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SYSTEMS AND METHODS FOR ANALYZING
DATA

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a continuation of U.S. patent
application Ser. No. 15/962933, filed on Apr. 25, 2018 and
titled “SYSTEMS AND METHODS FOR ANALYZING
DATA,” which is a divisional of U.S. patent application Ser.
No. 13/555,982, filed on Jul. 23, 2012 and titled “SYSTEMS
AND METHODS FOR ANALYZING DATA,” which is a
continuation of U.S. patent application Ser. No. 12/338,871,
filed on Dec. 18, 2008 and titled “SYSTEMS AND METH-
ODS FOR ANALYZING DATA,” which is a divisional of
U.S. patent application Ser. No. 11/535,907, filed on Sep. 27,
2006 and titled “SYSTEMS AND METHODS FOR ANA-
LYZING DATA,” which claims priority to U.S. Provisional
Application Ser. No. 60/781,391, filed on Mar. 10, 2006,
each of which is hereby expressly incorporated by reference
in their entirety.

BACKGROUND OF THE INVENTION

Field of the Invention

[0002] This invention is related to analysis of data related
to a plurality of individuals in order to categorize the
individuals. More particularly, the invention is related to
analysis of financial and demographic information of indi-
viduals in order to categorize the individuals, assign risks for
future delinquencies to the individuals, and return reasons
for assignment of a particular risk to an individual.

Description of the Related Art

[0003] Lending institutions provide credit accounts such
as mortgages, automobile loans, credit card accounts, and
the like, to consumers. Prior to providing an account to an
application, or applicants, however, many of these institu-
tions review credit related data and demographic data asso-
ciated with the applicant in order to determine a risk of the
applicant defaulting on the account or filing for bankruptcy,
for example. Such credit and demographic data may be used
to categorized, or segment, individuals into one of a plurality
of segments where each segment is associated with other
individuals that each have certain similar attributes. Scoring
models that may be particular to the assigned segment may
then be applied to the individual in order to determine a risk
score that is used by the lending institution to assess a risk
level associated with the applicant.

SUMMARY

[0004] In one embodiment, information regarding indi-
viduals that fit a bad performance definition, such as indi-
viduals that have previously defaulted on a financial instru-
ment or have declared bankruptcy, is used to develop a
model that is usable to determine whether an individual that
does not fit the bad performance definition is more likely to
subsequently default on a financial instrument or to declare
bankruptcy. The model may be used to generate a score for
each individual, and the score may be used to segment the
individual into a segment of a segmentation structure that
includes individuals with related characteristics, where seg-
ments may include different models for generating a final
risk score for the individuals assigned to the particular
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segments. Thus, the segment to which an individual is
assigned, which may be determined based at least partly on
the score assigned to the individual, may affect the final risk
score that is assigned to the individual.

[0005] In another embodiment, a method of generating a
default/bankruptcy model for assigning an individual to
particular segments of a segmentation structure, wherein the
default/bankruptcy model is indicative of an individual’s
propensity to either default on one or more financial instru-
ments or file for bankruptcy comprises, receiving observa-
tion data comprising financial and demographic information
regarding a plurality of individuals, the observation data
indicating characteristics of the individuals at an observation
time, receiving outcome data comprising financial and
demographic information regarding the plurality of indi-
viduals fitting a bad performance definition, the outcome
data indicating characteristics of the individuals fitting the
bad performance definition during an outcome period, the
outcome period beginning after the observation time, and
comparing the observation data and the outcome data in
order to generate the bankruptcy/default model usable to
determine which of a plurality of segments in the segmen-
tation structure a particular individual should be assigned.
[0006] In another embodiment, a method of assessing a
risk associated with an individual comprises generating a
model based on data regarding a first subgroup of a popu-
lation, the subgroup comprising a first portion fitting a first
failure definition and a second portion fitting a second
failure definition, and applying the generated model to the
individual, wherein the individual is not a member of the
first subgroup.

[0007] In another embodiment, a computing system for
segmenting each of a plurality of individuals into one of a
plurality of segments of a segmentation structure comprises
a profile module configured to generate a default/bankruptcy
model for assigning each individual to one or more segments
of the segmentation structure, wherein the default/bank-
ruptcy model is indicative of an individual’s propensity to
either default on one or more financial instruments or to file
for bankruptcy, and a segmentation module configured to
segment each of the individuals using the default/bankruptcy
model, wherein the individuals include individuals satisfy-
ing a bad performance definition and individuals satisfying
a good performance definition.

[0008] In another embodiment, a method for selecting one
or more adverse action codes to associate with a final risk
score assigned to an individual, each of the adverse action
codes indicating a reason that the final risk score was
assigned to the individual, wherein the individual is assigned
to a segmentation hierarchy comprising a plurality of seg-
ments, including a final segment, in a segmentation structure
comprises determining a first penalty associated with assign-
ment of the individual to a final segment, determining a first
ratio of the first penalty to a difference between a highest
possible final risk score and the final risk score for the
individual, if the determined first ratio is above a first
determined threshold, allotting an adverse action code
related to assignment of the individual to the final segment.
[0009] In another embodiment, a method of generating a
model for determining an individual’s propensity to enter
either a first failure mode or a second failure mode com-
prises defining a bad performance definition to include
individuals that have characteristics of one or more of the
first and second failure modes, receiving observation data
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regarding a plurality of individuals fitting the bad perfor-
mance definitions, the observation data indicating charac-
teristics of the individuals at an observation time, receiving
outcome data regarding the plurality of individuals fitting
the bad performance definition, the outcome data indicating
characteristics of the individuals fitting the bad performance
definition during an outcome period, the outcome period
beginning after the observation time, and comparing the
observation data and the outcome data in order to generate
a model usable to determine a likelihood that an individual
not fitting the bad performance definition will enter a first
failure mode or if the individual will enter the second failure
mode.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010] FIG. 1 is one embodiment of a block diagram of a
computing system that is in communication with a network
and various devices that are also in communication with the
network.

[0011] FIG. 2 is one embodiment of a flowchart illustrat-
ing an exemplary method of analyzing data to create a
model.

[0012] FIG. 2A is another embodiment of a flowchart
illustrating an exemplary method of analyzing data from
multiple points in time in order to create a model.

[0013] FIG. 3 illustrates one embodiment of a segmenta-
tion structure having a single segment.

[0014] FIG. 4 illustrates one embodiment of a segmenta-
tion structure having two levels of segments.

[0015] FIG. 5 illustrates one embodiment of a segmenta-
tion structure having three levels of segments.

[0016] FIG. 6 illustrates one embodiment of a segmenta-
tion structure having four levels of segments.

[0017] FIG. 7 illustrates one embodiment of a segmenta-
tion structure having five levels of segments.

[0018] FIG. 8 illustrates one embodiment of the segmen-
tation structure of FIG. 7 replacing the segment captions
with criteria for assigning individuals to each segment.
[0019] FIG. 8A illustrates another embodiment of the
segmentation structure of FIG. 7 replacing the segment
captions with criteria for assigning individuals to each
segment.

[0020] FIG. 9 is one embodiment of a flowchart illustrat-
ing an exemplary process for development of a model using
financial and/or demographic information related to a subset
of individuals, and application of the developed model to
any individual.

[0021] FIG. 10 is one embodiment of a Venn diagram
showing an exemplary division of an entire population into
previous bankruptcy and no previous bankruptcy segments,
as well as a high risk segment that overlaps portions of both
the previous bankruptcy and no previous bankruptcy seg-
ments.

[0022] FIG. 11 is one embodiment of a flowchart showing
a process of generating a model that tracks which of two or
more results is most likely.

[0023] FIG. 12 is one embodiment of a flowchart showing
a process of applying the model generated by the method of
FIG. 11 in order to assign particular individuals to segments,
where each segment may have a unique scoring model that
is applied to accounts assigned to the segment.

[0024] FIG. 13 is one embodiment of a flowchart showing
a process of developing a default/bankruptcy profile model
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using only data related to individuals with accounts that are
classified as default and individuals that have previously
declared bankruptcy.

[0025] FIG. 14 is one embodiment of a flowchart showing
a process of applying the default/bankruptcy profile model
generated by the method of FIG. 13 in order to segment
individuals.

[0026] FIG. 15 is one embodiment of a flowchart illus-
trating an exemplary method of allocating adverse action
codes to various levels of a segment hierarchy associated
with an individual.

[0027] FIG. 16 is one embodiment of a flowchart illus-
trating an exemplary process of determining how many
adverse action codes should be allotted to each level of the
segment hierarchy of an individual.

[0028] FIG. 17 is one embodiment of a flowchart illus-
trating an exemplary process of allocating adverse action
codes to various segments in a segment hierarchy.

