipped all the way back to the central office alifornia where it was developed and
printed out on long rolls of paper that had to badhtorn and re-stapled to resemble the
original files. Incidents of accidentally destrdyecords, illegible copies, incomplete
documentation, broken cameras, inaccessible reemdigven neckties caught in
microfiche machines, all added to the challengassembling a workable sample, and
converting it into a digitized information infrastiture.

Once transported, the reassembled credit applicatformation had to be coded
into usable data. As Bill Fair himself would fifitlto record years later, ‘Data entry was
demanding and tedious in the extreme. [...] Gettidgek of cards ready for a run was a
matter of weeks of work counting the time it tookencode it before keypunching could
begin’ (Informal memoir). This was a two stageqass performed by housewives
working at piece rates of a few cents per sampbicgtion out of their homes. The
meticulous work of ‘the homecoders’ was the baclkbohthe scorecard since it was their
job to interpret the writing on the ledger cardd agliably convert it into the
standardized numerical codes demanded by the anpigcess. Codes were transferred
to paper, reviewed for accuracy by a woman assigsed‘checker’, and subsequently
transferred to punch cards so that the data cauleédd by machine. As one of the
women who headed coding described it, a punchroachine is ‘like a typewriter, you
put your IBM cards in — they’re about five by seveand you have to sort them. If we
punched a certain digit that would mean [occupdtioousewife’(Senior coder A).
Because of its repetitive and mechanical naturéngodas considered a mundane task in
the company. Yet upon scrutiny it is clear that work that was done involved its own
form of skilled decision making that was far frotoveous. A former coder made clear to
me that ‘[tlhere was some interpretation on alihié. You couldn’t just copy it. That
was the hard part, coding it. [...] They didn't jgsty he’s been three times thirty days
late in nice English(Senior coder B). Another drew attention to thet faat, ‘We had to
read these logs of payments and every companytdidrthe same thing, and we’d get so
confused’ (Senior coder C).

The rise of large-scale digital data repositorias tertainly advanced the cause of
credit scoring, but their absence did not by angmseleter early Fair, Isaac from
building scoring systems. In spite of formidaldgiktical challenges, the choice of credit
scoring as the company’s main business was a ptagame. A retired executive vice-
president stated that the company focused on smoi®baving ‘looked around in their



business and figured out that credit scoring waseshing that could be packaged as a
solution [and] sold over and over again’ (Seniceg@xive A). When asked what the
major steps to the success of the company werghemi@rmer executive replied that
‘one is the innovating of a product, the otherirgdkof rolling it out into an industry’
(Senior executive C). His key point was that fehevas a very routine nature in how we
developed these [systems]’ (Ibid.). In the eadyd] ‘a big part of projects was actually
getting the data into the model. ...80% of the taak that a lot of what was coming [to
us was] on paper and had to go through data priogeasd so on’ (Ibid.) Data
processing involved figuring out its contents, 8ialbg relevant codes, computerizing
selected fields, and sifting through to find valésbsuitable for scoring models. A shared
‘mindset’ among company members, associated wignatpns research, ‘of having a
problem and trying to reduce it to a framework ofi@del in which you can then,
basically, replicate the solution, with differembés of inputs’ (Ibid.) is said to have been
important to innovating scoring as a refined precag of the melee of papers and
analytic choices. ‘[T]rying to standardize how developed the scorecards [...], that's
where the innovation came in’ (Ibid.). This is h&air, Isaac transformed a fragile,
location-based practice of custom statistical modglnto a commercially viable process
of scorecard manufacture.

However, the engineer’s penchant for standardiadbwards the constitution of
a ‘mass production’ product should not overshadofact that each project continued
to be a delicate custom job. Orchestrating clgetcific calculations depended on each
firm’s internal organizational structure, the gtyalind content of the data kept, and the
co-operation of credit managers and other key paigees. Analysis began from scratch
in that it started with a fresh data collectioreariing and classingand was limited to
the information that could be gleaned given howapplication forms were designed and
how the records had been kept. At an approximexeldpment cost of $32,080the
final algorithm was considered non-transferable i@telvant to only a specific client-
lender’s business; and fortunately so for the cord®n of Fair, Isaac’s business
proposition. Even if common factors repeated thedves, the score weights associated
with them and the segmentation into multiple scarés serving sub-populatiofisvas
specific to the firm from which the sample was dnawvit is important to note that the
specificity of scorecard to population meant tiharé was no single calculation of a
person’s odds of default, since the measure ofcthesiged depending on the previous
performance of the population against which aniappt’'s data was being run. The
score of an applicant’s risk which appeared onlyesperally at the moment of
application, was the risk faced by a particuladiag firm based on their previous
experiences. In other words, risk was not stadiliin the person and did not travel
around with them, but it was attached to the midtgalculative models cropping up
across the credit industry.

