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(57) Abstract: An automated model development tool can be used for auto-
matically developing a model (e.g., an analytical model). The automated
model development tool can perform various automated operations for auto-
matically developing the model including, for example, performing auto-
mated operations on variables in a data set that can be used to develop the
model. The automated operations can include automatically analyzing the
predictor variables. The automated operations can also include automatically
binning (e.g., combining) data associated with the predictor variables to
provide monotonicity between the predictor variables and one or more output
variables. The automated operations can further include automatically redu-
cing the number of predictor variables in the data set and using the reduced
number of predictor variables to develop the analytical model. The model de-
veloped using the automated model development tool can be used to identity
relationships between predictor variables and one or more output variables in
various machine learning applications.



WO 2016/164680 PCT/US2016/026582

AUTOMATED MODEL DEVELOPMENT PROCESS

Cross-Reference to Related Applications

[0001] This disclosure claims priority to U.S. Provisional Application No. 62/145,100,
entitled “Automated Model Development Tool,” filed April 9, 2015, the entirety of which is
hereby incorporated by reference herein.

Technical Field

[0002] The present disclosure relates generally to computer-implemented systems and
methods for obtaining data from a database and emulating intelligence to develop an
analytical model. More specifically, but not by way of limitation, this disclosure relates to an
automated model development tool for automatically developing an analytical model using
various algorithms, such as, for example, a genetic algorithm.

Background
[0003] An analytical model is a model that includes various equations and complex
algorithms that can be used to identify, describe, or express relationships among one or more
variables in a data set. The analytical model can also be used to estimate or classify data in
the data set. In certain applications, the analytical model can be used to recognize patterns in
the input data set and make predictions based on such patterns. Generally, it may be difficult
to manually develop complex algorithms for developing an analytical model.
[0004] For example, developing an accurate analytical model can include developing the
analytical model using a large input data set (e.g., in the order of gigabytes or terabytes),
which may be difficult to format or manipulate manually. Moreover, developing the
analytical model can include precisely selecting the input data set to be used to develop the
analytical model and precisely formatting the data set such that the analytical model can be
used for a particular purpose. Furthermore, the various algorithms used to develop the
analytical model may need to be calibrated such that the model can be used to identify certain
patterns in the input data set and make accurate predictions for the particular purpose based
on such patterns.

Brief Summary of the Invention

[0005] Various embodiments of the present disclosure provide systems and methods for
an automated model development tool that can be used for automatically generating,
modifying, selecting, or otherwise developing one or more analytical models. These
analytical models can be used for identifying relationships between sets of predictor variables

and one or more output variables in various machine learning applications.
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[0006] For example, a computing system can receive a data set with multiple predictor
variables. The computing system can determine a type for one or more of the predictor
variables, which can allow for selecting a parameter for developing an analytical model using
the data set. The type of the predictor variable includes a numeric type or a character type.
The computing system can increase a predictive strength of at least some of the predictor
variables having the determined type by combining data associated with at least some of the
predictor variables based on a similarity between the data. The computing system can reduce
a number of predictor variables in the data set by selecting a subset of the predictor variables
based on the predictive strength of each predictor variable in the subset. The computing
system can develop the analytical model based on the combined data of the selected subset of
the predictor variables. The analytical model can be used to determine a relationship among
the predictor variables and an output variable.

[0007] This summary is not intended to identify key or essential features of the claimed
subject matter, nor is it intended to be used in isolation to determine the scope of the claimed
subject matter. The subject matter should be understood by reference to appropriate portions
of the entire specification, any or all drawings, and each claim.

[0008] The foregoing, together with other features and examples, will become more
apparent upon referring to the following specification, claims, and accompanying drawings.

Brief Description of the Drawings

[0009] FIG. 1 is a block diagram depicting an example of a computing environment in
which an automated model development tool operates, according to certain aspects of the
present disclosure.

[0010] FIG. 2 is a flow chart depicting an example of a process that involves developing
an analytical model with an automated model development tool, according to certain aspects
of the present disclosure.

[0011] FIG. 3 is a block diagram depicting an example of the automated model
development tool of FIG. 1, according to certain aspects of the present disclosure.

[0012] FIG. 4 is a flow chart depicting an example of a process for automatically
developing an analytical model, according to certain aspects of the present disclosure.

[0013] FIG. 5 is a table depicting an example of automatically binning data associated
with a predictor variable to combine data associated with the predictor variable in the process

of FIG. 4, according to certain aspects of the present disclosure.
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[0014] FIG. 6 is a table depicting another example of automatically binning data
associated with a predictor variable to combine data associated with the predictor variable in
the process of FIG. 4, according to certain aspects of the present disclosure.

[0015] FIG. 7 is a table depicting an example of data associated with the automatic
binning operations of FIGs. 5 and 6, according to certain aspects of the present disclosure.
[0016] FIG. 8 is a graph depicting an example of automatically smoothing various bins of
a predictor variable using an automatic binning module of FIG. 3, according to certain
aspects of the present disclosure.

[0017] FIG. 9 is a graph depicting another example of automatically smoothing various
bins of a predictor variable using the automatic binning module of FIG. 3, according to
certain aspects of the present disclosure.

[0018] FIG. 10 is a table depicting another example of automatically smoothing various
bins of a predictor variable using the automatic binning module of FIG. 3, according to
certain aspects of the present disclosure.

[0019] FIG. 11 is a table depicting an example of a neutral group creation operation using
the automatic binning module of FIG. 3, according to certain aspects of the present
disclosure.

[0020] FIG. 12 is a flow chart depicting an example of a process for automatically
developing the analytical model of FIG. 4 using an automated model development tool,
according to certain aspects of the present disclosure.

[0021] FIGs. 13A-C are diagrams depicting examples of data that can be output using an
exploratory data analysis module of FIG. 3, according to certain aspects the present
disclosure.

[0022] FIG. 14 is a table depicting an example of automatically assigning missing values
associated with a predictor variable using a value assignment module of FIG. 3, according to
certain aspects of the present disclosure.

[0023] FIG. 15 is a flow chart depicting an example of a genetic algorithm that can be
used to reduce a number of predictor variable in the process of FIG. 4, according to certain
aspects of the present disclosure.

[0024] FIG. 16 is a flow chart depicting an example of a process for using an automated
model development tool with a user application to develop an analytical model for
identifying a relationship between sets of predictor variables and one or more output

variables, according to certain aspects of the present disclosure.
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[0025] FIG. 17A is a table depicting a performance of a model developed using the
automated model development tool on a sample data set, according to certain examples the
present disclosure.

[0026] FIG. 17B is a table depicting a performance of a manually developed model,
according to certain examples of the present disclosure.

[0027] FIG. 18 is a block diagram depicting an example of an automated model
development server that can execute an automated model development tool, according to
certain examples of the present disclosure.

Detailed Description

[0028] Certain aspects and features of the present disclosure are directed to an automated
model development tool for automatically generating, modifying, selecting, or otherwise
developing one or more analytical models. Analytical models can be used for identifying
relationships between sets of predictor variables and one or more output variables in various
machine learning applications.

[0029] As discussed above, manually developing accurate analytical models may present
difficulties. Calibrating the various algorithms used to generate an analytical model, which
may involve a precision that cannot be obtained by manually development of analytical
models, can improve an accuracy with which the analytical model can identify such patterns
and express the various patterns in a usable format (e.g., as a mathematical equation or
function). Manually developing the analytical model may cause errors in the analytical model
development process, which can decrease the accuracy of the analytical model. Minimizing
or obviating the involvement of a user in the process of developing the analytical model (e.g.,
minimizing or obviating manual steps to develop the analytical model) can improve an
accuracy with which the model can be used to recognize patterns in the input data set and
make predictions based on such patterns.

[0030] In some aspects, the automated model development tool can generate, modify,
select or develop the analytical model by performing one or more automated operations. An
example of an automated operation includes, but is not limited to, automatically analyzing
one or more predictor variables. Analyzing the predictor variables can include performing
various operations on the predictor variables to determine a type of a predictor variable (e.g.,
whether a predictor variable is a numeric predictor variable or a character variable),
classifying or grouping the predictor variables based on the type of each predictor variable, or

determining a similarity among data items associated with one or more predictor variables
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(e.g., determining a similarity between multiple output values associated with one or more
predictor variables).

[0031] Another example of an automated operation includes, but is not limited to,
automatically binning (e.g., combining) data about one or more identified predictor variables
in a statistically sound manner. For example, the automated model development tool can
automatically collapse (e.g., combine) sufficiently similar bins (e.g., groups) of data
associated with the identified predictor variables. Combining similar data bins can provide
monotonicity between the identified predictor variables and the one or more output variables.
Examples of monotonicity between the predictor variables and the output variables includes a
relationship in which a value of the output variable increases as a value of each of the
predictor variables increases or a relationship in which the value of the output variable
decreases as the value of each of the predictor variable increases. Certain analytic models,
such as (but not limited to) analytic models developed using logistic regression, may require
monotonicity for the various bins of the predictor variable generated by the model
development process. In some aspects, automatically binning data about one or more
identified predictor variables can create the monotonicity required for developing such
models in an automated manner.

[0032] Another example of an automated operation includes, but is not limited to,
automatically reducing the number of predictor variables used to generate, modify, or
develop the analytical model. In some aspects, the number of predictor variables used for the
analytical model can be reduced such that predictor variables with a higher level of predictive
strength are used to develop the analytical model and predictor variables with a lower level of
predictive strength are excluded from the analytical model. A higher level of predictive
strength can be, for example, a higher relative influence of a predictor variable on a given
dependent variable as compared to other predictor variables. A lower level of predictive
strength can be, for example, a relative influence of a predictor variable on a given dependent
variable as compared to other predictor variables.

[0033] In some aspects, an analytical model developed using the automated model
development tool can be used in various machine learning applications, including, for
example, in some credit-scoring applications. For example, the analytical model can be used
to determine a relationship between predictor variables associated with an entity’s prior
actions, or transactions involving the entity, and output variables that correspond with a
probability associated with the entity. As an example, the automated model development tool

can determine a relationship between attributes of the entity that can be obtained from credit
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files or records, financial records, consumer records, or other data about the activities or
characteristics of the entity and a probability of the entity performing a task, such as, for
example, defaulting on a financial obligation, or a probability of the entity meeting a criteria,
such as, for example, being approved for a loan). In some aspects, the predictor variables can
be independent variables and the output variables can be dependent variables (e.g., dependent
on the predictor variables).