DETAILED DESCRIPTION OF CERTAIN
EMBODIMENTS

[0029] Embodiments of the invention will now be
described with reference to the accompanying figures,
wherein like numerals refer to like elements throughout. The
terminology used in the description presented herein is not
intended to be interpreted in any limited or restrictive
manner, simply because it is being utilized in conjunction
with a detailed description of certain specific embodiments
of the invention. Furthermore, embodiments of the invention
may include several novel features, no single one of which
is solely responsible for its desirable attributes or which is
essential to practicing the inventions described herein.
[0030] FIG. 1 is one embodiment of a block diagram of a
computing system 100 that is in communication with a
network 160 and various devices that are also in communi-
cation with the network 160. The computing system 100
may be used to implement certain systems and methods
described herein. For example, in one embodiment the
computing system 100 may be configured to receive finan-
cial and demographic information regarding individuals and
generate risk scores for the individuals. The functionality
provided for in the components and modules of computing
system 100 may be combined into fewer components and
modules or further separated into additional components and
modules.

[0031] In general, the word module, as used herein, refers
to logic embodied in hardware or firmware, or to a collection
of software instructions, possibly having entry and exit
points, written in a programming language, such as, for
example, C or C++. A software module may be compiled
and linked into an executable program, installed in a
dynamic link library, or may be written in an interpreted
programming language such as, for example, BASIC, Perl,
or Python. It will be appreciated that software modules may
be callable from other modules or from themselves, and/or
may be invoked in response to detected events or interrupts.
Software instructions may be embedded in firmware, such as
an EPROM. It will be further appreciated that hardware
modules may be comprised of connected logic units, such as
gates and flip-flops, and/or may be comprised of program-
mable units, such as programmable gate arrays or proces-
sors. The modules described herein are preferably imple-
mented as software modules, but may be represented in
hardware or firmware. Generally, the modules described
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herein refer to logical modules that may be combined with
other modules or divided into sub-modules despite their
physical organization or storage.

[0032] The computing system 100 includes, for example,
a personal computer that is IBM, Macintosh, or Linux/Unix
compatible. In one embodiment, the exemplary computing
system 100 includes a central processing unit (“CPU”) 105,
which may include a conventional microprocessor. The
computing system 100 further includes a memory 130, such
as random access memory (“RAM”) for temporary storage
of information and a read only memory (“ROM”) for
permanent storage of information, and a mass storage device
120, such as a hard drive, diskette, or optical media storage
device. Typically, the modules of the computing system 100
are connected to the computer using a standards based bus
system. In different embodiments, the standards based bus
system could be Peripheral Component Interconnect (PCI),
Microchannel, SCSI, Industrial Standard Architecture (ISA)
and Extended ISA (EISA) architectures, for example.

[0033] The computing system 100 is generally controlled
and coordinated by operating system software, such as the
Windows 95, 98, NT, 2000, XP, Linux, SunOS, Solaris, or
other compatible operating systems. In Macintosh systems,
the operating system may be any available operating system,
such as MAC OS X. In other embodiments, the computing
system 100 may be controlled by a proprietary operating
system. Conventional operating systems control and sched-
ule computer processes for execution, perform memory
management, provide file system, networking, and /O ser-
vices, and provide a user interface, such as a graphical user
interface (“GUI”), among other things.

[0034] The exemplary computing system 100 includes one
or more commonly available input/output (I/O) devices and
interfaces 110, such as a keyboard, mouse, touchpad, and
printer. In one embodiment, the I/O devices and interfaces
110 include one or more display device, such as a monitor,
that allows the visual presentation of data to a user. More
particularly, a display device provides for the presentation of
GUIs, application software data, and multimedia presenta-
tions, for example. The computing system 100 may also
include one or more multimedia devices 140, such as
speakers, video cards, graphics accelerators, and micro-
phones, for example.

[0035] In the embodiment of FIG. 1, the I/O devices and
interfaces 110 provide a communication interface to various
external devices. In the embodiment of FIG. 1, the comput-
ing system 100 is coupled to a network 160, such as a LAN,
WAN, or the Internet, for example, via a wired, wireless, or
combination of wired and wireless, communication link 115.
The network 160 communicates with various computing
devices and/or other electronic devices via wired or wireless
communication links. In the exemplary embodiment of FIG.
1, the network 160 is coupled to a financial data source 162,
such as a bank or other financial institution, a demographic
data source 166, such as a government public information
database, and a customer 164, such as a financial institution
that is interested in the financial risks associated with
particular individual. The information supplied by the vari-
ous data sources may include credit data, demographic data,
application information, product terms, accounts receivable
data, and financial statements, for example. In addition to the
devices that are illustrated in FIG. 1, the network 160 may
communicate with other data sources or other computing
devices.
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[0036] In the embodiment of FIG. 1, the computing sys-
tem 100 also includes two application modules that may be
executed by the CPU 105. In the embodiment of FIG. 1, the
application modules include the profile module 150 and the
adverse action module 160, which are discussed in further
detail below. Each of these application modules may
include, by way of example, components, such as software
components, object-oriented software components, class
components and task components, processes, functions,
attributes, procedures, subroutines, segments of program
code, drivers, firmware, microcode, circuitry, data, data-
bases, data structures, tables, arrays, and variables.

[0037] In the embodiments described herein, the comput-
ing system 100 is configured to execute the profile module
150 and/or the adverse action module 160, among others, in
order to provide risk information regarding certain individu-
als or entities. For example, in one embodiment the com-
puting system 100 generates risk scores for individuals,
where the risk scores indicate a financial risk associated with
the individual. In one embodiment, the customer 164 is a
financial institution interested in the risk of default or late
payments on a loan or credit card account that has been
applied for by an individual. Thus, the computing system
100 may be configured to analyze data related to the
individual from various data sources in order to generate a
risk score and provide the risk score to the customer 164. In
one embodiment, multiple financial accounts, such as bank
accounts, credit card accounts, and loan accounts, are asso-
ciated with each individual. Thus, the computing system 100
analyzes data regarding multiple accounts of individuals and
determines scores for the individuals that are usable by one
or more customers. Various other types of scores, related to
other types of risks, may also be generated by the computing
system 100. Although the description provided herein refers
to individuals, the term individual should be interpreted to
include groups of individuals, such as, for example, married
couples or domestic partners, and business entities.

[0038] In one embodiment, the computing system 100
executes the profile module 150, which is configured to
analyze data received from one or more data sources and
generate a profile model that is usable to assign individuals
to groups. The groups to which individuals may be assigned
may also be referred to as segments and the process of
assigning accounts to particular segments may be referred to
as segmentation. A segmentation structure may include
multiple segments arranged in a tree configuration, wherein
certain segments are parents, or children, of other segments.
A segment hierarchy includes the segment to which an
individual is assigned and each of the parent segments to the
assigned segment. FIG. 7, described in detail below, illus-
trates a segmentation structure having multiple levels of
segments to which individuals may be assigned. In one
embodiment, the segments are each configured to be asso-
ciated with individuals that each have certain similar attri-
butes.

[0039] After assigning a score to an individual, the com-
puting system 100 may also select and provide reasons
related to why the individual was assigned a particular score.
For example, many customers request information regarding
the factors that had the most impact on an individual’s risk
score. Thus, in one embodiment the computing system 100
selects one or more adverse action codes that are indicative
of reasons that a particular score was assigned to an indi-
vidual. In certain embodiments, the assignment of an indi-
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vidual to a particular segment may be a factor that was
relevant in arriving at the risk score for the individual. Thus,
in one embodiment, one or more adverse action codes
provided to a customer may be related to the assignment of
the individual to a particular segment, or to particular
segments in the segment hierarchy. In one embodiment, the
adverse action module 160 is configured to determine how
many, if any, of a determined number of total adverse action
codes should be allotted to various segments of the indi-
viduals segment hierarchy. The adverse action module 160
may also determine which adverse action codes are returned.
The operation of the profile module 150 and the adverse
action module 160 are explained further below with respect
to the drawings.

1. Segmentation

[0040] FIG. 2 is one embodiment of a flowchart illustrat-
ing an exemplary method of analyzing data to create a
model. The exemplary method of analyzing data may be
stored as a process accessible by the profile module 120
and/or other components of the computing system 100. As
described above, models may be created based on existing
data in an attempt to predict characteristics of other related
data. Depending on the embodiment, certain of the blocks
described below may be removed, others may be added, and
the sequence of the blocks may be altered.