From application data to credit bureau data (1980-t£985)

At the end of the 1970s, crucial developments enulS. credit analytic market
caused Fair, Isaac to shift away from a marketfstom scorecards towards a market
for credit bureau based products. In the U.Sctkdit bureaus are data gathering




organizations that have traditionally servicedrnbenerous small banks, finance
companies and savings and loan associations sogtsaross the country by providing
subscribers with access to first negative, and fuesitive repayment information on
borrowers, as well as on bankruptcies, judgmermtgrwegistration, and credit account
histories across a number of industries. From attemng of regional ‘mom and pop’
operations the bureaus have grown historicallyughoa process of consolidation over
the last century. At the end of the 1970’s theesenonly five major operations
remaining with somewhat regional covera@&l, Chilton, Pinger, Trans-Union and
TRW. By the end of the 1980’s these had been estitathe three umbrella operations
with near national coverage, known today as Tran®tJ) Equifax and Experidn

From the point of view of people working in consuraealytics the bureau business is
‘intellectually nowhere near as interesting a besgas Fair, Isaac’s!” (Senior executive
A) The original business model of the bureausnditinvolve analytics as there was no
analysis for sale. Traditionally they had receitlegl data from lenders, dug it up from
public sources (i.e. newspapers, public noticesitquoceedings, and even by soliciting
neighbourhood gossip (Black 1961)) and then aggeegand distributed it, sometimes
by simply giving information to inquiries made blggne. They did all of this without
considering the statistical meanings that mightiaele of its contents.

In the late 1970’s, the Fair, Isaac team came poempate that the rich public
record data compiled in American credit bureau respmight be utilized to develop an
alternative kind of scoring system to the ones tay painstakingly been producing
from internal data. Former head of sales, O.Dsblelis commonly given credit for
importing the idea of building scorecards exclulsiva#f bureau data, having been
inspired by a client contact at First National Bailkkansas (Informal history). Based on
a conceptualization of this client’'s suggestiohs, first product using bureau data alone
was named ‘PreScore’. Original PreScore did nartught Fair, Isaac’s tried and true
process of production. Just as with the applicasicorecard, it was a custom product
processed through data entry and their proprietatystical analysis programs, only the
outcomes was a scorecard that allowed a lendeottupe a score and to make decisions
with only knowledge of an individual’'s commerciallyailable bureau data.
Interestingly, what this idea did overturn was ohéhe company’s strongest sales points.
For some time Fair, Isaac had been pushing itesson the grounds that these might
allow lenders to avoid the costs incurred by pusaigicredit reports. They had
encouraged this by designing scorecards so thatstpossible in some cases to meet a
critical numeric threshold before the informatiomrfished by the credit report became a
necessary contribution to statistical discriminatfo/iewpoints 1980 4:4, 3). At an
expensive two to three dollars a report, ‘This wegor savings. Sometimes it paid for
our development’ (Senior analyst A). It is notmising, then, that the bureaus regarded
Fair, Isaac as distinctly unfriendly

At the advent of PreScore, bureau data was alrizexdiar to Fair, Isaac because
the files collected for the custom application scards had included information from
‘credit reports’ lenders had purchased and whoséots had generally been taken into
consideration. Although they had had no directacinwith the credit bureaus, Fair,
Isaac had worked attentively with the consumeritregorts purchased by lenders. For
years, they had been including characteristics difa@m these reports into custom
scorecards, although they had strictly limitedjiisintity because of the costs incurred by

10



having the coders enter superfluous data. Thesfimple variables that Fair, Isaac had
been drawing from the bureau reports were: tinfdar(age of the record at the bureau),
number of satisfactory ratings, number of inquirismber of ‘minor derogatories’ and
number of ‘major derogatories’. So to begin thead@pment of the PreScore product the
coders were asked to significantly increase tHérts. One former coder remembers
that during this period ‘We got into doing spedfian credit reports where we copied the
tradeline information’ (Senior coder D). ‘Il weimné by line,’she vividly recalls. Now,

for each and every tradeline, that is, bank loaortgage, or credit card on file, they
coded things such as the date opened, the maximanthe current balance, and the
delinquencies, such that eventually, the women Ihetpretations for how to interpret
each bureau: thick book&Senior coder D). Expanding amount of bureau datker
consideration made hundreds of new variables pessiBssisted by the coders, the
analyst responsible for designing the first Pre8groducts says he ‘was able to
[analyse] things like the tradeline with the highese of the line, for example. So if on
one tradeline you use 90% [VISA], but on the otymur use 95% [MasterCard], is this
predictive? [...] We’d never tested that befo(&@énior analyst A)