[0034] In some aspects, the automated model development tool can automatically
develop an analytical model in a manner that is compliant with one or more of industry
requirements, regulatory requirements, and other requirements imposed on the model
development process. Automating the model development process can also improve a
performance of the model developed using the automated model development tool as
compared to a manually developed model. For example, manually developing a model may
include using a small data set to develop the model to reduce the complexity of algorithms
used to develop model, such that the model can be developed manually. In contrast, the data
set used to automatically develop the model using the automated model development tool can
be large or robust (e.g., in the order of gigabytes or terabytes), which can allow the model
developed using the automatic model development tool to have an improved performance as
compared to the manually developed model. Because the data set used to develop to
automatically develop the model can be large, developing the model by performing one or
more automated operations using the automated model tool 1 can also provide operational
efficiency by automating the model development process, thereby minimizing or obviating
the involvement of an end user in the model development process.

[0035] In some aspects, the automated model development tool can provide a platform
for developing an analytical model that allows standardized model outcomes with user-
specified criteria. The automated model development tool can provide -consistent
comparisons of predictive performance across different data. In some aspects, the automated
model development tool can minimize coding efforts and standardize other processes such
that model development lead time is reduced.

[0036] In some aspects, the automated model development tool can automate one or more
processes such as, for example, data exploration, sample selection, partitioning, distribution
analysis, variable selection, variable transformations, variable reduction, logistic regression,
etc. The automation of one or more of these processes can eliminate or reduce involvement of
an end user in the development of underlying mathematical and statistical algorithms. The

automation of one or more of these processes can also eliminate or reduce the involvement of
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an end user in the coding process. Eliminating or reducing the involvement of the end user in
the development of the mathematical and statistical algorithms or in the coding process can
allow complex algorithms and codes to be used to develop the model, which may not be
achievable if the model is developed manually by a user. In some aspects, such
standardization allows for efficient model build development times.

[0037] In some aspects, the automated model development tool can be used for binary
classification model development. In additional or alternative aspects, the automated model
development tool can be used for one or more supervisory and non-supervisory machine-
learning applications. In additional or alternative aspects, the automated model development
tool can be used with one or more of structured and unstructured data sources.

[0038] These illustrative examples are given to introduce the reader to the general subject
matter discussed here and are not intended to limit the scope of the disclosed concepts. The
following sections describe various additional features and examples with reference to the
drawings in which like numerals indicate like elements, and directional descriptions are used
to describe the illustrative examples, but, like the illustrative examples, should not be used to
limit the present disclosure.

[0039] FIG. 1 is a block diagram depicting an example of a computing environment 100
in which an automated model development tool 102 operates. Computing environment 100
can include the automated model development tool 102. The automated model development
tool 102 can be executed by an automated model development server 104. The automated
model development tool 102 can include one or more modules for acquiring, processing, and
analyzing data to automatically generate, modify, select, or develop an analytical model that
can be used for identifying relationships between predictor variables and output variables in
various machine learning applications. Examples of predictor variables include, but are not
limited to, data associated with an entity’s prior actions or transactions involving the entity
(e.g., information that can be obtained from credit files or records, financial records,
consumer records, or other data about the activities or characteristics of the entity). Examples
of output variables include, but are not limited to, data associated with the entity (e.g., a
probability of the entity performing a task, such as, for example, defaulting on a financial
obligation or responding to a sales offer, or a probability of the entity meeting a criteria, such
as, for example, being approved for a loan).

[0040] In some aspects, the automated model development tool 102 can obtain the data
used for generating, modifying, selecting, or developing the analytical model from a predictor

variable database 103, a user device 108, or any other source. In some aspects, the automated
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model development server 104 can be a specialized computer or other machine that processes
data in computing environment 100 for automatically developing the analytical model.

[0041] The computing environment 100 can also include a server 106 that hosts the
predictor variable database 103. The variable database 103 depicted in FIG. 1 is accessible
by the user device 108 or the automated model development tool 102 via the network 110.
The predictor variable database 103 can store data to be accessed or processed by any device
in the computing environment 100 (e.g., the automated model development tool 102, the user
device 108, or the computing device 109). The predictor variable database 103 can also store
data that has been processed by one or more devices in the computing environment 100.
[0042] The predictor variable database 103 can store a variety of different types of data
organized in a variety of different ways and from a variety of different sources. For example,
the predictor variable database 103 can include risk data 105. Risk data 105 can be any data
that can be used to generate, modify, select, or otherwise automatically develop an analytical
model that can be used for identifying relationships between predictor variables and output
variables. As an example, risk data 105 can include data obtained from credit records, credit
files, financial records, or any other data that can be used to identify a relationship between a
predictor variable and an output variable.

[0043] The user device 108 may include any computing device that can communicate
with the computing environment 100. For example, the user device 108 may send data to the
computing environment 100 or a device in the computing environment 100 (e.g., the
automated model development tool 102, the predictor variable database 103, or the
computing device 109) to be stored or processed. In some aspects, the user device 108 is a
mobile device (e.g., a mobile telephone, a smartphone, a PDA, a table, a laptop, etc.) In other
examples, the user device 108 is a non-mobile device (e.g., a desktop computer or another
type of user or network device). In some aspects, the user device 108 can be used to interact
with the automated model development tool 102. For example, the user device 108 can be
used to present one or more graphical user interfaces to allow a user of the user device 108 to
communicate (e.g., provide or receive data) with the automated model development tool 102.
[0044] The computing environment 100 can also include a computing device 109. The
computing device 109 may include any computing device that can communicate with the
computing environment 100. In some aspects, the computing device 109 may be configured
in substantially the same manner as the user device 108 and may process data received from a
device in the computing environment 100 or communicate or store data to be processed by a

device in the computing environment 100.
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[0045] Communication with the computing environment 100 may occur on, or be
facilitated by, a network 110. For example, the automated model development tool 102, the
user device 108, the predictor variable database 103, and the computing device 109 may
communicate (e.g., transmit or receive data) with each other via the network 110. The
computing environment 100 can include one or more of a variety of different types of
networks, including a wireless network, a wired network, or a combination of a wired and
wireless network.

[0046] For illustrative purposes, the computing environment 100 of FIG. 1 is depicted as
having a certain number of components. But, in other examples, the computing environment
100 can have any number of additional or alternative components. Further, FIG. 1 depicts, for
illustrative purposes, a particular arrangement of the automated model development tool 102,
user device 108, computing device 109, predictor variable database 103, and network 110.
But various additional arrangements are possible. For example, the automated model
development tool 102 can directly communicate with the predictor variable database 103 or
the computing device 109, bypassing the network 110. Furthermore, while FIG. 1 depicts, for
illustrative purposes, the automated model development tool 102 and the predictor variable
database 103 as separate components on different servers, other implementations are
possible. For example, in some aspects, the automated model development tool 102 and the
predictor variable database 103 can be part of a common system hosted on one or more
servers.

[0047] In some aspects, the automated model development tool 102 can be used to
develop an analytical model as part of a process for identifying relationships between
predictor variables and output variables in various machine learning applications. For
example, FIG. 2 is a flow chart depicting an example of a process that can include using an
automated model development tool to develop an analytical model.

[0048] In block 202, a project is initialized. In some aspects, a computing device (e.g.,
the computing device 109 of FIG. 1) can be used to initialize the project. In some aspects,
initializing the project can include designing a project associated with using an automated
model development tool (e.g., the automated model development tool 102 of FIG. 1) to
develop an analytical model for machine learning applications (e.g., identifying relationships
between predictor variables and output variables).

[0049] In block 204, a preliminary analysis is conducted for the project initialized in
block 202. In some aspects, the computing device can be used to conduct the preliminary

analysis. In some aspects, conducting the preliminary analysis can include gathering data for
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the project. For example, the data can be gathered from various sources and may be
associated with a predictor variable or an output variable. As an example, the computing
device can gather data about an entity from credit files, financial records, etc. In some
aspects, the data can be gathered and stored in a database (e.g., the predictor variable
database 103 of FIG. 1) to be accessed, processed, or analyzed.

[0050] In block 206, data from various sources (e.g., the data gathered in block 204) is
merged. In some aspects, the computing device can be used to merge the data. In some
aspects, merging the data includes merging the data into a common data set. The common
data set can be stored or maintained in a database (e.g., the predictor variable database 103 of
FIG. 1). In other examples, merging the data includes manipulating (e.g., adjusting or
changing) the data.

[0051] In block 208, data (e.g., the data merged in block 206) is segmented. In some
aspects, the computing device can be used to segment the data. In some aspects, segmenting
the data can include dividing or separating data. For example, data about various entities can
be separated according to demographics or other relevant population segments for the
entities.

[0052] In block 210, data (e.g., the data segmented in block 208) is audited. In some
aspects, the computing device can be used to audit the data. In some aspects, auditing the data
can include auditing the data for reliability.

[0053] In block 212, a model is developed. In some aspects, an automated model
development tool (e.g., the automated model development tool 102 of FIG. 1) can develop
the model. The model can be an analytical model that can be used for identifying
relationships between sets of predictor variables and one or more output variables in various
machine learning applications. In some aspects, using the automated model development tool
to develop the analytical model can assist a statistician or other user to perform one or more
of model development, feasibility analysis after segmentation, or creation of data sets for
development and validation.

[0054] In block 214, the model (e.g., the model developed in block 212) is audited, and in
block 216, the model is implemented. In some aspects, the automated model development
tool audits and implements the model. In some aspects, implementing the model in block 216
can include using the model to identify relationships between sets of predictor variables and
one or more output variables.

[0055] In some aspects, the automated model development tool can standardize a process

used to develop a model (e.g., the model developed in block 212). For example, the
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automated model development tool can be used to standardize associated programs used to
perform one or more of analytics, data management, and predictive analysis, such as
Statistical Analysis System (“SAS”) programs. In additional or alternative aspects, the
automated model development tool can allow users (e.g., managers) to compare a
performance of different models across the same scale. In additional or alternative aspects,
the automated model development tool can allow advanced analytical tools to be integrated in
later phases.