[0041] Beginning in a block 210, financial and demo-
graphic information is received by a computing device, such
as the computing device 100 of FIG. 1. The financial and
demographic data may be received from various data
sources, including those discussed above with reference to
FIG. 1. In the embodiment of FIG. 2, financial and demo-
graphic information related to a plurality of individuals, and
a plurality of financial accounts associated with the indi-
viduals, is obtained. Thus, for any given individual, data
regarding characteristics of multiple financial accounts may
be received. In addition, the received data may be a subset
of the available data, such as, for example males older than
40, or a random 10% sample of the population. In an
advantageous embodiment, the received data is in a format
that is easily understood and usable by the computing
system 100. It is recognized that in other embodiments, the
data could be retrieved in block 210, such as, for example,
by reading data stored on one or more data source via the
network 160.

[0042] Moving to a block 220, one or more models are
developed based on a comparison of the received data. In the
embodiment of FIG. 2, a model is generated by comparing
characteristics of individuals that are classified as fitting
either a good or a bad definition. In one embodiment, for
example, a bad performance definition is associated with
individuals having at least one account that has had a 90+
days past due status within the previous two years, for
example, while the good performance definition is associ-
ated with individuals that have not had a 90+ days past due
status on any accounts within the previous two years. It is
recognized that in other scenarios, individuals with at least
one account that is 90+ days past due may be classified as
a good performance definition. As those of skill in the art
will recognize, the specific criteria for being categorized in
either the good or bad performance definitions may vary
greatly and may consider any available data, such as data
indicating previous bankruptcy, demographic data, and
default accounts associated with an individual, for example.
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[0043] Continuing to a block 230, the developed model is
applied to an individual in order to determine risks associ-
ated with the individual. For example, the model may be
used to determine if an individual is more closely related to
the individuals associated with the good performance defi-
nition, or with individuals associated with the bad perfor-
mance definition. Thus, application of the model on an
individual may predict whether the individual will have past
due account statuses in the future, for example. Accordingly,
the generated model may be used by customers in order to
determine what types of financial services should be offered
to a particular individual, if any, and rates, such as interest
rates, for the individual may be proportional to the risk score
developed by application of the model to the individual.
[0044] FIG. 2A is another embodiment of a flowchart
illustrating an exemplary method of analyzing data from
multiple points in time in order to create a model. In this
embodiment, the model may be created based on analyzing
data from a previous point in time (an observation point) in
an attempt to predict known behavior as measured subse-
quent to the observation point (during an outcome period).
More particularly, the model is generated by analysis of the
data from the observation point, referred to as observation
data, in context of the data from the outcome period, referred
to as outcome data. Once generated, the model may be
applied to individuals, based on the current data related to
the individual at the time of applying the model. Depending
on the embodiment, certain of the blocks described below
may be removed, others may be added, and the sequence of
the blocks may be altered.

[0045] Beginning in a block 250, a snapshot of financial
and demographic information regarding a plurality of indi-
viduals at a particular point in time is received. In the
embodiment of FIG. 2A, the observation point is some time
previous to the current time and may be expressed generally
as T-X, where T is the current time and X is a number of
months. In one embodiment, T=the date the profile model is
being generated. In this embodiment, if X=25, the observa-
tion point is 25 months previous to the date the profile model
is being generated. In other embodiments, X may be set to
any other time period, such as 6, 12, 18, 36, or 48, for
example.

[0046] Continuing to a block 260, data related to individu-
als during a period subsequent and mutually exclusive to the
observation point is obtained. In one embodiment, this
outcome period may be defined generally as the period from
T-X+1 to T, is obtained. Thus, in an exemplary embodiment
where X=25, data from the individuals from 24 months
previous until the date of model generation, is obtained.
Behaviors measured for individuals during the outcome
period may include, for example, repayment performance,
bankruptcy filing, and response to a marketing offer. These
behaviors may be referred to as the performance definition
of the analysis.

[0047] Moving to a block 270, the observation data and
the outcome data relative to the categories of the perfor-
mance definition are analyzed in order to develop a model.
Thus, data regarding the individuals at the snapshot date is
compared to data regarding the individuals during the out-
come period.

[0048] In a block 280, the model developed in block 270
may be applied to current data of an individual in order to
predict future behavior or attributes of the individual over a
time period. In one embodiment, the model is applied to a
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snapshot of the financial and demographic data related to the
individual at the time of model application. Thus, the data
used in applying the model may be predictive during any
time after T, such as T+1, T+6, T+12, or T+24, for example.
With respect to the example above, application of a model
generated using X=25 may result in information that pre-
dicts an individual’s behavior for a subsequent 24 month
period.

[0049] As described in further detail below, generation of
a model using data related to a certain subpopulation of all
individuals received may advantageously be used to predict
certain characteristics of even individuals outside the sub-
population used in development of the model. In particular,
described below are exemplary systems and methods for
generating a model for segmenting individuals based on
whether the individual is more likely to default on one or
more financial instruments, or whether the individual is
more likely to file for bankruptcy. Thus, the model is
generated by comparing individuals that are associated with
default accounts and/or bankruptcy during the outcome
period, which are each individuals classified in the bad
performance definition. However, although the model is
generated using only individuals that fit the bad performance
definition, the generated model is used to segment individu-
als that do not fit the bad performance definition. For
example, the model may be applied to individuals that are
not associated with default accounts or bankruptcy observed
during the outcome period. By applying a model generated
from a first subgroup of a population (for example, bad
performance definition individuals) to a second subgroup of
the population (for example, any individuals, include good
and bad performance definition individuals), certain attri-
butes of the first subgroup are usable to predict risk char-
acteristics of the second subgroup that may not be detectable
using a traditional model.

[0050] FIGS. 3-7 are segmentation structures illustrating
embodiments of levels of segments that may be included in
a segmentation structures. The exemplary segmentation
structure of FIG. 3 illustrates an embodiment of a first level
of a segmentation structure, while the segmentation struc-
tures of FIGS. 3-7 each add an additional segmentation level
to the segmentation structure. In one embodiment, the
segmentation structures of FIGS. 3-7 may be based on
observation data. The description of FIGS. 3-7 also
describes exemplary steps of applying a model in order to
segment an individual to a particular segment, and then to
apply a model to the individual in order to determine an
individual risk score. The segmentation structure discussed
in these drawings provides one exemplary segmentation
structure that may be use to categorize individuals. Thus, the
segmentation structures described herein are not intended to
limit the scope of segmentation structures that may be used
in conjunction with the profile model generation and appli-
cation systems and methods described herein.

[0051] FIG. 3 illustrates one embodiment of a segmenta-
tion structure having a single segment 310. In the embodi-
ment of FIG. 3, all individuals are assigned to the segment
310. In one embodiment, segment 310 comprises a scoring
model that may be applied to individuals within the segment
in order to determine a preliminary risk score for the
individuals. In one embodiment, because segment 310
includes all individuals, segment 310 may be considered a
starting segment in which any individual is placed, rather
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than a segment 310 to which individuals may be assigned
using one or more scoring criteria or attributes of the
individuals.

[0052] FIG. 4 illustrates one embodiment of a segmenta-
tion structure having first and second levels of segments.
More particularly, the segmentation structure 400 includes
the first level segment 310 and two second level segments
410, 420 that are each connected as children nodes of the
first level segment 310. In the embodiment of FIG. 4,
segment 410 is associated with individuals that have one or
more previous bankruptcies, while segment 420 is associ-
ated with individuals that have no previous bankruptcies.
Thus, each individual in the entire population segment 310
may be assigned to one, and only one, of the second level
segments 410, 420. More particularly, each individual either
has a previous bankruptcy, or does not have a previous
bankruptcy, and may therefore be assigned to exactly one of
the second level segments 410 or 420. In other embodi-
ments, some of the individuals may remain in the first level
segment 310, while others are assigned to second level
segments, such as segments 410, 420.

[0053] FIG. 5 illustrates one embodiment of a segmenta-
tion structure having first, second, and third level segments.
In the embodiment of FIG. 5, third level segments 510, 520
have been associated as children nodes of second level
segment 410, and third level segments 530, 540, and 550
have been associated as children nodes of second-level
segment 420. Thus, as illustrated in FIG. 5, individuals that
are segmented to the previous bankruptcy segment 410 may
be further segmented to either a higher risk segment 510 or
a lower risk segment 520. Likewise, individuals that are
segmented to the no previous bankruptcy segment 420 may
be further segmented in either a highest risk segment 530,
higher risk segment 540, or lower risk segment 550. Accord-
ingly, the third level segments further divide and classify the
individuals that are assigned to the second level segments. In
one embodiment, assignment of individuals to one of the
third level segments is determined according to a prelimi-
nary risk score for each particular count. The preliminary
risk score may be determined based on a model that is
developed for application to any individual in the entire
population segment 310, based on certain attributes of each
individual. In the embodiment of FIG. 5, the preliminary risk
score is used in segmenting accounts into one of the third
level segments, rather than directly as a factor in the model
for determining a final risk score.