The rise of credit cards had expanded Fair, Isdacsimess from the less
prestigious and credit oriented finance compamesl order firms or retail credit
operations, towards the credit conservative baB&ghe primary use of custom
PreScore, as the name implies, was to pre-scrbanlas existing population in order to
launch an unsolicited, promotional credit card wifg'’. The practice of pre-screening
for bank cards using bureau data was not newstithe. In the 1980’s there was a
‘very large industry of going out there and justiimg millions and millions of credit
card offers’ (Senior analyst B). But the way pceegning was being carried out was
based on exclusionary ‘knock-out’ rules that wetweamely rigid and restrictive. An
R&D analyst described the process in a 1986 netgsletticle. Banks, he wrote, would
submit a ‘long list of absolute requirements, arahly one of the conditions is not met,
the prospect [was] eliminated form consideratidfievpoints 1986 10:3, 1). In other
words, ‘[tjhe way that rules work is that binaryasiare very exclusionary. You chop off
big parts of the population [...]" (Senior analyst Bljhe analyst concluded that
‘[a]lthough credit criteria do a good job of rejext undesirable prospects, they also
reject many good candidaté¥iewpoints 1986 10:3, 1). As with application ses, by
weighting characteristics in the file PreScoretshifthe way people were selected away
from a simple yes or no, towards a linear gradatiociasses constructed around
empirically assessed odds-predictions which lendeutd — sliding up and down the
scale at will — parse out and treat differenthjhisTmeans they could do more than focus
on deciding who to reject. Now, they could expemtnwith and adjust how they were
going to accept.

Relying exclusively on bureau data meant thateéneér did not need to wait for
applications to trickle in and get sorted to idignpirospective borrowers one by one. To
begin building ‘a market’ they could access theistng clientele’s bureau information
and filter this information through a custom made3®ore scorecard, effectively
collapsing the credit screening process into a ipenmarketing function. If the file
scored above the risk threshold the campaign wamagifor (and this could be sliced in
multiple ways), the person could swiftly be maibedoffer for the credit product being
promoted. Unlike rules which rigidly reproduceccd&én making through rejection,
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PreScore proved that it was an effective calcutatievice for imagining an elastic credit
market whose ‘performance’ or ‘enactment’ was pilaeéhin the grasp of lenders.
Instead of waiting patiently for individuals to méy themselves into potential
customers and to express a desire for creditsttatem rapidly placed the possibility of
credit cards into the hands of individuals whokelihood of default on their repayment
obligations could be calculated in advance as Ioaugh be acceptable to the lender. At
first these offers occurred within the intimacyaobanking relationship, but soon, as the
bureaus started generating lists and the finarsigsiny warmed up to the tool, pre-
scoring opened up the possibility of offering ctedithe absence of a previous banking
or lending contact. Thus, the scores from buresa oinpelled lenders to ‘consider this
whole new population which they don’t know anythadgput’ (Senior analyst B)in a
dramatic reconfiguration of agencies it was novdéss and not borrowers who initiated
the economic transaction surrounding consumer liedias now lenders not borrowers
who expressed desire, initiated calculation, anddcbe said to hold an active advantage
based on information.

PreScore was not without its own implementationass Lenders with a national
reach who resorted to many bureaus to accommoeigitenal differences in their data
holdings were required to purchase multiple Pre&cards. This was not an attractive
proposition where the scorecard was the basicthaitwas priced — as it made sense to
do in a custom driven business model. The R&Dymtalssigned to the project
attempted to build a PreScore system that couldracwodate data from any of the
bureaus. This proved to be impossible becausedrefsund that ‘[tlhe characteristics
were not the same across the bureaus and the to®ofesome of the fields did not
correspond’ (Senior analyst A). That is to sag,ways the bureaus kept the data
resulted in fundamental incommensurabilities (Espeland Carruthers 1991). It was
during this period that Fair, Isaac abandoned -nbutvithout a struggle — their long held
ideal that each statistical system needed to hstam job in order to be a quality
system. Again at the behest of clients, they abteg@roduce a ‘generic’ PreScore
product, based on a generic sample of bureau ala¢acorresponding to each of the
bureaus’ data sets. Instead of making custom saade using the bureau data found in
the files of their clients lenders, Fair, Isaacrapghed the bureaus for a representative
sample of data which they received already digitized stored on magnetic tapes. The
generic scorecards, now embedded in software, pregrammed directly into the
bureaus’ infrastructure which pulled and procesbedelevant data in batches for the
lists of prospective customers submitted at thddesirequest.