[0056] In some aspects, the automated model development tool performs one or more
operations for selecting, generating, modifying, or otherwise automatically developing an
analytic model. In some aspects, the automated model development tool can perform a
missing imputation algorithm based on an odds index function. The automated model
development tool can also perform an auto-binning group generation operation. In additional
or alternative aspects, the automated model development tool can perform a genetic
algorithm for implementing a variable reduction operation in parallel with one or more other
algorithms for implementing the variable reduction operation. In additional or alternative
aspects, the automated model development tool can provide a user-selected, model-
refinement option for a semi-finalized model. In additional or alternative aspects, the
automated model development tool can generate exploratory data analysis reports with data
visualization. Examples of these reports include reports with original data, reports generated
prior to a missing imputation process being performed, reports generated subsequent to a
missing imputation process being performed, reports generated after a binning group
collapsing algorithm being performed, reports generated after a binning group smoothing
algorithm being performed.

[0057] In some aspects, the automated model development tool can include one or more
modules for performing the above operations to automatically develop an analytical model.
For example, FIG. 3 is a block diagram depicting an example of the automated model
development tool 102 of FIG. 1. The automated model development tool 102 depicted in
FIG. 3 can include various modules 302, 304, 306, 308, 310, 312, 314, 316, 318, 320, 322,
324 for automatically generating, modifying, selecting, or developing an analytical model
that can be used in various machine learning applications (e.g., used to identify relationships
between sets of predictor variables an one or more output variables). Each of the modules
302, 304, 306, 308, 310, 312, 314, 316, 318, 320, 322, 324 can include one or more
instructions stored on a computer-readable storage medium and executable by processors of

one or more computing devices (e.g., the automated model development server 104 of FIG.
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1). Executing the instructions causes the automated model development tool 102 to
automatically generate, modify, select, or develop the analytical model.

[0058] The automated model development tool 102 can include a variable analysis
module 302 for obtaining or receiving a data set and analyzing data in the data set. In some
aspects, the variable analysis module 302 can obtain or receive the data set from a suitable
data structure, such as the predictor variable database 103 of FIG. 1. The data set may include
one or more predictor variables that can be used by the automated model development tool
102 to develop an analytical model.

[0059] In some aspects, the variable analysis module 302 can automatically analyze
various predictor variables obtained by the automated model development tool 102. For
example, the automated model development tool 102 can use the variable analysis module
302 to analyze predictor variables in the data set and automatically determine a type of each
predictor variable. As an example, the automated model development tool can automatically
determine whether each predictor variable is a numeric predictor variable or a character
predictor variable. In some aspects, the automated model development tool 102 can use the
variable analysis module 302 for classifying (e.g., grouping) predictor variables based on a
type of each predictor variable. For example, the automated model development tool 102 can
use the variable analysis module 302 to group numerical predictor variables together or group
character predictor variables together.

[0060] In some aspects, the type of each predictor variable or classification of each
predictor variable can be used to determine or select one or more operations to be performed
on the predictor variable or one or more parameters for developing an analytical model using
the predictor variables. As an example, the automated model development tool 102 may use
numeric variables to develop a certain type of model, such as (but not limited to) a logistic
regression model. As another example, if a predictor variable is a character variable, the
automated model development tool 102 can use the variable analysis module 302 to convert a
character variable into a numeric variable (e.g., O or 1) associated with the character variable
and use the converted numeric variable for developing a type of analytical model (e.g., a
logistic regression model).

[0061] In some aspects, the variable analysis module 302 can automatically exclude one
or more predictor variables from a classification operation performed by the automated model
development tool 102. For example, the variable analysis module 302 can receive data (e.g.,
from the computing device 109, the user device 108, or any other device) or user input. The

received data or user input can indicate one or more predictor variables to be excluded from
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being classified by the automated model development tool 102. As an example, the variable
analysis module 302 can present a graphical user interface to a user of the automated model
development tool 102 (e.g., via the user device 108 of FIG. 1), which can allow the user to
provide data indicating one or more predictor variables to be excluded from being classified
by the automated model development tool 102. In some aspects, the automated model
development tool 102 may exclude certain predictor variables in the data set from a
classification based on the received data. As an example, the data received can correspond to
one or more predictor variables having a low predictive strength and the automated model
development tool may exclude the predictor variables from being classified. In some aspects,
excluding the predictor variables from being classified may improve the accuracy with which
a model developed using the automated model development tool identifies relationships
between predictor variables and output variables.

[0062] In some aspects, the automated model development tool 102 can use the variable
analysis module 302 to output data related to analyzing or grouping the predictor variables.
For example, the automated model development tool 102 can use the variable analysis
module 302 to generate and output a chart, list, table, or other data that indicates predictor
variables in the data set that are numeric predictor variables and predictor variables in the
data set that are character predictor variables. As an example, the automated model
development tool 102 can output a list that includes numeric predictor variables and a list that
includes character predictor variables.

[0063] The automated model development tool 102 can include an exploratory data
analysis module 304 for automatically analyzing predictor variables in the data set. The
exploratory data analysis module 304 can perform various operations on the predictor
variables for analyzing the predictor variables. For example, the exploratory data analysis
module 304 can perform an exploratory data analysis on the predictor variables. In the
exploratory data analysis, the automated model development tool 102 can automatically
analyze each predictor variable to determine and summarize characteristics of each predictor
variable. In some aspects, the automated model development tool 102 can perform the
exploratory data analysis on numeric predictor variables (e.g., the numeric predictor variables
identified using the variable analysis module 302). In some aspects, the automated model
development tool 102 can perform the exploratory data analysis on any predictor variable.
The automated model development tool 102 can use the exploratory data analysis module
304 to output data related to the exploratory data analysis operation.

[0064] In some aspects, the exploratory data analysis module 304 can determine, based
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on the exploratory data analysis, an odds index or a good/bad ratio associated with each of
the predictor variables. The odds index can indicate a ratio of positive or negative outcomes
associated with each predictor variable. A positive outcome can indicate that a condition has
been satisfied or can correspond to a positive financial activity or other activity indicative of
low risk. A negative outcome can indicate that the condition has not been satisfied or a
negative financial activity (e.g., default on a loan) or other activity indicative of high risk.
[0065] In some aspects, the exploratory data analysis module 304 can determine a
bivariate relationship or correlation associated with one or more of the predictor variables
based on the odds index of the one or more predictor variables. In some aspects, the bivariate
relationship associated with a predictor variable can be used to determine (e.g., quantify) a
predictive strength of the predictor variable with respect to an odds index. The predictive
strength of the predictor variable can indicate an extent to which the predictor variable can be
used to accurately predict a positive or negative outcome or a likelihood of a positive or
negative outcome occurring based on the predictor variable. In some aspects, the predictive
strength of the predictive variable may indicate an extent to which the predictor variable can
be used to accurately predict an output variable.

[0066] For instance, the predictor variable can be a number of times that an entity (e.g., a
consumer) fails to pay an invoice within 90 days. A large value for this predictor variable
(e.g., multiple delinquencies) can result in a higher number of negative outcomes (e.g.,
default on the invoice). A higher number of negative outcomes can decrease the odds index
(e.g., result in a higher number of adverse outcomes, such as default, across one or more
consumers). As another example, a small value for the predictor variable (e.g., fewer
delinquencies) can result in a higher positive outcome (e.g., paying the invoice on time) or a
lower number of negative outcomes, which can increase the odds index (e.g., result in a lower
number of adverse outcomes, such as default, across one or more consumers). In some
aspects, the exploratory data analysis module 304 can determine and quantify the odds index
for each predictor variable.

[0067] The automated model development tool 102 can also include a missing data
module 306. The missing data module 306 can be used for analyzing or determining an
amount of data or a percentage of data about a predictor variable in the data set that is
missing (e.g., unavailable). In some aspects, missing data can include data about a predictor
variable associated with an entity that is unavailable. In one example, data may be missing
for the entity because the entity has not engaged in any trade or transaction. In another

example, data may be missing for an entity because one or more trades or transactions by the
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entity have been excluded from the data set. In some aspects, the automated model
development tool 102 can use the missing data module 306 to determine the amount or the
percent of data missing for each predictor variable in the data set. For example, the missing
data module 306 can tabulate a percent of missing values for each predictor variable.

[0068] In some aspects, the missing data module 306 can exclude (e.g., remove) certain
predictor variables having a percentage of missing data that is above a threshold from the
data set. For example, the missing data module 306 can receive data (e.g., from the
computing device 109, the user device 108, or any other device) or user input. The data can
indicate a missing percentage threshold. The missing percentage threshold can correspond to
a threshold of percentage of missing data or values for a predictor variable. In some aspects,
the missing data module 306 can exclude (e.g., remove) predictor variables having a percent
of missing data that is above the threshold from the data set based on the signal. In some
aspects, removing predictor variables having a percent of missing data above the threshold
can improve the data set by creating a more robust data set (e.g., reducing a sparsity of the
data set), which can improve the accuracy of a model developed using the data set.

[0069] In some aspects, the automated model development tool 102 can use the missing
data module 306 to generate a missing indicator code for each predictor variable that is not
excluded from the data set. In some aspects, the missing indicator code indicates that data or
a value associated with the predictor variable is not available.

[0070] In some aspects, the missing data module 306 can also be used to output data
associated with analyzing or determining an amount of data or a percentage of data about a
predictor variable that is missing (e.g., a chart, a report, a table, etc., associated with
determining the missing percentage of data). As an example, the missing data module 306
can generate and output data that indicates each predictor variable, along with a
corresponding percentage of missing data for the predictor variable.

[0071] In some aspects, the automated model development tool 102 can include an outlier
data module 308 for removing or adjusting outlier data from the data set. Outlier data can
include outlier predictor variables associated with data that is above a maximum threshold or
outlier predictor variables associated with data that is below a minimum threshold. In some
aspects, the outlier data module 308 can perform various capping operations for removing or
adjusting outlier data that is above the maximum threshold. The outlier data module 308 can
also perform flooring operations for removing data that is below the minimum threshold. In
some aspects, the maximum threshold and the minimum threshold can be based on high and

low percentiles respectively. In some aspects, the outlier data module 308 can receive the
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maximum threshold or the minimum threshold (e.g., from another computing device or an
indicia of user input) and remove outlier data based on the minimum and maximum
thresholds.

[0072] The automated model development tool 102 can also include a value assignment
module 310. The value assignment module 310 can be used for reassigning or assigning
missing data or values associated with a predictor variable (e.g., the missing values in the
data set determined using the missing data module 306). In some aspects, the value
assignment module 310 can assign a bin of a predictor variable that is missing data to another
bin that has available data. The assignment can be performed based on an odds index
associated with each of the bins. Each bin of a predictor variable can include a set of data or
output values (e.g., dependent values, such as, an odds index) that correspond to a range of
values of the predictor variable. As an illustrative example, a bin of a predictor variable can
be a row of data that includes a set of output variables that correspond to a range of values of
a predictor variable. In this example, missing data can include a range of values of a predictor
variable for which data is unavailable (e.g., a range of a number of delinquencies associated
with an entity for which data is unavailable).