[0054] FIG. 6 illustrates one embodiment of a segmenta-
tion structure having first, second, third, and fourth level
segments. In the embodiment of FIG. 6, the third level
higher risk segment 510 is further segmented into fourth
level segments including a higher bankruptcy risk segment
610 and a lower bankruptcy risk segment 620. Similarly, the
highest risk segment 530 is further segmented into a default
segment 630, default/bankruptcy segment 640, and a bank-
ruptcy segment 650. The higher risk segment 540 is further
segmented into a default segment 660 and a bankruptcy
segment 670. In an advantageous embodiment, a default/
bankruptcy profile model is developed by analyzing indi-
viduals that are associated with a default account and/or
bankruptcy during the outcome period. This default/bank-
ruptcy profile model may then be applied to individuals
within the higher risk segment 510, highest risk segment
530, or higher risk segment 540, in order to determine how
each of the individuals should be further segmented into one
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of the fourth level segments. Thus, although the default/
bankruptcy profile model is developed using only individu-
als that are associated with a previous default account and/or
bankruptcy, the model may be useful in segmenting indi-
viduals that are not associated with default accounts or
bankruptcy.

[0055] FIG. 7 illustrates one embodiment of the segmen-
tation structure of FIG. 6 having first through fifth level
segments. In the embodiment of FIG. 7, the bankruptcy
segment 650 is further subdivided into higher risk segment
710 and lower risk segment 720. In one embodiment,
assignment of individuals to either the higher risk segment
710 or the lower risk segment 720 is determined according
to preliminary risk scores for respective individuals. In other
embodiments, other criteria may be used to segment indi-
viduals into the higher risk segment 710 or the lower risk
segment 720.

[0056] FIG. 8 illustrates one embodiment of the segmen-
tation structure of FIG. 7 replacing the segment captions
with criteria for assigning individuals to each segment.
Accordingly, the segmentation structure 700 may be used to
assign an individual to a particular segment in the segmen-
tation structure, based on various attributes of accounts held
by the individual at the time of observation or application of
the model. The criteria include in FIG. 8 are exemplary and
are not intended to limit the types or ranges of criteria that
may be used in segmenting individuals. In the embodiment
of FIG. 8, the preliminary risk scores assigned to individuals
range in values from 0 to 10, with 10 representing the least
amount of risk; the default/bankruptcy scores range in
values from O to 10, with 10 representing the greatest risk of
default and O representing the greatest risk of bankruptcy;
and the preliminary bankruptcy scores range in values from
0 to 10, with 10 representing the greatest risk of bankruptcy
and O representing the least risk of bankruptcy. However,
these ranges of values are exemplary and are not intended to
limit the scope of the systems and methods described herein.
Other scores, such as letter scores from A-F may be used as
preliminary risk scores, default/bankruptcy scores, and/or
preliminary bankruptcy scores. In other embodiments,
higher values may represent different attributes of an indi-
vidual than are described above. For example, in one
embodiment, the preliminary bankruptcy scores may range
in values from O to 10, with 0, rather than 10, representing
the greatest risk of bankruptcy and 10, rather than O,
representing the least risk of bankruptcy.

[0057] In one embodiment, the final segment to which an
individual is assigned is associated with a scoring model that
is applied to the individual in order to develop a final risk
score for the individual. Thus, the criteria included in each
of the segments illustrated in FIG. 7 define which individu-
als should be associated with each particular segment, rather
than indicating a particular final risk score associated with
an individual. As described further below, certain scoring
models associated with segments may adjust a final risk
score for an individual due to assignment of the individual
to a particular segment and/or assignment to a particular
segment hierarchy. For example, in one embodiment a risk
score model for higher bankruptcy risk segment 610 may
inherently or explicitly adjust final risk scores of individuals
in that segment based on the fact that the individuals are
assigned to segment 610. In addition, the risk score model
for segment 610 may also inherently or explicitly adjust the
final risk scores of individuals in that segment based on the
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fact that the segment hierarchy includes higher risk segment
510 and previous bankruptcy segment 410. Other risk score
models, however, may not adjust the final risk score based
on assignment to particular segments or segment hierar-
chies, or may adjust for some, but not all, segments.
[0058] In the exemplary embodiment of FIG. 8, at the
beginning of the segmentation process, all individuals are
placed in the entire population segment 310. The individuals
are then segmented into two groups, specifically, previous
bankruptcy segment 410 and no previous bankruptcy seg-
ment 420. Thus, the determination of a second level segment
is based only on whether the individual has previously filed
for bankruptcy. As those of skill in the art will recognize,
bankruptcy data may be obtained from various sources, such
as public records or financial account information that may
be available from one or more data sources.

[0059] Once an individual is segmented to either the
previous bankruptcy segment 410 or the no previous bank-
ruptcy segment 420, further segmentation according to
preliminary risk scores is performed. As noted above, in one
embodiment a preliminary risk score is determined for each
of the individuals in the entire population segment 310. In
the embodiment of FIG. 8, for those individuals assigned to
the previous bankruptcy segment 410, if the preliminary risk
score is less than or equal to seven, the account is assigned
to the higher risk segment 510. If, however, an individual
from the previous bankruptcy segment 410 has an associated
preliminary risk score of greater than seven, the individual
is assigned to the lower risk segment 520. Because the
segmentation structure 800 does not include any further
segments below the lower risk segment 520, a final risk
model associated with the lower risk segment 520 may be
applied to individuals assigned to segment 520 in order to
generate respective final risk scores. However, segmentation
structure 700 includes additional segments that are config-
ured as child nodes of the higher risk segment 510 and,
accordingly, the final risk score is not determined by a model
associated with the higher risk segment 510, but rather by
models associated with the child segments.

[0060] In the embodiment of FIG. 8, individuals in the
higher risk segment 510 are further segmented based on a
bankruptcy risk score. In one embodiment, a bankruptcy risk
score is calculated for certain, or all, of the individuals in the
previous bankruptcy segment 410. In the segmentation
structure 700, individuals in the higher risk segment 510
with a bankruptcy risk score that is greater than or equal to
nine are assigned to the higher bankruptcy risk segment 610,
while individuals in the higher risk segment 510 with a
bankruptcy score that is less than nine are assigned to the
lower bankruptcy risk segment 620. In one embodiment,
each of the higher bankruptcy risk segment 610 and lower
bankruptcy risk segment 620 have respective final risk score
models that are applied to the individuals assigned to the
respective segments in order to determine a final risk score
for each individual.

[0061] As shown in FIGS. 7 and 8, the previous bank-
ruptcy segment 420 is linked to multiple child segments to
which individuals may be segmented. In particular, indi-
viduals with a preliminary risk score of less than or equal to
seven are assigned to the highest risk segment 530, indi-
viduals with a preliminary risk score of less than nine are
assigned to the higher risk segment 540, and individuals
with a preliminary risk score of greater than or equal to nine
are assigned to the lower risk segment 550. Because the
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segmentation structure 800 does not include any further
segments below the lower risk segment 550, a final risk
model associated with the lower risk segment 550 is applied
to individuals assigned to segment 550 in order to generate
respective final risk scores. However, segmentation structure
800 includes additional segments that are configured as child
nodes of the highest risk segment 530 and the higher risk
segment 540 and, accordingly, the final risk score is not
determined by a model associated with the highest risk
segment 530 or the higher risk segment 510, but rather by
models associated with the child segments.

[0062] In the embodiment of FIG. 8, the highest risk
segment 530 includes multiple child nodes, specifically,
default segment 630, default/bankruptcy segment 640, and
bankruptcy segment 650. In one embodiment, individuals in
the highest risk segment 530 are segmented into one of the
segments 630, 640, or 650 based on a default/bankruptcy
profile score. As described in further detail below with
reference to FIGS. 9-14, a default/bankruptcy model may be
developed based on account information related to individu-
als within either bankruptcy or default accounts within the
outcome period. In one embodiment, individuals associated
with default accounts includes those individuals that have
had at least one 90 days past due account status in the
outcome period. For example, in one embodiment an indi-
vidual is categorized as default if within the two year
outcome period, one or more accounts associated with the
individual have reported a 90 days past due status. In one
embodiment, the default category individuals and the bank-
ruptcy category are mutually exclusive, so that if an indi-
vidual satisfies the criteria for being categorized in both the
bankruptcy and default categories, only the bankruptcy
categorization will be applied to the individual. In other
embodiments, other criteria may be used to categorize
individuals as default or bankrupt. For example, information
regarding 30 days past due, 60 days past due, and 120 days
past due accounts of an individual may be used in catego-
rizing individuals as default. Likewise, various time periods
may be reviewed in order to locate possible past due
accounts and bankruptcy information. For example, the
outcome period may be six months, one year, two years,
three years, or five years.