Multiple users scoring bureau files off a genedorecard linked to a particular
bureau was more than a new data source or a nalugire it introduced the company to
a veritably new way of doing analytics businesie Tproduct’ was no longer ‘the
scorecard’. Now, it was the use of a scorecarddmpnted at the bureau. ‘[F]or Fair,
Isaac it was a breakthrough and a business modalbe we didn’t have to incur the
labour of every custom project’ (Senior executiye That is, they neither had to master
the idiosyncratic qualities of locally construcdata sources for each new contract, nor
worry about data entry or data cleaning. Moreothery were now in a position to offer
an empirical system to lending outfits that were@ young or disorganized to have
statistically significant data of their own, or temall to afford a custom model. The
slippage away from the cherished philosophicalgypies held by the founders out of
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both scientific and business convictions, was floeegthree-fold. First, customization

lost its fundamental importance. Second, scoreagaiged the potential to be
transferable. And finally, and most importantlgkri- although still attached to the model
and the dataset— was detached from firm speciitoooer populations; in the absence of
any individual initiative, it could be called upcamaterialized by lenders, at will. Stated
sanguinely, the product’s overall effect was totstaaking ‘credit available to people
who probably did not have the nerve to walk intzaak and ask for a credit card’ (Senior
analyst A). More polemically, it might be said tiiae device began putting the option of
credit cards in the way of people who could notehaad, until then, any use, desire or
preference for them. In other words, it subvettesir role as service requesting
customers, and positioned them to act as prodiextts®y consumers.

The FICO® bureau scores and the circulation of consumer
credit risk (c1986-1991)

The rise of ‘bureau scores’ pushed the conceptitdibg scorecards out of
bureau data to a whole new level. To produceltiireau scores, a complexly segmented
scorecard operates inside the bureau and the mnalgtiucts sold are neither scorecards
made from static application forms, nor the usa s€orecard to produce risk estimates
corresponding to compiled lists of selected indrail$. Instead, what circulate with
commercial value are the discremresemanating from the generic model. Scores can
be calculated for all bureau files fitting the eria demanded by the model (known as
‘scoreable files’). In developing consumer credérkets the bureau model of risk
assessment is theoretically considered to be trst @onomically desirable, because it
ostensibly promotes open competition between lenieproviding uniform access to a
set of information on a large number of consum@&st in attempting to start an
idealized version of such a system from the graumcas if to replicate U.S. market
conditions, what is often overlooked is the idioswtic way in which the American
bureau system has come into being, and some giittiieular effects of how the score
product and the market for scores has been coefiigoy Fair, Isaac. Somewhat
ironically, Fair, Isaac did not pioneer the bursaares as they were not the first third
party provider of analytics to begin working didgawith the bureaus. But by business
fiat they created an epistemological machine mugbdr than just putting scorecards
into bureaus: they created the illustrious FfC@ores.

A business model of selling scores instead of $ewds may have meant
generating continuous streams of revenue on a s rather than fixed-price
custom product, but unlike custom systems it predid very limited number of
opportunities — five later reduced to three, teekact — to set up productive systems. So
in addition to rethinking the bureau data (yet apand engineering an intricate multi-
scorecard system capable of fitting national |le\sh, Fair, Isaac also had to leverage
decades of accumulated social capital in the sevi@xploiting competitive tensions
between the bureaus. Thus client demand for a ISasc offering is said to have
become of the utmost importance leading to a ‘sradiveffect’. Having provided custom
scorecards to nearly every lender of any importamtlee country, and having single-
handedly created the market for consumer credlyacsin the absence of competition
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for the better part of twenty years, Fair, Isaad become a recognized branding that
lenders associated with sound expert productsgbf uality. Since the bureau’s clients
were also Fair, Isaac’s clients, ‘the boys’ purpdly ‘went to the CitiBanks and the
AMEXes and Chases of the world and sold them ondis& of scoring the bureau data
(Informal history). These customers, in turn, wenthe credit bureaus and said ‘You

will code this in, of course, won't you?’ and thedaus really didn't have a lot of choice’
(Vice-president A). As it is pithily told todayO]nce some of the largest lenders started
buying theses scores, then the bureaus would stipplycores [or] they would say well,
you don’t have the FICO score so we can’t do bissivgth you’ (lbid.). When TRW
infamously attempted to back out of contract negimtns at the last minute, presumably
to favour the promotion of an in-house productyas client threats to abandon them as a
provider that forced them back to the table.

In 1991, Fair, Isaac consolidated joint ventures#intain a scorecard within
each of the three remaining bureaus. The offmmiatiuct name for the generic bureau
score was different at each of the bureaus bedhageare technically and scientifically
different calculations of risk. The underlying nebavas tailored to the specificity of
each bureau’s data and the scores were distriffngieridistinct production partnerships.
Nevertheless, any score produced by a Fair, Idgadtam at a credit bureau, including
the many industry specific scores that have sulesetyubeen developélj has come to
be known in industry speak as a ‘FICO score’. Thisore than a symbolic elision. Itis
the effect of several fortuitously converging preses of ‘product qualification’ (Callon,
Méadel and Rabeharisoa 2002), qualifications tbtatadly generate the important
analytic properties of these scores which distisigtihem from other calculations. First,
the FICO scores hinge on a contractual situation, on kegpimat is known as the ‘tri-
bureau solution’ intact. Until very recently, Fdsaac was the only fourth party provider
with access to all three buredUsAs Fair, Isaac discovered, maintaining thisaieé
situation has meant implementing the technologaah bureau without disrupting the
competitive structure within the existing bureaulkef The vice-president in charge of
negotiating with the bureaus admitted that, ‘Wendideally set out in the start to do that
when we got started, but once we got involved dalpee clear that was what we should
do. And it worked’ (Senior executive C). Fair,dsadeveloped a strategy called ‘the
centre of the pasture’. The idea has been to rfaveur any bureau over the others and
to invest in keeping the playing field even. Thitise typical way to proceed when we
had an innovation involve bureau data was we wojksidas hard as we could to get one
bureau to be the guinea pig. We’'d say well weaféer you a lead in the market place if
this stuff works’ (Vice-president A). Once a neavdlopment was made with one
bureau, an equivalent would be offered to the dblseeaus as well, smoothing out and
equalizing the field.