[0073] For example, the automated model development tool 102 can determine that data
associated with a bin of the predictor variable is missing. The value assignment module 310
can determine a similarity between various bins of the predictor variable by comparing
characteristics or data associated with the various bins of the predictor variable (e.g.,
determining a similarity by comparing odds indices of one or more bins of the predictor
variable). The value assignment module 310 can assign bins having missing data to bins
having available data based on the similarity.

[0074] In some aspects, the automated model development tool 102 can include an
automatic binning module 312 used for automatically binning (e.g., combining or collapsing)
similar data in the data set. In some aspects, automatically binning data in the data set can
include combining two or more categories of data in the data set into a common category. In
some aspects, the automatic binning module 312 can combine similar data in the data set after
missing values in the data set are assigned (e.g., after assigning values using the value
assignment module 310). In some aspects, the automatic binning module 312 can combine
bins of a predictor variable based on a threshold degree of similarity between the bins.

[0075] For example, the automatic binning module 312 can compare various bins of a
predictor variable and determine a similarity between the bins. In some aspects, the automatic

binning module 312 can include instructions for receiving data corresponding to a desired
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degree of similarity or threshold degree of similarity (e.g., from another computing device or
an indicia of user input). The automatic binning module 312 can also include instructions for
combining one or more bins that are sufficiently similar based on the desired degree of
similarity or threshold degree of similarity. As an illustrative example, the automatic binning
module 312 can combine one or more rows of data associated with a predictor variable based
on a similarity of characteristics of the one or more rows of data.

[0076] In some aspects, the automatic binning module 312 can automatically smooth
various bins of a predictor variable. Automatically smoothing various bins can include
collapsing the bins of the predictor variable. In some aspects, collapsing the various bins can
automatically create a monotonic sequence of bins of the predictor variable. For example, the
automatic binning module 312 can iteratively collapse (e.g., combine) bins of the predictor
variable such that a trend of values of odds indices associated with a sequence of bins is
monotonic. In some example, automatically smoothing the bins can include further collapsing
the bins to increase a monotonicity based on the sign of a correlation between the predictor
variable and an output variable (e.g., an odds index).

[0077] In some aspects, using the automatic binning module 312 to combine bins of a
predictor variable can allow the use of logistic regression or any suitable function to develop
a model using the automated model development tool 102. Some models, such as (but not
limited to) models developed using logistic regression, may require monotonicity for the
various bins of the predictor variable generated by the model development process. In some
aspects, the automatic binning module 312 can included instructions for causing the
automated model development tool 102 to perform automatic binning operations to create a
monotonic sequence in an automated manner.

[0078] In some aspects, the automatic binning module 312 can perform various
operations associated with automatically binning similar data in the data set. As an example,
the automatic binning module 312 can create or identify a neutral bin or group associated
with each predictor variable in the data set (e.g., as described below with respect to FIGs. 5
and 12). A neutral bin can be a bin of a predictor variable that has a predictive strength that is
less than a predictive strength of other bins of the predictor variable. As an illustrative
example, a neutral bin can be a row of data associated with a range of values of a predictor
variable that has a lower predictive strength than other rows of data that include other ranges
of values of the predictor variable. In some aspects, a neutral bin can be identified based on

one or more conditions. For example, the automatic binning module 312 can identify the
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neutral bin based on a bin associated with a predictor variable satisfying one or more
conditions.

[0079] In some aspects, the automatic binning module 312 can also be used to output data
associated with automatically binning data in the data set (e.g., a chart, a report, a table, etc.,
associated with combining data in the data set).

[0080] In some aspects, the automated model development tool 102 can include a
variable transformation module 314 for continuously transforming predictor variables in the
data set. Transforming a predictor variable can involve applying a mathematical operation to
change a measurement scale of the predictor variable (e.g., multiplying, dividing, or applying
other mathematical operations to the predictor variable). In some aspects, continuously
transforming predictor variables can include applying various transforms (e.g., mathematical
operations) to each predictor variable. In some aspects, applying a transform to a predictor
variable can increase the monotonicity of the model generated, modified, selected, or
developed using the automated model development tool 102.

[0081] In some aspects, the automated model development tool 102 can include a
correlation analysis module 316 for automatically determining a degree to which a predictor
variable affects an output variable (e.g., an impact of a predictor variable on an output
variable). In some aspects, the correlation analysis module 316 can determine a degree to
which a predictor variable affects one or more other predictor variables. In some aspects, the
degree to which a predictor variable affects another predictor variable can indicate a
correlation between the predictor variable and one or more other predictor variables, which
can be used for reference purposes.

[0082] In some aspects, the automated model development tool 102 can include a
variable reduction module 318 for reducing a number of predictor variables in the data set. In
some aspects, the variable reduction module 318 can execute a variable reduction operation
that includes executing one or more algorithms for identifying or selecting sets of predictor
variables having a threshold level of predictive strength. In some aspects, the algorithm can
be a parallel algorithm (e.g., an algorithm that can be executed simultaneously on various
processing devices or computing devices) used to identify the sets of predictor variables and
the variable reduction module 318 can combine or de-duplicate the sets of predictor variables
using the parallel algorithm after the sets of predictor variables are identified. An example of
the algorithm that can be used to identify or select the sets of predictor variables includes,
but is not limited to, a correlation analysis algorithm (e.g., based on the CORR procedure

from SAS) that is used to determine if a possible linear relationship exists between two
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variables. Another example of the algorithm includes, but is not limited to, a stepwise
discriminate analysis algorithm (e.g., based on the STEPDISC procedure from SAS). Still
another example of the algorithm includes, but is not limited to, a genetic algorithm (e.g., an
algorithm that can imitate an evolutionary process or a non-linear stochastic-based search or
optimization algorithm). In some aspects, the variable reduction module 318 can remove or
exclude predictor variables that do not have the threshold level of predictive strength (e.g.,
predictor variables that are not included in the identified sets of predictor variables) from the
data set to reduce the number of predictor variables in the data set. In some aspects, excluding
predictor variables that do not have the threshold level of predictive strength can improve the
data set used to develop an analytical model by using predictor variables that have a high
relative influence on a given dependent variable as compared to the predictor variables
excluded from the data set, which may improve an accuracy of a model developed using the
automated model development tool.

[0083] In some aspects, executing the variable reduction operation using the variable
reduction module 318 can improve a predictive strength of an analytical model developed
using the automated model development tool 102. For example, if all predictor variables are
used in the analytical model, the inclusion of a first predictor variable that is correlated with a
second predictor variable may incorrectly change the sign of output variables from the
analytical model with respect to at least one of the first and second predictor variables. Using
the variable reduction module 318 to execute the variable reduction operation can eliminate
one of the predictor variables and the associated negative impact on the analytical model.
[0084] In some aspects, the automated model development tool 102 can include a
regression model module 320. The regression model module 320 can execute a regression
operation that involves using identified predictor variables (e.g., the predictor variables
identified using the variable reduction module 318) in a logistic regression or any suitable
function. In some aspects, the regression model module 320 can use the identified predictor
variables to develop an analytical model, which can be a statistically sound analytical model.
[0085] In some aspects, the automated model development tool 102 can include a model
refining module 322 for automatically evaluating and improving an analytical model (e.g.,
the analytical model developed using the regression model module 320). For example, the
model refining module 322 can automatically tune the analytical model. Tuning the analytical
model can include determining and evaluating one or more statistics or data related to the
analytical model and adjusting the analytical model based on the one or more statistics to

improve the degree to which the analytical model provides outputs that correspond to a real-
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world scenario. Examples of the statistics include, but are not limited to, p-values, signs, a
variance inflation factor, or Wald chi-square statistics.

[0086] In some aspects, the automated model development tool 102 can include a model
completion module 324. The model completion module 324 can be used for finalizing a
model developed using the automated model development tool (e.g., the analytical model
refined using the model refining module 322). In some aspects, the model completion module
324 can use the analytical model to output data. For example, the automated model
development tool 102 can use the analytical model to generate and output a gains chart (e.g.,
a chart indicating a measure of an effectiveness of the analytical model), one or more reports,
or a model equation associated with the analytical model. In some aspects, the model
completion module 324 can use the analytical model to identify relationships between sets of
predictor variables and one or more output variables in various machine learning
applications.

[0087] FIG. 4 is a flow chart depicting an example of a process for automatically
developing an analytical model. For illustrative purposes, the process is described with
respect to the examples depicted in FIGs. 1-3. Other implementations, however, are possible.
[0088] In block 402, a data set that includes various predictor variables is received. In
some aspects, the predictor variables are obtained by an automated model development tool
(e.g., the automated model development tool 102 using the variable analysis module 302 of
FIG. 3). For example, the automated model development tool can obtain the data set from a
predictor variable database (e.g., the predictor variable database 103 of FIG. 1) or a
computing device (e.g., the computing device 101 of FIG. 1). In some aspects, the automated
model development tool can obtain the data set from the computing device after the
computing device performs one or more operations or processes on the data set (e.g., the
operations described with respect to blocks 202-210 of FIG. 2). In some aspects, the
automated model development tool can obtain the data set from any other data source.
Predictor variables can include data associated with an entity that describes prior actions or
transactions involving the entity (e.g., information that can be obtained from credit files or
records, financial records, consumer records, or other data about the activities or
characteristics of the entity). In some aspects, predictor variables can be obtained from credit
files, financial records, consumer records, etc. In some aspects, the predictor variables can be
independent variables.

[0089] In block 404, a type of each predictor variable in the data set is determined for

selecting a parameter for developing analytical model using the data set. In some aspects, the
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automated model development tool automatically determines the type of a predictor variable
(e.g., using the variable analysis module 302 of FIG. 3). For example, the automated model
development tool can analyze each predictor variable and determine whether each predictor
variable is a numeric predictor variable or a character predictor variable. In some aspects, the
type of each predictor variable can be used to determine or select one or more operations to
be performed on the predictor variable or one or more parameters for developing an
analytical model developed using the predictor variables. As an example, certain models,
such as (but not limited to) logistic regression models may require numeric variables. In such
examples, the automated model development tool may use the identified numeric variables in
the data set for developing a logistic regression model. As another example, if a predictor
variable is a character variable, the character variable may be converted or turned into a
numeric variable (e.g., 0 or 1) associated with the character variable and can be used by the
automated model development tool to develop a certain type of analytical model (e.g.,
logistic regression model).