[0063] As will be described in further detail below,
although the default/bankruptcy profile model is developed
based on only account data associated with individuals
categorized as either default or bankrupt, the default/bank-
ruptcy profile model may advantageously be applied to
individuals that are not categorized as either bankrupt or
default in order to segment these individuals. For example,
as illustrated in FIG. 8, those individuals in the highest risk
segment 530 having a default/bankruptcy profile score of
greater than 8 are assigned to the default segment 630, those
individuals having a default/bankruptcy profile score of
greater than seven, but less than or equal to eight, are
assigned to the default/bankruptcy segment 640, and those
individuals having a default/bankruptcy profile score of less
than or equal to seven are assigned to the bankruptcy
segment 650. In one embodiment, the assignment of indi-
viduals to one of the segments 630, 640, or 650, is indicative
of a prediction as to whether the individual is more likely to
either default or file for bankruptcy in the future. Thus, those
individuals in the default segment 630 are more likely to
default on an account in the future then they are to go
bankrupt and those individuals in the bankruptcy segment
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650 are more likely to declare bankruptcy in the future than
to default on an account. In the embodiment of FIG. 8, those
individuals in the default/bankruptcy segment 640 are sub-
stantially equally likely to either default on an account or to
file for bankruptcy.

[0064] For those individuals in the higher risk segment
540, the default/bankruptcy profile model is applied and the
individuals are further segmented to either the default seg-
ment 660 or the bankruptcy segment 670 according to the
score returned from application of the default/bankruptcy
profile model. More particularly, those individuals with a
default/bankruptcy profile score of less than seven are
assigned to the default segment 660, while those individuals
with a default/bankruptcy profile score of greater than or
equal to seven are assigned to the bankruptcy segment 670.
As noted above, assignment to the default segment 660 may
indicate that an individual is more likely to default on an
account than to file for bankruptcy, while assignment to the
bankruptcy segment 670 may indicate that an individual is
more likely to file for bankruptcy then you default on an
account.

[0065] In the embodiment of FIGS. 7 and 8, individuals
assigned to the bankruptcy segment 650 may further be
segmented into the higher risk segment 710 or the lower risk
segment 720. In the embodiment of FIG. 8, segmentation to
one of segments 710 or 720 is based upon the preliminary
risk score for each individual. In the particular example of
FIG. 8, those individuals having a preliminary risk score of
less than seven are assigned to the higher risk segment 710,
while those individuals having a preliminary risk score
greater than or equal to seven are assigned to the lower risk
segment 720. In one embodiment, each of the higher risk
segment 710 and lower risk segment 720 are associated with
a final risk score model that is applied to individuals within
the respective segments in order to determine final risk
scores for those individuals. FIG. 8A illustrates an additional
embodiment of the segmentation structure of FIG. 7.

[0066] FIG. 9 is one embodiment of a flowchart illustrat-
ing an exemplary process for development of a model using
account information related to a subset of individuals (for
example, individuals fitting a bad performance definition)
and application of the developed model to any individual
(for example, any individuals). This exemplary method of
developing and applying a model may be stored as a process
accessible by the profile module 120 and/or other compo-
nents of the computing system 100. This process of gener-
ating and applying a model may be used in conjunction with
various types of information. In one embodiment, models
may be developed using the methodology described with
reference to exemplary FI1G. 9 based on data associated with
two failure groups within a group of individuals fitting a bad
performance definition. This model may then be applied to
individuals that do not fit the bad performance definition, as
well as to individuals that do fit the bad performance
definition. For example, a first failure group may include
individuals that have defaulted on installment loans and a
second failure group may include individuals that have
defaulted on revolving loans, where both failure groups fit a
bad performance definition. In another embodiment, models
may be developed with the methodology of FIG. 9 using
information regarding the bank loans of individuals and
information regarding auto loans of individuals. Depending
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on the embodiment, certain of the blocks described below
may be removed, others may be added, and the sequence of
the blocks may be altered.

[0067] In a block 910, financial and demographic infor-
mation from a previous point in time, referred to as an
observation point, regarding a plurality of individuals is
received by a computing device, such as the computing
system 100. This information may be obtained from various
sources and received in various manners. In one embodi-
ment, information may be received by the computing system
100 on a network connection with one or more financial data
sources 162 and/or demographic data sources 166. In
another embodiment, the financial and demographic infor-
mation is retrieved by the computing system 100, such as,
for example, by reading data stored on a data source
connected to the network 160. In other embodiments, infor-
mation may be received on a printed medium, such as
through the mail, or verbally. In an advantageous embodi-
ment, any information that is not received in an electronic
format is converted to electronic format and made accessible
to the computing system 100.

[0068] Next, in a block 920, behaviors of a subpopulation
of individuals are observed over a set time period subse-
quent and mutually exclusive to the observation point.
Individuals in two subcategories of a bad performance
definition, such as first and second failure groups, are then
selected for analysis in developing a model. For example,
individuals having accounts that satisty either default or
bankruptcy criteria may be selected for use in developing a
default/bankruptcy model. In another example, a first failure
group may include individuals that have defaulted on an
installment loan and a second failure group may include
individuals that have defaulted on a revolving loan. The
model generated using these failure groups may be used to
determine whether an individual to which the generated
model is applied is more likely to default on an installment
loan or a revolving load. Additionally, models may be
generated based on contrasting of data regarding individuals
in other groups that are not necessarily part of a bad
performance definition. Thus, the term failure group should
not be construed as limited to only groups of individuals that
have negative credit attributes. For example, a model may be
created using information related to individuals in each of
two success groups that are each part of a good performance
definition. This model may then be used to determine the
likelihood that an individual not fitting the good perfor-
mance definition will enter the first success group or the
second success group.

[0069] Inablock 930, a model is developed based on only
account information of the individuals in the selected one or
more categories. Thus, the model is developed using account
information related to only a subset of individuals, such as
individuals in first and second failure groups within a bad
performance definition. For example, a default/bankruptcy
model may be developed using data associated with only
those individuals having accounts that are classified as either
bankrupt or default, although the entire population includes
many other individuals that do not meet these criteria.
[0070] In a block 940, the developed model is applied to
individuals using current data in order to segment individu-
als into groups, where each group includes individuals
having one or more related attributes. In one embodiment,
the developed model is applied to individuals that do not
meet the criteria for the selected categories that were used in
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developing the model, such as individuals that fit a good
performance definition. Thus, a default/bankruptcy model
may be applied to individuals that are classified as neither
default nor having a previous bankruptcy.

[0071] FIG. 10 is one embodiment of a Venn diagram
showing an exemplary division of an entire population into
previous bankruptcy and no previous bankruptcy segments,
as well as a high risk segment. As shown in FIG. 10, the
entire population includes individuals with no previous
bankruptcy in segment 1010, and those with a previous
bankruptcy in segment 1020. Additionally, a high risk seg-
ment 1030 includes some individuals from both the previous
bankruptcy segment 1020 and the no previous bankruptcy
segment 1010. Thus, because there are high risk individuals
in both the previous bankruptcy and no previous bankruptcy
segments, a model developed using the high risk individuals
and previous bankruptcy individuals may provide some
predictive value to those individuals in the no previous
bankruptcy segment 1010.

[0072] FIG. 11 is one embodiment of a flowchart showing
a generic process of generating a profile model that tracks
which of two or more results is more likely. The method of
FIG. 11 may be applied to various types of data sets in order
to predict which of two or more possible results is most
likely. For example, the methodology of FIG. 11 may be
used in order to generate a model that predicts whether an
individual is more likely to default on a revolving loan or if
the individual is more likely to default on an installation
loan. This exemplary method of generating a profile model
may be stored as a process accessible by the profile module
120 and/or other components of the computing system 100.
Depending on the embodiment, certain of the blocks
described below may be removed, others may be added, and
the sequence of the blocks may be altered.

[0073] Beginning in a block 1110, data related to accounts
that are associated with one or more of the results is
received. For example, if the model is intended to determine
if an individual is more likely to default on installment loans
or revolving loans, the data received by a computing device
100 may include financial and demographic information
regarding individuals that have previously defaulted on
either installment or revolving loans. Likewise, if the model
is intended to determine if an individual is more likely to
default on a bank loan or if the individual is more likely to
default on an automobile loan, the data received by the
computing device 100 may include financial and demo-
graphic information regarding individuals that have previ-
ously defaulted on either automobile or bank loans.