The second element at play in the unification ef fiC is the result of a
process of re-branding and marketing. In the tdal this bullying by its clients, the
bureaus had an understandably reluctant attitudartts this parasitic new-fangled score
product. It was Fair, Isaac that ‘had to sellgberes to the end users. Frankly if we
didn’t do it the bureaus were never going to doiitus. So, we went out, and really sold
it" (Bureau score analyst). Once the scorecards @esigned, the work was only
beginning. Just as with application scorecardsjritroduction of a new risk
management tool in the form of scores involved méigaring user institutions from the
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inside out. Personnel at the financial institusias well as at the bureaus had to be
trained to accommodate and integrate bureau scopgactice. ‘[S]o there were road
trips with [the bureau] sales people around thentgu At different stops we’d go from
city to city around the country in partnership fwé given bureau]’ (Bureau score
analyst). In light of Fair, Isaac’s omnipresenedibd what were all clearly ‘their’
scores, even if manufactured at separate burdamasionly good business sense for
them to start re-appropriating them under a combrand name. The final and most
effective force of product unification results franrfeature of product design. Ensuring
maximum competition between the bureaus has meianhiming switching costs for
score users. Fair, Isaac used identical segmensain all three algorithms and ‘scale[d]
the scores in such a way that the same numberssgasiated with the same risk level no
mater which bureau was used. And that turnedmbéta big idea’ (Bureau scoring vice-
president). A big idea because this rendereddbees sold from the three different
bureaus, all on log-odds scales of 850, into vilyuaterchangeable pieces of
information from the point of view of the end user.

The effects of free floating bureau scores on thresamer credit market have
been manifold. Because the data at the bureauastantly being renewed, bureau
scores are ongoing, responsive measures thateapeeintly recalculated. They have been
put to many more uses than just application anglsipre-screening, inserting
themselves into mortgage origination, portfolio m@ament (i.e. adjusting line limits,
assigning accounts to collections strategies), @xgatal design (i.e. testing credit
product strategies on statistically identical gu@and perhaps most importantly, risk
based pricing (i.e. making credit products witHefi&nt promotional terms and interest
rates for different market segments). In addittbey have given rise to a whole new
category of financial services companies and b#mdisoffer credit products to
consumers through co-branding strategies while themselves maintain no retail fronts
(i.e. MBNA prior to its merger with Bank of Americ&apital One, or GE Capital etc.).
In an information—based, expert-driven industryeoiding, the equivalence of a person to
a commensurate credit product has to be statisticalculated. With the diminishment
of personal banking relationships and the quasiggiearance of application forms for
credit cards, to access basic credit in the Uh8refore, an individual must have a
commercial score rank, otherwise their value isomger institutionally visible or
‘evaluable’ to lenders. It is in this way that teucture of the market for commercially
available consumer scores simultaneously constitine population of ‘credit
consumers’ and consolidates a market for consuredit@s a fluid transactional space;
it transforms a patchwork of markets for consunnedit into ‘the market’ which can be
differentially segmented and competed for.

A more subtle point, perhaps, is how the FfGtandard has acted to objectify
risk. Freely circulating bureau scores have exgdiocbnsumer choice by offering
multiple financial institutions the possibility simultaneously viewing the consumer
market and the individual consumers in that mairkeixactly the same way. From a
pragmatic point of view, they therefore act on‘8@ne’ market, a co-ordination effect
that has intensified direct competition, amplif@@duction, and encouraged the
manufacture of mass credit offerings. AlthoughrHaaac was unable to create a set of
genuine statistical standards (i.e. by mergingititasets into a single national
population), thale factostandard that results from the achievement ofigugnmarket
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position has proved every bit as robust in itsa@ffeness to travel and act as a universal
metric. At the level of the aggregate, the comrscale effaces the differences imposed
by statistical theory given the dissimilaritiestie datasets and the data retrieval
mechanisms underlying each supplier. If custontiegipon scorecards made risk
relative to the previous choices of multiple lergdagencies; if generic pre-screening
generated risk at the level of bureau data; th#asiing tri-bureau scores have dissolved
it from any firm association with calculative apairses. In circulating everywhere, in
appearing as the same kind of number, in beingabeafly recalculated, consumer credit
risk calculation is no longer anchored in particuteoments or in specific places. As
such, the synchronic variations in the three buszaues for each person appear to be
errors in measuring some intransigent underlyirgityy and their diachronic variation
becomes solely attributable to changes in conslelgaviour (even if this is thought to
be affected by macro-forces). It is through the®? that credit risk in the U.S. can take
on the ontological firmness of being a calculal®espnal property, rather than being a
relative value, constituted and affixed to the patkiroughcalculation.