[0090] In block 406, a predictive strength of at least some of the predictor variables in the
data set by combining data associated with at least some of the predictor variables based on a
degree of similarity between the data. In some aspects, the automated model development
tool can automatically combine data associated with the predictor variables having a
determined type (e.g., in block 406) based on a similarity between data associated with the
predictor variables having a determined type. In some aspects, the automated model
development tool can automatically combine the data by executing an automatic binning
operation (e.g., using the automatic binning module 312 of FIG. 3). For example, the
automated model development tool can combine bins of the predictor variable based on a
threshold degree of similarity between the bins. As an example, the automated model
development tool can receive data (e.g., from a computing device or user input) that indicates
the threshold degree of similarity between bins. The automated model development tool can
combine various bins that are sufficiently similar based on the threshold degree of similarity.
[0091] For instance, FIGs. 5 and 6 depict tables 502 and 602 from an example of
automatically binning (e.g., combining) data associated with a predictor variable using the
automatic binning module of FIG. 3. In the example depicted in FIG. 5, the table 502 can
include bins 504, 506 associated with a predictor variable 508. Each bin 504, 506 can include
a set of data or output values (e.g., dependent variables corresponding to the columns in table
502) that correspond to an input value of the predictor variable 508, which can be used as an

independent variables (e.g., an input value of the predictor variable 508 in the first column of
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table 502). In some aspects, the automated model development tool can collapse or combine
the bins 504, 506 based on a degree of similarity between the bins 504, 506. In some aspects,
the automated model development tool can receive data indicating a threshold degree of
similarity (e.g., from a computing device or indicia of user input) and the automated model
development tool can combine bins 504, 506 if the bins 504, 506 are sufficiently similar
based on the threshold degree of similarity. As an example, a graphical user interface can be
presented to a user of the automated model development tool, which can allow the user to
provide the threshold degree of similarity. The automated model development tool can
combine bins 504,506 if the bins are sufficiently similar and an updated user interface can be
presented to the user that indicates that the bins 504,506 are combined.

[0092] In the example depicted in FIG. 5, the automated model development tool can
calculate various output variables associated with the predictor variable 508. For instance, the
automated model development tool can calculate chi-square and p-values for consecutive
bins in table 502 (e.g., the bins 504, 506) as shown in FIG. 5. In some aspects, two adjacent
or consecutive bins having respective p-values above a threshold can indicate a sufficient
degree of similarity between the bins such that the automated model development tool
combines the adjacent bins. In such examples, the threshold degree of similarity can be based
on the value for “pval” in table 502 (e.g., a value of 0.2 for pval). As depicted in FIG. 5, the
maximum pval values for bins in table 502 is 0.964, which is associated with bins 504, 506.
The automated model development tool can combine bins 504, 506 based on the value for
“pval” associated with bins 504, 506 exceeding the threshold degree of similarity (e.g.,
exceeding 0.2).

[0093] In some aspects, prior to collapsing bins 504 and 506, the bin 504 can include a
range of values of the predictor variable 508 from 3,380 to 5,278 and a corresponding chi-
square value of 10.717 as indicated in table 502. The bin 506 can include a range of values of
the predictor variable 508 from 5,279 to 7,723 and a corresponding chi-square value of 0.002.
The automated model development tool can collapse (e.g., combine) bins 504, 506.
Collapsing the bins 504, 506 can combine the ranges of values of the predictor variable 508
and the chi-square values of the bins 504, 506 into a single bin. For example, as shown in
FIG. 6, bins 504, 506 of FIG. 5 can be combined to form bin 604, which can include the
range of values of the predictor variable 508 from 3,380 to 7,723 (e.g., the combined range of
values of bins 504 and 506 of FIG. 5) and a corresponding chi-square value of 13.685. In this
manner, bin 604 includes combined values of predictor variable 508 and combined chi-square

values from bins 504 and 506 of FIG. 5.
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[0094] In the example depicted in FIG. 6, bins 504 and 506 of FIG. 5 have been
combined to form bin 604 of FIG. 6. After combining the bins 504, 506 into the bin 604, the
automated model development tool can subsequently execute the automatic binning operation
to determine two adjacent or consecutive bins having respective p-values above the threshold.
As an example, the automated model development tool can determine that the maximum pval
values associated with bins 606 and 608 is 0.0.646, which is above the threshold degree of
similarity (e.g., above 0.2). The automated model development tool can combine bins 606,
608 based on the value for pval associated with bins 606, 608 exceeding the threshold degree
of similarity.

[0095] In some aspects, the automated model development tool can iterate this binning
process. The iteratively executed binning process can reduce the complexity of one or more
predictor variables. The iteratively executed binning process can also increase a predictive
strength of the one or more predictor variables by collapsing similar bins into a common bin.
[0096] For instance, FIG. 7 is a table showing an example of data associated with the
automatic binning operations of FIGs. 5 and 6. In the example depicted in FIG. 7, the
automated model development tool can collapse bins in an iterative manner, and can cease
iteration based on determining that all p-values in the table are less than a threshold p-value
(e.g., less than 0.2). The result of the iterative process can be a smaller number of bins having
a sufficiently large degree of difference among them. For example, as depicted in FIG. 7, the
seventeen bins of FIG. 5 can be collapsed into eleven bins, with each pair of adjacent bins
having p-values less than the threshold p-value of 0.2.

[0097] Returning to FIG. 4, in some aspects, automatically combining data in block 406
can include automatically smoothing the various bins of the predictor variable (e.g., by using
the automatic binning module 312 of FIG. 3). For example, the automated model
development tool can automatically smooth the various bins of the predictor variable 508 of
FIGs. 5 and 6. Automatically smoothing the bins can include further combining various bins
of the predictor variable to create a monotonic sequence of bins of the predictor variable.
[0098] For instance, FIGs. 8 and 9 depict graphs 800, 900 that provide an example of
automatically smoothing various bins of a predictor variable. In the example depicted in FIG.
8, a set of eleven bins (e.g., bins represented by each bar in the graph 800) includes at least
two sets of bins 802, 804 in which the trends are not monotonic (e.g., a trend associated with
odds indices of the sets of bins 802, 804 is not monotonic as compared to a trend of the other
bins). The automated model development tool can collapse the subset of the eleven groups

that are not monotonic (e.g., collapse bins 802, 804), which can form eight monotonic bins
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that are sufficiently distinct from each other. For example, FIG. 9 shows graph 900 in which
there is a monotonic trend between the various bins.

[0099] In some aspects, automatically smoothing the various bins can include increasing
a monotonicity based on a sign of a correlation between a predictor variable (e.g., the
predictor variable 508 of FIGs. 5 and 6) and an output variable (e.g., an odds index). For
instance, FIG. 10 depicts a table for another example of automatically smoothing various bins
of a predictor variable using the automatic binning module of FIG. 3. In the example depicted
in FIG. 10, the automated model development tool can calculate an output variable
“odds_dift,” which can be dependent on a predictor variable 1001 (e.g., a predictor variable
“bal3”). In some aspects, the odds_diff variable can be a difference of an odds index between
two consecutive bins.

[00100] For example, the odds index for a bin 1004 minus the odds index for bin 1002 is -
0.558, which is the odds_diff for bin 1004 as shown in FIG. 10. As another example, the odds
index for bin 1006 minus the odds index for bin 1004 is -1.339, which is the odds_diff for bin
1006 as shown in FIG. 10. In some aspects, the odds diff variable having a constant sign
throughout the various bins (e.g., a constant positive or negative sign) can indicate a
monotonic sequence between the various bins. For example, most bins depicted in the FIG.
10 are associated with a negative sign for the odds diff output variable, but some bins (e.g.,
bins 1008, 1010) are associated with a positive sign for the odds_diff variable. This may
indicate that a monotonic sequence does not exist among the various bins.

[00101] Bins associated with a positive sign for the odds_diff variable (e.g., bins 1008,
1010) can be collapsed based on being associated with a different sign for the odds diff
variable as compared to the other bins. In the example depicted in FIG. 10, the largest
absolute value for odds diff is 0.802 for bin 1008. In some aspects, the automated model
development tool can collapse bin 1008 into bin 1009 (e.g., by using the automatic binning
module 312 to combine bin 1008 and bin 1009) to create a bin associated with a negative sign
for the odds_diff variable. This process can be iterated until all bins with positive signs for
odds_diff have been collapsed, such that a monotonic sequence is obtained among the various
bins.

[00102] In some aspects, automatically combining data associated with the predictor
variable as described above can allow the use of a logistic regression or any function to
develop an analytical model using the automated model development tool. Certain models,
such as (but not limited to) models developed using logistic regression, may require

monotonicity for the various bins of the predictor variable. In some aspects, the automated
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model development tool can automatically combine various bins associated with various
predictor variables as described above, such that monotonicity exists between the various
bins. This monotonicity exists between the various bins can allow the automated model
development tool to use the predictor variables to develop the analytical model using a
logistic regression or other suitable function.

[00103] Returning to FIG. 4, in some aspects, automatically combining data in block 406
can include creating a neutral group (e.g., using the automatic binning module 312 of FIG. 3).
For example, FIG. 11 is a table depicting an example of a neutral group creation operation.
[00104] In the example depicted in FIG. 11, the automated model development tool can
create a neutral group. The neutral group can be a bin having less predictive strength than
other bins. In some aspects, if a predictor variable has N bins, it may be desirable to include
N-1 dummy indicators as independent variables for a model being developed using the
automated model development tool. For example, in the example depicted in FIG. 11, a
predictor variable 1104 (e.g., the predictor variable “bal3”) can have eight bins 1102, 1106,
1108, 1110, 1112, 1114, 1116, 1118. In some aspects, it may be desirable to include seven
dummy indicators in the model being developed by the automated model development tool.
The bin for which a corresponding dummy indicator is not generated can be identified as a
neutral group.