[0074] Continuing to a block 1120, a model that predicts
whether a first result is more likely that a second result is
developed based on at least a portion of the received data. In
one embodiment, the data related to the multiple results is
analyzed in order to detect similarities and differences in the
data. Application of one or more statistical models may be
used in order to analyze the data and generate a model that
projects which of the multiple results is more likely based
upon attributes of an individual that are later evaluated using
the developed model.

[0075] FIG. 12 is one embodiment of a flowchart illus-
trating an exemplary process of applying the model gener-
ated by the method of FIG. 11 in order to assign particular
individuals to segments, where each segment may have a
unique scoring model that is applied to individuals assigned
to that segment. This exemplary method of applying a model
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may be stored as a process accessible by the profile module
120 and/or other components of the computing system 100.
As noted above with reference to FIGS. 3-8, segmentation of
individuals into two or more segments may be useful to
group individuals having one or more similar attributes,
where a scoring model developed specifically for individuals
having the similar attributes may be applied to individuals
assigned to respective segments. Depending on the embodi-
ment, certain of the blocks described below may be
removed, others may be added, and the sequence of the
blocks may be altered.

[0076] Beginning in a block 1210, data related to indi-
viduals to be scored is received. In one embodiment, the data
received in block 1210 comprises financial and demographic
information regarding one or more accounts related to each
individual to be segmented. In other embodiments, the data
regarding the individuals may comprise any other types of
data that may be useful in categorizing the individuals into
groups.

[0077] Continuing to a block 1220, individuals are divided
into groups based on a model developed using a process
similar to the process described above with reference to FIG.
11. For example, if the developed model predicts whether in
individual is more likely to default on a revolving loan or a
installment loan, the model may be applied to each of the
individuals for which data is received in block 1210 in order
to categories each of the individuals into a revolving loan
group or an installment loan group. In one embodiment, the
individuals that are classified using the model are not
necessarily individuals that meet the criteria used for
selected individuals for generation of the model. For
example, a revolving/installment default model may be
applied to individuals that have never defaulted on either a
revolving loan or an installment loan in order to categorize
the individual as either more likely to default on a revolving
loan or more likely to default on and installment loan. In the
embodiment of FIG. 8, for example, the default/bankruptcy
model is applied to individuals in order to segment the
individuals into multiple groups. In the embodiment of FIG.
8, the individuals that are categorized by the default/bank-
ruptcy model have not previously declared bankruptcy and
may not be in the default category either. Thus, the indi-
viduals on which the model is applied are not necessarily
individuals that satisfy the criteria for use in model genera-
tion.

[0078] Moving to a block 1230, a score is created for each
individual. In one embodiment, the scores for each indi-
vidual are created based on a model that is specific to a
particular segment in which the individual has been
assigned. For example, if an individual is assigned to a first
segment, such as through the use of a revolving/installment
model score for the individual, a first scoring model may be
applied to the individual in order to generate a final risk
score for the individual. Likewise, if another individual is
assigned to a second segment, such as through the use of the
revolving/installment model score for the individual, a sec-
ond scoring model may be applied to the individual in order
to generate a final risk score.

[0079] FIG. 13 is one embodiment of a flowchart showing
a process of developing a profile model using only data
regarding individuals with accounts that are classified as
default and individuals that have previously declared bank-
ruptcy. This exemplary method of developing a profile
model may be stored as a process accessible by the profile
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module 120 and/or other components of the computing
system 100. In an exemplary embodiment, the profile model
uses data regarding individuals that fit a bad performance
definition as measured in the outcome period in order to
generate a default/bankruptcy profile model. Depending on
the embodiment, certain of the blocks described below may
be removed, others may be added, and the sequence of the
blocks may be altered.

[0080] Beginning in a block 1310, financial and demo-
graphic data regarding individuals with default accounts and
individuals that have previously filed for bankruptcy during
the outcome period are received by a computing device,
such as the computing system 100. As noted above, indi-
viduals may fit a bad performance definition based on
various criteria, such as a number of past due accounts and
a past due period for those accounts. In the embodiment
described herein, individuals fit a bad performance defini-
tion if an account associated with an individual has had a
90+day past-due status or if the individual has filed for
bankruptcy within the two year outcome period.

[0081] Moving to a block 1320, a default/bankruptcy
profile model as to whether an individual is more likely to
default or go bankrupt is developed. The model developed
by the computing system 100 in block 1320 may be applied
to individuals in order to predict whether an individual is
more likely to file for bankruptcy or to have a default
account. In one embodiment, the model may also predict
that there is a similar likelihood that the individual either
declares bankruptcy or as a default account.

[0082] FIG. 14 is one embodiment of a flowchart showing
a process of applying the default/bankruptcy profile model
to individuals. As noted above, the default/bankruptcy pro-
file model may be applied to any individuals, regardless of
whether the individuals have associated default accounts or
have filed for bankruptcy. This exemplary method of apply-
ing a default/bankruptcy profile model may be stored as a
process accessible by the profile module 120 and/or other
components of the computing system 100. Depending on the
embodiment, certain of the blocks described below may be
removed, others may be added, and the sequence of the
blocks may be altered.

[0083] In a block 1410, data regarding individuals to be
segmented is received by the computing system 100. The
received data may be received from one or more data
sources, such as the financial data source 162 and the
demographic data source 166.

[0084] Moving to a block 1420, the default/bankruptcy
profile model is applied to individuals for which current data
has been received in order to segment the individuals into
two or more segments. For example, with reference to FIGS.
7 and 8, a default/bankruptcy profile model is applied to
individuals in the highest risk segment 530 in order to
further segment the individuals into default segment 630,
default/bankruptcy segments exported, or bankruptcy seg-
ments 650. Likewise, the default/bankruptcy profile model is
applied to individuals assigned to the higher risk segment
540 in order to further segment those individuals into either
the default segment 660 or the bankruptcy segment 670. In
this embodiment, the default/bankruptcy profile model is
used only for segmenting the individuals and not specifically
in the determination of a final risk score for the individuals.
In other embodiments, the results of application of the
default/bankruptcy profile model may be used in the devel-
opment of risk scores for individuals.
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[0085] Continuing to a block 1430, final risk scores are
generated for the segmented individuals according to a risk
score model that is particular to the segment in which each
individual is assigned. For example, if an individual is
assigned to the default segment 630, a risk score model that
has been developed specifically for scoring those individuals
that have a higher risk of defaulting, rather than going
bankrupt, is applied to the individual. If an individual is
assigned to the bankruptcy segment 670, a risk score model
that has been developed specifically for scoring those indi-
viduals that have a higher risk of filing for bankruptcy, rather
than defaulting, is applied to the individual. Thus, for each
bottom segment of the segmentation structure 700, a sepa-
rate risk score model may be developed and applied to
individuals that are assigned to the respective segments. For
example, in the embodiment of FIG. 7, the bottom segments
include the higher bankruptcy risk segment 610, the lower
bankruptcy risk segment 620, the lower risk segment 520,
the default segment 630, the default/bankruptcy segment
640, the higher risk segment 710, the lower risk segment
720, the default segment 660, and the bankruptcy segment
670. Thus, each of these segments may include a unique risk
scoring model that is applied to individuals within each
respective segment. In other embodiments, a risk scoring
model may be used by multiple segments in determining
final risk scores.

I1. Adverse Action Codes

[0086] FIG. 15 is one embodiment of a flowchart illus-
trating an exemplary method of allocating adverse action
codes to various levels of a segment hierarchy associated
with an individual. In certain embodiments, after determin-
ing a segment hierarchy for an individual, a final risk score
is returned and may be provided to a customer, such as the
customer 164. In certain embodiments, the customer may
request and/or be provided with information regarding attri-
butes of or other information about the individual that
contributed to any decreases in the final risk score. For
example, if a total risk score range that may be assigned to
individuals is from O to 100, with 100 representing the
lowest risk and O representing the highest risk, various
factors may contribute to the actual final risk score assigned
to each individual. For example, the segment to which an
individual is assigned may be considered in determining the
final risk score. In addition, the segment hierarchy, or the
parent segments to the assigned segment, may also be
considered and may affect the final risk score for the
individual. Thus, the risk scoring model used by the assigned
segment may take into account the assigned segment and the
segment hierarchy in determining a final risk score.