Conclusion: Multiple scorecard configurations, muliple

market forms

This chapter has sought to anchor credit scorirtgizvthe material history of the
scorecard in order to draw current understandimgiseorise of risk calculation in
consumer finance back to its humble beginningfiad#targued that a full grasp of the
practice of credit scoring means moving beyondth@one hand, the presumption of a
static textbook theoretical understanding of quatitie methods for decision making in
finance, and on the other a separate account asiye set of conditions (i.e. the
constitution of mass databa$®<onducive to the application of these theory. wask
in the anthropology of calculability has showrtaites material and social effort to
produce spatial practices appropriate to calculai@allon and Muniesa 2005). This
means moving towards an analysis of credit scasthe result of a process of
economic production that has been able to achieataulation between theory and
circumstances, between statistical practices ataj g constantly rearranging the world
through active perseverance. While not all ofittreimerable tools available to
contemporary consumer credit risk managers stem fhe Fair, Isaac scorecard,
nonetheless the company is an important locuswvefsitngation for tracing the practical
innovation, differentiation and expansion of crestibring technologies. Custom
scorecards originally manufactured from a singl@@rcial locus and diffusing
outwards in multiple arrangements — this pictufersfreasons to move beyond treating
risk management as a uniform, abstract movement.

This is not to deny the genuine proliferation abrseg that is occurring from
multiple loci today. Credit risk managers and neeks are quick to point out that the
FICO® is only one part of the complex machinery of intemected calculative tools they
work with (i.e. internal custom scoring systemratt with commercial scores).
Against the constant introduction of new analypparatuses, the FICOs slowly
sinking into the background. It is discussed nforéhe cumulative costs it incurs than
for its conceptual novelty, as competitive foraesf banks, the bureaus and other
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analytic outfits with an economic stake activelgls& overflow the FICO frame and
undermine it. ‘Let’s face it’, said one young ghbistrategic analyst at CitiBank when
asked for his opinion on whether the FI€®as indeed an unsurpassable calculation of
consumer risk.

Up until now, it hasn’t been the nine hundred pogadila. It's been the
ninety thousand pound gorilla, because for thedshgme it was the only
place to go. And that momentum’s really, reallyriea through. [...] When
you look at the FICO score, it really hasn’t chasthgery much from the initial
concepts. It's because it's something that worléyou don't really want to
change it or innovate too much, because franklgkees hate change. | know
it sounds stupid, but this tends to be the readon iNow having said that,
thereis a burgeoning market for tools and stuff like tisat,you’ll see a lot of
companies trying to really start up, build analytols. [...] If you're large
enough like CitiBank, and you have well trainedfstgu really don’t need
this. You don’t need any of these tools. You casbpbly build it yourself.
(CitiBank global strategic analyst)

This statement is striking for its contrast witle grduous and limited nature of
early scorecard production and the tremendous vemlired to garner the co-operation
of a reluctant lending industry. It requires tha pose questions about the gradual
emergence of conditions that have made the magsrdien of some forms of calculative
agency — but not all — possible. Seen as a wkalie, Isaac’s trajectory recapitulates the
movement from an emergent to a consolidated teelsnaomic network (Callon 2002).
Michel Callon has employed these terms to desd¢rdve economic theory, scientific
research, and the functioning of markets convefgeéhe new economics of science
following Arrow and Nelson, the output of researstientific knowledge, is equated to
‘information’ defined as being a public good. @allremarks however, that for
information to be a public good it must have acegiicertain qualities. It must also be
non-rival (able to be used simultaneously by midtgrctors), non-appropriable (costly to
own) and universal (widely generalisable). Yeheswork has shown, ‘The Holy Grails
of modern economics — nonrivalry, nonappropriapiénd universality — are not given
but rather obtained at the price of costly investtsigCallon 2002:292). Drawing on
laboratory studies, the origins of science andreldygy studies, he argues that since
scientific innovation begins locally, scientificalbroduced information can only become
a public good once material investments in the lermetrological networks that allow
its replication and dispersion have been madelo@#herefore concludes that ‘If non-
rivalry, non-appropriability, and universality ekithey are not to be found in emerging
science but in what Kuhn termed normal science& evhat | prefer to call consolidated
configurations{Callon 2002:292).