[00105] In some aspects, to identify a neutral group, the automated model development
tool can identify one or more bins between bins 1102, 1106, 1108, 1110, 1112, 1114, 1116,
1118 that satisfy a first condition indicating that the identified bin lacks sufficient predictive
strength. For example, the first condition can be that a value of an output variable associated
with a bin (e.g., percent of total) accounts for more than a threshold percentage (e.g., 50%) of
the total data associated with the various bins. If a bin satisfies the condition, the automated
model development tool can select the bin as the neutral bin. If none of the bins 1102, 1106,
1108, 1110, 1112, 1114, 1116, 1118 satisfies the first condition, the automated model
development tool can identify one or more bins that satisfy a second condition. For example,
the second condition can be that another output variable associated with a bin is within a
range (e.g., an interval bad rate/total bad rate between 0.9 and 1.1). If a bin satisfies the
second condition, the bin can be selected as the neutral bin. If none of the bins 1102, 1106,
1108, 1110, 1112, 1114, 1116, 1118 satisfies the second condition, the automated model
development tool can select the largest bin as the neutral bin. In the example depicted in FIG.

11, the bin 1102 satisfies the first condition (e.g., has a value associated with the percentage
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of the total that is more than a threshold percentage of 50%) and the automated model
development tool can identify bin 1102 as the neutral bin.

[00106] Returning to FIG. 4, in block 408, a number of predictor variables in the data set
is reduced by selecting a subset of predictor variables in the data set based on a predictive
strength of each predictor variable in the subset. In some aspects, the automated model
development tool automatically reduces the amount of predictor variables (e.g., using the
variable reduction module 318). For example, the automated model development tool can
execute a variable reduction operation. The variable reduction operation can include
identifying subsets of predictor variables having a threshold level of predictive strength.
[00107] For example, the automated model development tool can execute one or more
parallel algorithms to identify predictor variables having a threshold level of predictive
strength. Examples of the parallel algorithms include, but are not limited to, a correlation
analysis algorithm (e.g., based on the CORR procedure from SAS) that is used to determine if
a possible linear relationship exists between two variables, a stepwise discriminate analysis
algorithm (e.g., based on the STEPDISC procedure from SAS), a genetic algorithm (e.g., an
algorithm that can imitate an evolutionary process or a non-linear stochastic-based search or
optimization algorithm). One example of a variable reduction algorithm that can be used at
block 408 is described herein with respect to FIG. 15. In some aspects, the automated model
development tool can execute the parallel algorithms to identify predictor variables having
the threshold level of predictive strength and combine or de-duplicate the identified predictor
variables after the predictor variables are identified. The automated model development tool
can remove or exclude predictor variables that do not have the threshold level of predictive
strength (e.g., predictor variables that are not included in the identified sets of predictor
variables) from the data set.

[00108] In block 410, an analytical model is developed based on the combined data of the
selected subset of predictor variables (e.g., in blocks 406 and 408). In some aspects, the
automated model development tool automatically generates, modifies, selects, or develops
the analytical model. In some aspects, the automated model development tool uses the
predictor variables having the threshold level of predictive strength identified in block 408 of
FIG. 4 to automatically develop the analytical model. In another aspect, the automated model
development tool uses any predictor variable in the data set obtained by the automated model
development tool (e.g., in block 402) to automatically develop the analytical model.

[00109] In some aspects, the analytical model can be used in various machine-learning

applications. An example of a machine-learning application is identifying or determining a
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relationship between the various predictor variables and one or more output variables. An
output variable can correspond to a probability associated with an entity (e.g., a probability of
the entity performing a task, such as, for example, defaulting on a financial obligation or
responding to a sales offer, or a probability of the entity meeting a criteria, such as, for
example, being approved for a loan). In some aspects, the output variables can be dependent
variables (e.g., dependent on the predictor variables).

[00110] In some aspects, the automated model development tool can perform various
automated operations (e.g., using modules 302-322 of FIG. 3) to automatically generate,
modify, select, or develop the analytical model. For example, FIG. 12 is a flow chart
depicting an example of a process for automatically developing the analytical model of FIG.
4 using an automated model development tool. The flow chart depicted in FIG. 12 includes
various additional or alternative operations (e.g., in addition to operations described with
respect to FIG. 4) that can be performed by the automated model development tool to
automatically develop the analytical model.

[00111] In block 1202, predictors variable in a data set are automatically classified (e.g.,
grouped) based on the type of the predictor variable. In some aspects, the automated model
development tool can classify each predictor variable in a data set obtained by the automated
model development tool (e.g., in block 402 of FIG. 4). In some aspects, the automated model
development tool can classify each predictor variable (e.g., using the variable analysis
module 302 of FIG. 3). For example, the automated model development tool can group
numerical predictor variables together or group character predictor variables together.

[00112] In some aspects, certain predictor variables may be excluded from a classification
operation performed at block 1202. For example, the automated model development tool may
receive data from a computing device (e.g., an indicia of user input), where the data indicates
that one or more predictor variables should not be classified by the automated model
development tool. The automated model development tool may exclude the one or more
predictor variables from being classified based on the data received.

[00113] In some aspects, in block 1202, the automated model development tool may
output data associated with analyzing or classifying the predictor variables. As an example,
the automated model development tool may output a report, list, chart, etc., that indicates
predictor variables that are classified as numeric predictor variables or a predictor variables
that are classified as character predictor variables. As an example, the automated model
development tool can output a list that includes numeric predictor variables and a list that

includes character predictor variables.
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[00114] In block 1204, each predictor variable is automatically analyzed to determine
characteristics of each predictor variable. In some aspects the automated model development
tool can analyze each predictor variable (e.g., using the exploratory data analysis module 304
of FIG. 3) to be used for developing a model (e.g., predictor variables that have been
classified at block 1202). For example, the automated model development tool can perform
exploratory data analysis, which includes performing various operations on the predictor
variables for analyzing the predictor variables. In some aspects, the automated model
development tool can perform the exploratory data analysis to determine and summarize
characteristics of each predictor variable.

[00115] For example, the automated model development tool can analyze one or more
predictor variables to determine an odds index or a good/bad ration associated with the
analyzed predictor variable. The odds index indicates a ratio of positive or negative outcomes
associated with the predictor variable. As an example, for each predictor variable, if a
percentage of good or positive outcomes is greater than a percentage of bad or negative
outcomes, the automated model development tool can determine the odds index based on the
following equation:

percentage of goods

odds index = percentage of bads

where the percentage of “goods” corresponds to the percentage of positive outcomes and the
percentage of “bads” corresponds to the percentage of negative outcomes

[00116] As another example, for each predictor variable, if a percentage of positive
outcomes is less than a percentage of negative outcomes, the automated model development
tool can determine the odds index based on the following equation:

percentage of bads

odds index = —
percentage of goods

[00117] In some aspects, the automated model development tool can perform the
exploratory data analysis to determine a bivariate correlation or trend associated with each of
the predictor variables based on an odds index of each predictor variable. In some aspects, the
bivariate relationship associated with each of the predictor variables can be used to determine
(e.g., quantify) a predictive strength of each of the predictor variables with respect to the odds
index. The predictive strength of the predictor variable indicates an extent to which the
predictor variable can be used to accurately predict a positive or negative outcome or a
likelihood of a positive or negative outcome occurring based on the predictor variable. In

another example, the predictive strength of the predictive variable indicates an extent to
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which the predictor variable can be used to accurately predict an output variable.

[00118] In some aspects, in block 1204, the automated model development tool may
output data associated with the exploratory data analysis (e.g., using the exploratory data
analysis module 304 of FIG. 3). As an example, the automated model development tool may
output a report, list, chart, etc., that indicates characteristic of a predictor variable.

[00119] For instance, FIGs. 13A-C depict examples of data that can be output using the
exploratory data analysis module 304 of FIG. 3. In the example depicted in FIG. 13A, table
1300 includes results of an exploratory data analysis on a predictor variable “ioldest.” Table
1300 includes a summary 1301 of statistics for the predictor variable and characteristics for
each bin associated with the predictor variable (e.g., rows 1 to 17 of data in FIG. 13A). Each
bin can include a set of data or output values (e.g., dependent variables corresponding to the
columns in table 1300) that correspond to a range of input values of the predictor variable,
which can be used as an independent variables (e.g., a range of values of the predictor
variable in the first column of table 1300). As an example, bin 2 can include output values
(e.g., # Total, % of total, # of bads, % of bads, etc.) that correspond to a range of values (e.g.,
0 to 26) of the predictor variable “ioldest.” As depicted in table 1300, each bin can have a
corresponding odds index, which can be determined by the automated model development
tool (e.g., using the exploratory data analysis module 304 of FIG. 3).

[00120] In the example depicted in FIGs. 13B and 13C, the automated model development
tool may output one or more tables 1302, 1304 associated with the exploratory data analysis
on the predictor variable “ioldest.” For example, the table 1302 in FIG. 13B can include data
corresponding to a bad rate (e.g., data points 1306, 1308, 1310). The bad rate can correspond
to a rate of negative outcomes associated with the predictor variable “ioldest” (e.g., negative
outcomes determined using the exploratory data analysis module 304). As an example, data
point 1306 in FIG. 13B is associated with row or bin 2 in table 1300 of FIG. 13A and
corresponds to a bad rate of approximately 29.62%, which is the bad rate of bin 2 as depicted
in table 1300 of FIG. 13A. As another example, the data point 1308 of FIG. 13B is associated
with row or bin 3 of FIG. 13A and corresponds to a bad rate of approximately 33.18%, which
is the bad rate of bin 3 as depicted in table 1300 of FIG. 13A. In some aspects, the bad rate
can indicate how a rate of negative outcomes associated with the predictor variable “ioldest”
changes across the various bins (e.g., how the rate of negative outcomes associated with the
predictor variable changes based on the range of values of the predictor variable). In the
example depicted in FIG. 13B, the table 1302 also includes data corresponding to a
percentage of the total (e.g., data points 1312, 1314, and 1316), which indicates a percentage
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of total bins that is represented by each bin of table 1300 of FIG. 13. As another example, the
automated model development tool may output table 1304 of FIG. 13C, which includes data
corresponding to a frequency distribution of the predictor variable “ioldest.”

[00121] Returning to FIG. 12, in block 1206, an amount of missing values or data for each
predictor variable is automatically determined. A missing value can be a value associated
with a predictor variable that is unavailable (e.g., if an entity has not engaged in any trades or
if one or more trades by the entity are excluded from the data set). As an example, missing
data can include data associated with the predictor variable “ioldest” of FIG. 13 for which
data or a value is unavailable (e.g., row or bin 1 of table 1300 of FIG. 13).