[0087] In one embodiment, indicators of adverse action
codes are provided to the customer, where the adverse action
codes indicate a specific reason as to why a final risk score
for an individual is less than the maximum. In certain
embodiments, adverse action code may indicate that a final
risk score is less than the maximum partly because of the
segment, or segment hierarchy, to which the individual was
assigned. However, for different individuals, the actual
affect of being assigned in a particular segment or in a
segment hierarchy on the final risk score may be signifi-
cantly different. For example, for a first individual, assign-
ment to lower bankruptcy risk segment 620 (FIG. 7) may
have had a larger percentage impact on the individuals final
risk score than for a second individual that was also assigned
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to the lower bankruptcy risk segment 620. Thus, providing
an adverse action code related to segmentation of the first
individual may be appropriate, while providing an adverse
action code related to segmentation of the second individual
may not provide the most relevant information to the cus-
tomer regarding reasons for the final risk score for the
individual. Accordingly, described herein with respect to
FIGS. 15-17 are exemplary methods of allotting adverse
action codes related to segmentation of an individual based
on the relevance of the segmentation decision on the final
risk score assigned to the individual. Depending on the
embodiment, certain of the blocks described below may be
removed, others may be added, and the sequence of the
blocks may be altered.

[0088] Beginning in a block 1510, a number of adverse
action codes to be provided to the customer 164, for
example, is determined. In one embodiment, a predeter-
mined number of adverse action codes, such as 2, 4, 5, 6, 8,
or 10 adverse action codes, are returned for each individual
for which a final risk score is developed. In one embodiment,
the number of adverse action codes is determined or calcu-
lated based on attributes of the particular individual being
scored and/or the final risk score, and/or other characteristics
related to scoring of the individual.

[0089] Continuing to a block 1520, the number of adverse
action codes that should be allotted to each level of a
segmentation structure in which the individual is assigned is
determined. For example, one or more adverse action codes
may be returned for the segment in which an individual is
assigned, as well as for each of the parent segments in the
segment hierarchy. The allotment of adverse action codes for
various levels of a segmentation hierarchy may be deter-
mined based on several factors, such as the relative impact
of'assignments to each level of the segment hierarchy had on
the final risk score for the individual.

[0090] Moving to a block 1530, the adverse action codes
for each allotted segment are determined. In one embodi-
ment, the adverse action code for being assigned to a
particular segment comprises an indication that the indi-
vidual was assigned to the particular segment. For example,
an adverse action code for an individual assigned to the
higher bankruptcy risk segment 610 (FIG. 7) may indicate
that the individual was assigned to the higher bankruptcy
risk segment. Additionally, the individual assigned to the
higher bankruptcy risk segment 610 may also receive an
adverse action code indicating that the individual was
assigned to a higher risk segment, for example, the higher
risk segment 510. However, based on the allotment of
adverse action codes, neither of these segmentation adverse
action codes may be reported to the customer, and all of the
adverse action codes may be related to the various outputs
of the scoring model associated with generation of the final
risk score.

[0091] FIG. 16 is one embodiment of a flowchart illus-
trating an exemplary process of determining how many
adverse action codes should be allotted to each level of the
segment hierarchy to which an individual has been assigned.
[0092] Beginning in a block 1610, the total number of
adverse action codes to provide to the customer is deter-
mined. As noted above, the number of adverse action codes
returned may be a static number used for all individuals or,
alternatively, may be a dynamic number that is determined
based on attributes of the individual or results of one or more
scoring models applied to the individual.
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[0093] Continuing to a block 1620, the final segment to
which the individual was assigned is selected for allotment
analysis. More particularly, the segment in which the indi-
vidual was assigned is selected in order to determine
whether one or more of the available adverse action codes
should indicate assignment to the segment.

[0094] Moving to a block 1630, a percentage drop of the
final risk score for the individual due to a penalty for
assignment to the selected segment is determined. In certain
embodiments, assignment to a particular segment decreases
a total possible final risk score that an individual may
receive. For example, if a total possible final risk score for
the entire population 310 (FIG. 700) is 1000, the total
possible final risk score for individuals in the previous
bankruptcy segment 410 may be decreased, for example by
100 points, so that the total possible final risk score for
individuals segmented in the previous bankruptcy segment
410 is 900. Similarly, if an individual is then further seg-
mented into the higher risk segment 510, the total possible
final risk score for the individual may be further decreased
by another penalty, for example 50 points, reducing the total
possible final risk score for individuals segmented in the
higher risk segment 510 to 850.

[0095] Continuing to a block 1640, the selected segment is
allotted one or more adverse action codes if the percentage
drop of the final risk score due to a penalty for assignment
to the selected segment is within a predetermined range. For
example, in one embodiment a single adverse action code
may be allotted to the selected segment if the percentage
drop of the final risk score due to the penalty for assignment
to the selected segment is greater than 25%. In other
embodiments, the percentage drop required for allocating an
adverse action code to a particular segment may be lower or
higher than 25%, such as 10%, 12.5%, 20%, 30%, or 50%,
for example.

[0096] Moving to a decision block 1650, the computing
system 100 determines if there are additional parent groups
in the segmentation hierarchy to which the individual has
been assigned. For example, the segmentation hierarchy for
an individual assigned to the higher bankruptcy risk segment
610 includes the higher risk segment 510, the previous
bankruptcy segment 410, and the entire population segment
310. Accordingly, after allotment of adverse action codes to
the higher bankruptcy risk segment 610, the computing
device 100 determines at block 1650 that additional parent
groups in the segment hierarchy are present and additional
adverse action code allotment should be considered. If
additional parent groups are present, the process continues
to a block 1660 where the parent group of the previously
selected segment is selected for allotment analysis. For
example, after allotment analysis on the higher bankruptcy
risk group 610, the higher risk segment 510 is selected at
block 1660 for allotment analysis. Likewise, after allotment
analysis on higher risk segment 510, the previous bank-
ruptcy segment 410 is selected for allotment analysis. After
selecting the parent group for allotment analysis in block
1660, the method continues to block 1630, 1640, and 1650.
Thus, the process of determining a percentage drop of the
final risk score due to a penalty for assignment to a particular
segment and allotment of adverse action codes based on the
determined percentage may be performed for each segment
in the segmentation hierarchy for the individual. After each
of the segments in the segmentation hierarchy are consid-
ered for allotment analysis, the method continues from block
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1650 to a block 1670, where the adverse action codes
allotted to various segments are generated and provided to
the customer.

[0097] Although the embodiment of FIG. 16 begins the
process of allocating adverse action codes at the final
segment to which the individual is assigned and moves
upward through the segmentation hierarchy, it is understood
that the process of allocating adverse action codes to seg-
ments may be performed in the opposite direction, or in any
other order. In one embodiment, adverse action code allot-
ment begins at the first segmentation level, with the entire
population segment 310 (FIG. 7), for example, and then
moves to the children nodes, such as to the previous bank-
ruptcy segment 410, then to the higher risk segment 510, and
then to the higher bankruptcy risk segment 610. In other
embodiments, not all of the segments in a segmentation
structure are considered for allotment of adverse action
codes. For example, the entire population segment 310 and
the no previous bankruptcy segment 420, among other
segments, may be excluded from adverse action code allot-
ment analysis, such as by using the process described above
with reference to FIG. 16.

[0098] FIG. 17 is one embodiment of a flowchart illus-
trating an exemplary process of allocating adverse action
codes to various segments in a segment hierarchy. FIG. 17
also includes an example of application of the general
formulas described in the flowchart using exemplary data
related to an exemplary individual. In the example illus-
trated in FIG. 17, it is assumed that the highest final risk
score possible for an individual is 100, the penalty for being
assigned to the previous bankruptcy segment 410 (FIG. 7) is
20, and the penalty for assignment to the higher bankruptcy
risk segment 610 is 15. Thus, in the example discussed with
reference to FIG. 17, for an individual assigned to the higher
bankruptcy risk segment 610, the total possible final risk
score is 65. For purposes of example, an individual assigned
to the higher bankruptcy risk segment 610 and having a final
score of 50, for example, having 15 points deducted for
reasons other than being assigned to the higher bankruptcy
risk segment 610, is discussed with reference to the adverse
action code allotment method.

[0099] In a block 1710, a total number of adverse action
codes to provide to the customer is determined. In the
example of FIG. 17, 4 adverse action codes are returned to
the customer.

[0100] Continuing to a block 1720, an adverse action code
related to being assigned to the previous bankruptcy seg-
ment is allotted if the ratio of the penalty for assignment to
the previous bankruptcy segment to the difference between
the highest available final risk score and the actual final risk
score is larger than a predetermined ratio. In the example of
FIG. 70, the penalty for assignment to the previous bank-
ruptcy segment is 20 and the difference between the highest
final risk score and the actual final risk score is 50 (for
example, 100-50=50). Thus, the determined ratio is 40%. In
this example, one adverse action code is allotted to indicate
segmentation to the previous bankruptcy segment if the ratio
is greater than 12.5%. Because the determined ratio of 40%
is greater than 12.5%, an adverse action code is assigned to
indicate segmentation to the previous bankruptcy segment.
In one embodiment, this allotted adverse action code
returned to the customer indicates that the individual was
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assigned to a previous bankruptcy group and assignment to
that segment had a nontrivial effect on the actual final risk
score of the individual.