If technical networks are congealing around sinmilsk management practices in
the consumer credit industry, then this is in nalpart due to Fair, Isaac’s early
dedication to delivering tangible commercial toatal to their active work within client
organizations to make them amenable to these metouéa analytic goods. Yet this
outward replication has not proceeded with unifoesults. Following a simplified
trajectory of products — from application scoresatd prescreening scorecards, to tri-
bureau scoréS— demonstrates how at each moment a ‘single’ ndetficalculation (if
narrowly conceived), can have a strikingly variegbact on the constitution of risk
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depending on the moment in which it is networketivauds and established as a
technological device. When these distinct scotecanfigurations are placed side by
side it is evident that the socio-economic effeftsoncern to social scientists — such as
the responsibility placed on consumer choice fdtdie intensification of (monoline)
credit cards through aggressive marketing practaes the personalization of risk — are
not inherent properties of risk calculation but diféerentially generated and vary
according to particular scorecard configurationggimg from activity in the parallel
market for analytics.

It can be concluded therefore, that the robustakssores as objectified /
objectifying measures is not the product of a galnshift towards quantified risk
management. Rather, as | have sought to showpieitormed’by a specific assembly
of scorecard algorithms acting as consumer credikeat devices. This effect is also a
cumulative one in that the concrete scoring edificeonsolidated configuration which
has emerged in the U.S. is arguably a direct re$dtticulating layers of Fair, Isaac
activity together, culminating in the circulatiohtd-bureau scores — pieces of
circulating, non-rival information brought into bgj ‘in the wild’ (Callon 2007).
Although not directly issued from professional emmists, these avidly circulating risk
scores nevertheless do curiously resemble the #gidntifically produced, economic
information for assessing market quality hypothediy economists of science in
support of economic theories. In all but one wathough serving their function as a
market device the scores are appropriated, bethesaneans of production continues to
belong to Fair, Isaac.
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comments on previous versions of this text. Thigamal is based upon work supported by the
National Science Foundation under Grant No. 0451139

2| am assuming that the vivid reference to Fridalowdators by the interviewee was to the ST-W
or STW-10 model mechanical calculators, whose wédgimfamous, although by the 1960’s the
first electronic Fridan models were already avaddab

% The company changed its name from Fair, Isaac &1@o to the Fair Isaac Corporation in
2003. | conserve the original name to emphasigéigtorical nature of the research. While
other methods and firms might be resorted to fathit solutions, Fair, Isaac has dominated the
U.S. marketplace for credit analytics since itejpton in 1956 until at least the early 2000's.
According to the company website (consulted in 30B4ir, Isaac had made tRerbeslist of

Top 200 U.S. Small Companies 10 times in the prexibl years. It placed L@n the Business
2.0 ranking of the 100 fastest growing technologmpanies in 2003; it was named one of the
Top 200 IT companies globally for 2002 BysinessWeelknd until recently all of the toj0
Fortune 500companies are said to have relied on Fair Isadmt#ogy

(http://www.fairisaac.com/Fairisaac/Company/Profile/

* Unlike most other countries where credit scormithe backstage business of banks, card
companies and finance houses, the Fi@Ca score that has been brought into the American
limelight. Home buyers and consumer groups ‘disced’ the scores and agitated to bring them
to public attention. This is how the ‘FICO scon&'s rapidly become a household word in the
U.S., whose recognition has been bolstered byatbent real estate and mortgage refinancing
boom following the historically low interest ratest by the Federal Reserve in 2001. A way to
release scores to consumers was devised, incijeimathe same year. This product’s evolution
is largely responsible for growing the company framestimated 50 million USD in 1991, to

over 250 million USD in 1999.
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® According to Marron (2007), Keynesianism explairts/ legislators accepted scoring in the
Equal Credit Opportunity Act (ECOA, 1974) as a ne#mn'eliminating ‘subjective’
discrimination and helping to bring about an enlkeanmass consumer credit market that would
discriminate only on merit’. It is perhaps helpfolnote that th&COA of Oct. 28, 1974, Pub. L.
93-495, 88 Stat. 152dertained only to traditional methods of creditiden-making. It was
amended a year and a half later to include theselthat refer to ‘empirically derived credit
systems’ derived through statistical analyiar. 23, 1976, Pub. Law 94-239, 90 Stat. 251)
One could argue that placing scientific systemseutite control of the law is a sign, not of their
outright acceptance as objective and dispassi@yatems, but of a profound recognition on the
part of lawmakers that these systems could beiltg gfiillegal discrimination as traditional
methods of applicant selection if not subject galedefinition and control. In this view,
regulatory intervention on the part of the statkribt seek to sanction empirical methods as non-
discriminatory so much as it actively contributedtie establishment and justification of their
status as such.