[00122] In some aspects, the automated model development tool 102 can determine the
amount or percent of missing values or data for each predictor variable (e.g., using the
missing data module 306 of FIG. 3). For example, the automated model development tool
102 can determine the amount of missing values for each predictor variable by tabulating the
amount of missing values for each predictor variable. The automated model development tool
102 can use this tabulation to determine the percentage of missing values for each of the
predictor variables.

[00123] 1In block 1208, the automated model development tool automatically removes
predictor variables having an amount of missing values or a percent of missing values above
a threshold from the data set. For example, the automated model development tool can
determine the percentage of missing values for each predictor variable (e.g., in block 1206)
and receive data (e.g., from a computing device or an indicia of user input) that indicates a
missing percentage threshold. The automated model development tool can exclude or remove
predictor variables from the data set that have a percentage of missing values above the
missing percentage threshold.

[00124] 1In some aspects, in block 1208, a missing value indicator is automatically
generated for missing values of each predictor variable having an amount of missing values
below the missing percentage threshold. In some aspects, the automated model development
tool can automatically generate the missing value indicator (e.g., using the missing data
module 306 of FIG. 3), which can indicate that a value or data for the predictor variable is
unavailable.

[00125] Inblock 1210, outlier predictor variables are automatically removed from the data
set based on an outlier threshold. In some aspects, the automated model development tool can
automatically remove outlier predictor variables (e.g., using the outlier data module 308 of

FIG. 3). For example, the automated model development tool can perform capping and
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flooring operations on the predictor variables to remove outlier predictor variables, which can
include removing predictor variables associated with data that is above a maximum threshold
or removing predictor variables associated with data that is below a minimum threshold.
[00126] As an example, the data set may include predictor variables associated with a set
of entities (e.g., income information from a set of individuals or other entities). The median
income for individuals in the data set may be $30,000 per year, but certain individuals in the
data set may have incomes greatly exceeding the median (e.g., $100 million per year) or far
below the median (e.g., $500 per year). The individuals in the data set having incomes greatly
exceeding the median or far below the median can be outliers in the data set. For example,
the individuals in the data set having incomes below a minimum threshold of $5,000 per year
and the individuals in the data set having incomes above a maximum threshold of $100,000
per year can be outliers in the data set. The automated model development tool can adjust
these outliers to reduce a negative impact of these outliers on the accuracy of the predictions
provided by an analytical model that is generated, modified, selected, or developed using the
automated model development tool. As an example, the automated model development tool
can adjust the data set such that income values for individuals having incomes below the
minimum threshold of $5,000 per year is set or floored at $5,000 (e.g., the automated model
development tool replaces incomes below $5,000 with a value of $5,000). As another
example, the automated model development tool can adjust the data set such that income
values for individuals having incomes above the maximum threshold of $100,000 per year is
set or capped at $100,000 (e.g., the automated model development tool replaces income
values above $100,000 with a value of $100,000).

[00127] 1In block 1212, missing values of each predictor variable are automatically
assigned based on an odds index. In some aspects, the automated model development tool can
automatically assign the missing values (e.g., using the value assignment module 310 of FIG.
3). For example, the automated model development tool can assign a bin of a predictor
variable that has missing values to another bin of the predictor variable that has available
values. Assigning the bin having missing values to another bin having available values can
include combining the bins into a single bin. In some aspects, the automated model
development tool can assign the bin having missing values to another bin having available
values based on a similarity between a characteristic of the bins (e.g., a similarity between
odds indices of the bins).

[00128] For instance, FIG. 14 depicts a table 1400 with an example of assigning missing

values associated with a predictor variable using the value assignment module 310 of FIG. 3.
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In the example depicted in FIG. 14, predictor variable 1402 (e.g., a predictor variable B1) can
have missing values 1404, 1406, 1408, 1410, for various bins associated with the predictor
variable 1402 (e.g., bin 1, bin 2, bin 3, bin 4 in table 1400, respectively). In this example, the
bins associated with the missing values 1404, 1406, 1408, 1410 (e.g., bin 1, bin 2, bin 3, bin 4
in table 1400, respectively), can each have a corresponding odds index of -2.35, -2.25, 1.32,
and 1.21 respectively as shown in table 1400. The automated model development tool can
compare (e.g., using the value assignment module 310 of FIG. 3) the odds index value
associated with bins of each of the missing values 1404, 1406, 1408, 1410, to odds indices of
other bins associated with the predictor variable 1402 (e.g., the odds indices of bin 5 or bin 6
in table 1400). The automated model development tool can automatically assign the bins
associated with the missing values 1404, 1406, 1408, 1410 to other bins having available
values based on the comparison (e.g., using the value assignment module 310 of FIG. 3).
[00129] As an example, the automated model development tool can determine that bin 1
and bin 2 respectively associated with the missing values 1404 and 1406 each have a
corresponding odds index closest to -2.20, which is the odds index value for bin 5 in table
1400. The automated model development tool can automatically assign bins 1 and 2
associated with the missing values 1404, 1406 to bin 5 based on this determination, which
can include combining bins 1 and 2 with bin 5. As another example, the automated model
development tool can determine that the bin 3 and bin 4 associated with missing values 1408
and 1410 each have a corresponding odds index closest to 1.42, which is the odds index value
for bin 6 in table 1400. The automated model development tool can automatically assign bins
3 and 4 to bin 6 based on this determination, which can cause bins 3 and 4 to be combined
with bin 6. In some aspects, for a missing value that is in a range that includes multiple bins
(e.g., row or bin 9 of table 1400), the automated model development tool can assign a bin
associated with the missing value to a bin at the median of the range.

[00130] The automated model development tool can assign a missing value based on an
odds index and a distribution of missing values as described above. This process can obviate
or reduce the need for reassigning missing values in a data set by replacing a missing value
with a zero value, a mean value, or a median value for the data set.

[00131] Returning to FIG. 12, in block 1214, an impact of each predictor variable on an
output variable is automatically determined. In some aspects, the model development tool
automatically determines an impact of each predictor variable on one or more output
variables (e.g., using the correlation analysis module 316 of FIG. 3). In some aspects, the

automated model development tool determines the impact of each predictor variable on an
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output variable by determining a degree to which a predictor variable affects an output
variable.

[00132] In some aspects, in block 1214, the automated model development tool determines
an impact of a predictor variable on one or more other predictor variables. In some aspects,
the impact of a predictor variable on another predictor variable can indicate a correlation
between the predictor variable and the other predictor variable, which can be used for
reference purposes.

[00133] In block 1216, the predictor variables in the data set are automatically used in a
logistic regression function or other function for developing an analytical model. In some
aspects, the automated model development tool uses the predictor variables in the data set
(e.g., the predictor variables having the threshold level of predictive strength identified in
block 408 of FIG. 4 or any predictor variables in the data set) in the logistic regression
function or other function (e.g., using the regression model module 320). In some aspects, the
automated model development tool can use the predictor variables in any type of function or
model. In some aspects, the automated model development tool can use the predictor
variables in the data set to develop an analytical model, which can be a statistically sound
analytical model.

[00134] 1In block 1218, the analytical model is automatically refined. In some aspects, the
automated model development tool automatically refines the analytical model (e.g., using the
model refining module 322). For example, the automated model development tool can
determine and evaluate one or more statistics or data related to the analytical model
developed using the automatic model development tool (e.g., the model developed in block
1216). Examples of the statistics include, but are not limited to, p-values, signs, a variance
inflation factor, or Wild chi-square statistics. In some aspects, the automated model
development tool can tune or adjust the analytical model based on the one or more statistics
to improve a degree to which the analytical model provides outputs that correspond to a real-
world scenario.

[00135] In some aspects, in block 1218, the analytical model is finalized. In some aspects,
the automated model development tool can finalize the analytical model (e.g., using the
model completion module 324). For example, the automated model development tool can use
the analytical model to output data. As an example, the automated model development tool
can use the analytical model to generate and output a gains chart (e.g., a chart indicating a
measure of an effectiveness of the analytical model), one or more reports, or a model

equation associated with the analytical model. In other examples, the automated model
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development tool can use the analytical model for various machine learning applications,
including, for example, identifying relationships between sets of predictor variables and one
or more output variables.

[00136] FIG. 15 is a flow chart depicting an example of a genetic algorithm that can be
used by the variable reduction module of FIG. 3 to identify sets of predictor variables having
a threshold level of predictive strength. The genetic algorithm depicted in FIG. 15 can be
used to implement block 408 depicted in FIG. 4.

[00137] In block 1502, a population is initialized. In some aspects, initializing the
population can include randomly selecting multiple predictive models. For each of the
selected models, the automated model development tool can randomly select a respective
subset of independent variables (e.g., predictor variables) from a set of independent variables
available for a data set. For example, a data set used to develop the model may include 500
predictor variables associated with individuals or other entities, and these 500 predictor
variables can be used as independent variables. For a first model, a first subset of 20 predictor
variables out of the 500 predictor variables can be selected. For a second model, a second
subset of 20 predictor variables out of the 500 predictor variables can be selected.

[00138] In block 1504, each selected model is evaluated. In some aspects, the automated
model development tool can determine a Kolmogorov—Smirnov (“KS”) test value for each
selected model using the respective set of dependent variables (e.g., output variables). The
KS value for a model with a given set of predictor variables can indicate the degree to which
the model with the given set of predictor variables accurately predicts the output variables in
the sample data set.

[00139] 1In block 1506, a model is selected. In some aspects, the automated model
development tool can select the model. For example, the automated model development tool
can select model-variable subset combinations for a “crossover” stage after ranking all the
models by KS test value. In some aspects, predictor variables in each model can be ranked.
As an example, predictor variables in each model can be ranked based on Wald Chi-squared
statistics associated with each predictor variable. In such examples, the predictor variables
can be ranked in order from the predictor variable with the highest predictive strength (e.g.,
having the highest Wald Chi-squared statistic) to the predictor variable with the lowest
predictive strength (e.g., having the lowest Wald Chi-squared statistic). The selection,
crossover, and mutation operations can be one complete iteration (e.g., one generation). A
threshold KS test value is used as a condition for exiting the iterations when at least one

model-variable subset with KS greater than the threshold emerges. The iterations can also
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terminate if a pre-defined maximum number of allowed iterations is reached before any
model reaches the threshold KS test value.