[0101] Moving to a block 1730, an adverse action code
related to being assigned to a subgroup, or segment config-
ured as a child of the previous bankruptcy segment, is
allotted if the ratio of the penalty for assignment to the
particular subgroup to the difference in the highest available
final risk score and the actual final risk score is larger than
a predetermined ratio. In the example of FIG. 17, the penalty
for assignment to the higher bankruptcy risk segment 610 is
15 and a difference between the highest final risk score and
the actual final risk score is 50 (for example, 100-50=50).
Accordingly, the determined ratio is 30%. In this example,
if the ratio is between 12.5% and 37.5%, one adverse action
code is allotted to indicate segmentation to the subgroup;
and if the ratio is greater than 37.5%, two adverse action
codes are allotted to indicate segmentation to the subgroup.
Using the exemplary figures provided herein, the ratio is
30% and, thus, one adverse action code is allotted for
indicating segmentation to the higher bankruptcy risk seg-
ment 610.

[0102] Next, in a block 1740, the allotted adverse action
codes are determined and returned to the customer. Using
the exemplary figures introduced with respect to FIG. 17,
one adverse action code has been allotted for indication of
assignment to the previous bankruptcy segment and one
adverse action code has been allotted to indicate segmenta-
tion to a subgroup, such as the higher bankruptcy risk
segment 610. In one embodiment, the reported adverse
action codes are derived from the characteristic that had the
most negative impact on segmentation to the selected seg-
ment. Accordingly, because the total number of adverse
action codes to return to the customer is four in this example,
two adverse action codes may be allotted to indicate relevant
information determined from the segment scoring model
applied to the individual. In other examples, a different range
of risk score may be used. For example, the highest final risk
score may be 990 with the minimum score at 501; the
penalty for a previous bankruptcy may be 190 such that the
highest score for an individual with a previous bankruptcy is
800; the penalty for being in the highest bankruptcy risk is
160 such that the highest score for an individual with the
highest bankruptcy risk is 550.

[0103] The foregoing description details certain embodi-
ments of the invention. It will be appreciated, however, that
no matter how detailed the foregoing appears in text, the
invention can be practiced in many ways. As is also stated
above, it should be noted that the use of particular termi-
nology when describing certain features or aspects of the
invention should not be taken to imply that the terminology
is being re-defined herein to be restricted to including any
specific characteristics of the features or aspects of the
invention with which that terminology is associated. The
scope of the invention should therefore be construed in
accordance with the appended claims and any equivalents
thereof.

1. (canceled)

2. A computer system to segment a plurality of individuals
into one of a plurality of segments of a segmentation
structure, the computer system comprising:
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one or more hardware computer processors; and
one or more storage devices configured to store instruc-

tions configured for execution by the one or more

hardware computer processors to cause the computer

system to:

obtain first data comprising financial and demographic
information regarding a plurality of individuals that
have defaulted on a financial instrument or declared
bankruptcy, the first data indicating characteristics of
the individuals at an observation time;

obtain second data comprising financial and demo-
graphic information regarding the plurality of indi-
viduals, the second data indicating financial behav-
iors during an outcome period that is after the
observation time;

generate, based on the first and second data, a segmen-
tation model configured to determine whether an
individual that has not defaulted on a financial instru-
ment or declared bankruptcy is more likely to default
on a financial instrument or declare bankruptcy;

apply the segmentation model to financial and demo-
graphic information of a customer that has not
defaulted on a financial instrument or declared bank-
ruptcy,

responsive to an output of the segmentation model,
assign the customer to a segment of a segmentation
structure;

apply a risk score model associated with the segment to
data associated with the customer to determine a risk
score;

assign one or more adverse action codes to the cus-
tomer based on the risk score; and
provide, via a graphical user interface, the one or

more adverse action codes to the customer.

3. The system of claim 2, wherein the financial behaviors
include repayment performance, bankruptcy filing, or
response to a marketing offer.

4. The system of claim 2, wherein the financial instrument
is selected from the group consisting of a bank loan, an
installment loan, a revolving load, and an automobile loan.

5. The system of claim 2, wherein the segmentation
structure comprises at least two hierarchical levels of seg-
ments.

6. The system of claim 2, wherein the first data from the
observation time is compared to the second data from the
outcome period to generate the segmentation model.

7. The system of claim 2, wherein the second data from
the outcome period is exclusive of the first data at the
observation time.

8. The system of claim 2, wherein the outcome period is
a 24 month period after the observation time.

9. A computer-implemented method to segment a plural-
ity of individuals into one of a plurality of segments of a
segmentation structure, the method comprising:

obtaining first data comprising financial and demographic

information regarding a plurality of individuals that
have defaulted on a financial instrument or declared
bankruptcy, the first data indicating characteristics of
the individuals at an observation time;

obtaining second data comprising financial and demo-

graphic information regarding the plurality of individu-
als, the second data indicating financial behaviors dur-
ing an outcome period that is after the observation time;
generating, based on the first and second data, a segmen-
tation model configured to determine whether an indi-
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vidual that has not defaulted on a financial instrument
or declared bankruptcy is more likely to default on a
financial instrument or declare bankruptcy;

applying the segmentation model to financial and demo-

graphic information of a customer that has not
defaulted on a financial instrument or declared bank-
ruptcy,

responsive to an output of the segmentation model,

assigning the customer to a segment of a segmentation
structure;

applying a risk score model associated with the segment

to data associated with the customer to determine a risk
score;

assigning one or more adverse action codes to the cus-

tomer based on the risk score; and

providing, via a graphical user interface, the one or more

adverse action codes to the customer.

10. The computer-implemented method of claim 9,
wherein the financial behaviors include repayment perfor-
mance, bankruptcy filing, or response to a marketing offer.

11. The computer-implemented method of claim 9,
wherein the financial instrument is selected from the group
consisting of a bank loan, an installment loan, a revolving
load, and an automobile loan.

12. The computer-implemented method of claim 9,
wherein the segmentation structure comprises at least two
hierarchical levels of segments.

13. The computer-implemented method of claim 9,
wherein the segmentation structure comprises at least three
hierarchical levels of segments.

14. The computer-implemented method of claim 9,
wherein the second data from the outcome period is exclu-
sive of the first data from the observation time.

15. A non-transitory computer readable medium storing
computer executable instructions that, when executed by
one or more computer systems, configure the one or more
computer systems to segment a plurality of individuals into
one of a plurality of segments of a segmentation structure by
performing operations comprising:

obtaining first data comprising financial and demographic

information regarding a plurality of individuals that
have defaulted on a financial instrument or declared
bankruptcy, the first data indicating characteristics of
the individuals at an observation time;
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obtaining second data comprising financial and demo-
graphic information regarding the plurality of individu-
als, the second data indicating financial behaviors dur-
ing an outcome period that is after the observation time;

generating, based on the first and second data, a segmen-
tation model configured to determine whether an indi-
vidual that has not defaulted on a financial instrument
or declared bankruptcy is more likely to default on a
financial instrument or declare bankruptcy;

applying the segmentation model to financial and demo-

graphic information of a customer that has not
defaulted on a financial instrument or declared bank-
ruptcy,

responsive to an output of the segmentation model,

assigning the customer to a segment of a segmentation
structure;

applying a risk score model associated with the segment

to data associated with the customer to determine a risk
score;

assigning one or more adverse action codes to the cus-

tomer based on the risk score; and

providing, via a graphical user interface, the one or more

adverse action codes to the customer.

16. The non-transitory computer readable medium of
claim 15, wherein generating the segmentation model com-
prises comparing the first data from the observation time to
the second data from the outcome period.

17. The non-transitory computer readable medium of
claim 15, wherein the financial behaviors include repayment
performance, bankruptcy filing, or response to a marketing
offer.

18. The non-transitory computer readable medium of
claim 15, wherein the financial instrument is selected from
the group consisting of a bank loan, an installment loan, a
revolving load, and an automobile loan.

19. The non-transitory computer readable medium of
claim 15, wherein the second data from the outcome period
is exclusive of the first data from the observation time.

20. The non-transitory computer readable medium of
claim 15, wherein the outcome period is a 24 month period
subsequent to the observation time.

21. The non-transitory computer readable medium of
claim 15, wherein the segmentation structure comprises at
least two hierarchical levels of segments.
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