® An ‘unsecured monoline revolving credit card’ isasumer credit instrument for which no
collateral is given by the user (unsecured). édended in the absence of a bank account or
other retail relationship by a company specializing specific type of financial business
(monoline), and it automatically renews the amafraredit available up to a fixed amount as the
debt is paid down each month (revolving).

" The dates in brackets loosely correspond to thiegpef development or consolidation of each
type of scorecard technology. Custom applicat@recards remain a viable business
proposition, although their importance within theell market for analytics has been greatly
decreased by the rise of other analytic produdslfureau scores) and do-it-yourself statistical

software applications.
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® The chapter draws directly from fourteen open-drideerviews conducted by the author with
(primarily) former Fair, Isaac employees from a @mof positions in the production process.
Many of these individuals worked with the compamgit entire careers. Conversations to collect
oral histories ranging from an hour and a halftto hours each, and were carried out between
June 2004 and October 2006. Three interviews septed here are with former senior
executive, five with former vice-presidents, foluthwformer senior analysts, one with a former
bureau score sales manager, one meeting with dounef data entry personnel, and one with a
current member of CitiBank’s global strategic atiab/group. For the sake of simplicity | have
indicated a position that differentiates a speakaaproximate generation within the company
hierarchy.

° The chapter further relies on a number of unphbtisinternal histories that have circulated
informally among employees.

19 A firm that had multiple products and/or regionpkrations would have had to have purchased
more than one independently developed scorecard.

! Robert Oliver, now an emeritus professor at Bekel Department of Industrial Engineering
and Operation’s Research (IEOR) was a long tinemffiand confidant of Bill Fair's. The

‘Oliver Connection’ provided the company with mdifgtime employees who would mature to
become the company executive in the 1990's.

12 Analysts went through a series of steps to segraibles into ‘fine classes’, but since these
were often much too numerous to be useful, they thgrouped them into the ‘coarse classes’
that would constitute the options to appear orsttegecard. This kind of classification work and
its political consequences (see also the footnel@ion segmentation) has been extensively
discussed in the science and technology literatnost notably by Geof Bowker and Leigh Star

(2000).
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1B sales figures for a custom application scorecandmed ACCRUE9O, in 1990, were $44,000
for the first scorecard with a diminishing scale édach subsequent scorecard. The flat price in
1976 is reported to have been a $32,000 (Formerpiiesident, Personal communication)

14 Segmentation, a process of breaking data dowrsirttepopulations that are scored on separate
cards, is an important part of score system dedligithis case the scorecards are not
independent, unlike scorecards for different crpdiducts, where an individual might be scored
on each and every one depending on whether theyuacbasing say, a home loan or an auto
loan. In segmentation multiple cards are part sihgle model that divides a single population
into major sections. Each individual is only dbigi to be scored on one of the scorecards,
depending on their place in the model.

!> The Credit Bureau is now Equifax, Chilton was buugy TRW, Pinger was bought by

Equifax and TRW was renamed Experian. There drer ohajor data gathering operations in
business that compile consumer credit historiespaodde other marketing services (such as
preparing direct solicitation mailing lists), but &trict definition a bureau sells actual credit
histories and is subject to thair Credit Reporting Act (FCRA) 15 U.S.C § 158ket..

18 “viewpoints” was a company news letter for cliestarted by Mary Pellegrino in 1976. It
continues to be published by the company (sincemex ViewPoints), but is now solely a
vehicle for marketing rather than an informatiomatl community building tool.

" The first system was installed was for First NagioBank of Kansas using Pinger bureau data.
As an informal written internal Fair, Isaac histoegords, ‘The success of this project can best be
evidenced in the fact that First National Bank afnisas City went from the third largest bankcard
company in Kansas City to the first with just tw@motional campaigns.’ (Internal history)

'8t is important to note that while all scores ded from Fair, Isaac models might be casually
referred to as ‘FICO scores’, only some of thegecansidered equivalents in practice. For

instance, the distinction between each of the imgispecific scores and the basic risk score is
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maintained in the eyes of users, who recognizethigatisks constituted by each type of score are
used for different purposes. The public has oelgrbexposed to the basic generic bureau score
for the prediction of default.

19 At the end of 2006, the bureaus themselves cameitiutheir own joint venture product
through a fourth-party company they establisheshidanage the partnership called VantageScore
Solutions, LLC. The VantageScdfgroduct is built on a scale of 501-990 and is selparately
by all three bureaus, but is calculated from alsisgared model developed from pooled data. It
is the pressure created by the ascendancy of @@"Fand the pricing pressure it creates that is
said to have made this unlikely coalition feasible.

* The databases have not remained static in respossering. The sheer volume of the data
has increased as credit use and credit provideesihareased, new kinds of data and databases
have been generated (i.e. transactional data freditcards), and the contents of the data have

been altered in response to uniformity and starnziidn imposed by data sharing protocols.
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