[00140] In block 1508, predictor variables are crossed over between selected models (e.g.,
in block 1506). In some aspects, the automated model development tool can cross over the
predictor variables between two or more selected models. For example, a first model using a
first subset of predictor variables may have the largest KS test value (e.g., the KS test value
determined in block 1504) and a second model using a second subset of predictor variables
may have the second largest KS test value. In block 1508, the automated model development
tool can select a subset of predictor variables from the second model to swap with a subset of
predictor variables in the first model. The predictor variable swapping in block 1508 results
in two new models that will be re-evaluated for predictive performance in the next iteration.
In some aspects, crossing over predictor variables between selected models includes
swapping an even number of predictor variables between a pair of selected models. As an
example, the automated model development tool can swap ten predictor variables from a first
model (e.g., the model having the highest KS test value or another selected model) with ten
predictor variables from a second model (e.g., the model having the second largest KS test
value or another selected model). As another example, predictor variables can be swapped
between one or more selected models and the model having the highest KS test value. As still
another example, predictor variables can be swapped between any of the selected models. In
some aspects, a probability of performing the crossover between a selected model and a
model having the highest KS test value can be based on user input. For example, the
automated model development tool can receive data (e.g., from the computing device 109,
the user device 108, or any other device) or user input. The received data or user input can
indicate the probability of performing the crossover with the model having the highest KS
test value. In some aspects, a crossover point can be randomly selected by the automated
model development tool.

[00141] In some aspects, in each iteration, a model having the largest KS test value (e.g.,
the KS test value determined in block 1504) may not be included in the cross-over step. For
example, the automated model development tool may not select a subset of predictor
variables from the model having the largest KS test value to swap with another model. In
some aspects, the model having the largest KS test value may be excluded from the cross-
over step until another model has a higher KS test value (e.g., as determined in block 1504).
[00142] Inblock 1510, a selected model is mutated (e.g., a model selected in block 1506).

In some aspects, the automated model development tool can mutate the selected model. In
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some aspects, after cross-over (e.g., in block 1508), each new model can undergo “mutation”
with a user defined probability. A model chosen for “mutation” can have up to a user-defined
maximum percentage of the total number of predictor variables swapped out for other
predictor variables from the master list of 500 predictor variables. This operation can expand
the space of possible predictor variable-subset combinations that the genetic algorithm will
explore.

[00143] 1In block 1512, the automated model development tool can determine if a
termination criterion is satisfied. The automated model development tool can iterate the
genetic algorithm (e.g., return to block 1504) if the termination criterion is not satisfied. If the
termination criterion is satisfied, the automated model development tool can terminate the
genetic algorithm and output a solution set (e.g., in block 1514). For example, in block 1514,
the genetic algorithm may be terminated if all subsets of predictor variables models provide
similar levels of predictive strength or one of the models reaches the threshold level of
predictive strength after being crossed-over to one or more additional predictive models (e.g.,
in block 1508). The subset of predictor variables can be the solution set.

[00144] In some aspects, the automated model development tool described herein can be
used with various user applications to develop an analytical model. For example, FIG. 16 is a
flow chart depicting an example of a process for using an automated model development tool
with a user application (e.g., a SAS application) to develop an analytical model for
identifying a relationship between sets of predictor variables and one or more output
variables.

[00145] Inblock 1602, a configuration file is modified. In some aspects, a user can modify
one or more parameters of a configuration file that is used by the automated model
development tool.

[00146] In block 1604, program code that includes macros is executed. In some aspects,
the automated model development tool can be implemented using program code that can be
executed by one or more processing devices. The program code can include code that defines
one or more macro functions. The macro functions can include, but are not limited to,
variable type analysis, exploratory data analysis, or any other function or operation
executable by the automated model development tool using modules 302, 304, 306, 308, 310,
312,314, 316, 318, 320, 322, 324 of FIG. 3. In some aspects, executing the program code can
cause the automated model development tool to develop an analytical model that can be used
to identify a relationship between sets of predictor variables and one or more output

variables.
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[00147] 1In block 1606, data is outputted. In some aspects, the automated model
development tool can generate or output data. For example, the automated model
development tool can output data based on execution of program code by a processing device
(e.g., execution of one or more operations using any of modules 302, 304, 306, 308, 310, 312,
314, 316, 318, 320, 322, 324 of FIG. 3). Examples of data that can be generated and output
include, but are not limited to, a model equation or set of model equations, an exploratory
data analysis report (e.g., using the exploratory data analysis module 304 of FIG. 3),
automatically binning analysis report (e.g., using the automatic binning module 312 of FIG.
3), a gains chart or a set of gains chart, etc.

[00148] In some aspects, suitable program code (e.g., an SAS driver program) can perform
operations defined in a configuration macro and one or more main macros (e.g., macros
corresponding to the operations executed by any of modules 302, 304, 306, 308, 310, 312,
314, 316, 318, 320, 322, 324 of FIG. 3). In some aspects, one or more of the main macros can
include additional sub-macros. For example, in one implementation, 42 SAS and Python files
may be used to implement the automated model development tool and associated programs.
[00149] In some aspects, the use of the automated model development tool can reduce a
number of required inputs from a user. In one example, a user may modify an input file
including configuration parameters (e.g., by modifying a file used to specify parameters for
the model development tool), instruct a suitable application to execute a driver program (e.g.,
select a particular SAS file for execution), and select one or more input files with one or more
of data sets and entity attributes (e.g., predictor variables associated with the entity) used by
the automated model development tool. The automated model development tool can allow
users to input, select, or otherwise set modelling criteria. For example, a user may set
different modeling criteria such as chi square values, p-values, etc. User-provided values for
these criteria can change the model that is generated using the automated model development
tool.

[00150] In some aspects, a model developed using the automated model development tool
may have an improved Kolmogorov-Smirnov (“KS”) test score as compared to a manually
developed model. For example, FIG. 17A is a table 1702 depicting a performance of a model
developed using the automated model development tool on a sample data set and FIG. 17B is
a table 1704 depicting a performance of a manually developed model on the sample data set.
In the example depicted in FIG. 17A, the table 1702 includes data about the performance of
an analytical model developed using the automated model development tool. The table 1702

can indicates a KS test score for the model developed using the automated model
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development tool, which is 67.50. In the example depicted in FIG. 17B, the table 1704
includes data about a performance of a manually developed model (e.g., a model not
developed using the automated model development tool). The table 1704 indicates the KS
test score for the manually developed model, which is 66.05. As shown in FIGs. 17A and
17B, the KS test scores for the model developed using the automated model development tool
can indicate an improved performance of an analytical model developed using the automated
model development tool as compared to a manually developed model.

[00151] Any suitable device or set of computing devices can be used to execute the
automated model development tool described herein. For example, FIG. 18 is a block
diagram depicting an example of an automated model development server 104 (e.g., the
automated model development server 104 of FIG. 1) that can execute an automated model
development tool 102. Although FIG. 18 depicts a single computing system for illustrative
purposes, any number of servers or other computing devices can be included in a computing
system that executes an automated model development tool 102. For example, a computing
system may include multiple computing devices configured in a grid, cloud, or other
distributed computing system that executes then automated model development tool 102.
[00152] The automated model development server 104 can include a processor 1802 that is
communicatively coupled to a memory 1804 and that performs one or more of executing
computer-executable program instructions stored in the memory 1804 and accessing
information stored in the memory 1804. The processor 1802 can include one or more
microprocessors, one or more application-specific integrated circuits, one or more state
machines, or one or more other suitable processing devices. The processor 1802 can include
any of a number of processing devices, including one. The processor 1802 can include or
may be in communication with a memory 1804 that stores program code. When executed by
the processor 1802, the program code causes the processor to perform the operations
described herein.

[00153] The memory 1804 can include any suitable computer-readable medium. The
computer-readable medium can include any electronic, optical, magnetic, or other storage
device capable of providing a processor with computer-readable program code. Non-limiting
examples of a computer-readable medium include a CD-ROM, DVD, magnetic disk, memory
chip, ROM, RAM, an ASIC, a configured processor, optical storage, magnetic tape or other
magnetic storage, or any other medium from which a computer processor can read
instructions. The program code may include processor-specific instructions generated by a

compiler or an interpreter from code written in any suitable computer-programming
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language, including, for example, C, C++, C#, Visual Basic, Java, Python, Perl, JavaScript,
ActionScript, and PMML.

[00154] The automated model development server 104 may also include, or be
communicatively coupled with, a number of external or internal devices, such as input or
output devices. For example, the automated model development server 104 is shown with an
input/output (“I/O”) interface 1808 that can receive input from input devices or provide
output to output devices. A bus 1806 can also be included in the automated model
development server 104. The bus 1806 can communicatively couple one or more components
of the automated model development server 104.

[00155] The automated model development server 104 can execute program code for the
automated model development tool 102. The program code for the automated model
development tool 102 may be resident in any suitable computer-readable medium and may be
executed on any suitable processing device. The program code for the automated model
development tool 102 can reside in the memory 1804 at the automated model development
server 104. The automated model development tool 102 stored in the memory 1804 can
configure the processor 1802 to perform the operations described herein.

[00156] The automated model development server 104 can also include at least one
network interface 1810 for communicating with the network 110. The network interface 1810
can include any device or group of devices suitable for establishing a wired or wireless data
connection to one or more networks 110. Non-limiting examples of the network interface
1810 include an Ethernet network adapter, a modem, or any other suitable communication
device for accessing a network 110. Examples of a network 110 include the Internet, a
personal area network, a local area network (“LAN”), a wide area network (“WAN”), or a
wireless local area network (“WLAN”). A wireless network may include a wireless interface
or combination of wireless interfaces. As an example, a network in the one or more networks
110 may include a short-range communication channel, such as a Bluetooth or a Bluetooth
Low Energy channel. A wired network may include a wired interface. The wired or wireless
networks may be implemented using routers, access points, bridges, gateways, or the like, to
connect devices in the network 110. The network 110 can be incorporated entirely within or
can include an intranet, an extranet, or a combination thereof. In one example,
communications between two or more systems or devices in the computing environment 100
can be achieved by a secure communications protocol, such as secure sockets layer (“SSL”)

or transport layer security (TLS). In addition, data or transactional details may be encrypted.
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[00157] Various implementations of the systems, methods, and techniques described here
may be realized in digital electronic circuitry, integrated circuitry, specially designed ASICs
(application specific integrated circuits), computer hardware, firmware, software, and/or
combinations thereof. These various implementations may include implementation in one or
more computer programs that are executable and/or interpretable on a programmable system
including at least one programmable processor, which may be special or general purpose,
coupled to receive data and instructions from, and to transmit data and instructions to, a
storage system, at least one input device, and at least one output device.

[00158] These computer programs (also known as programs, software, software
applications or code) include machine instructions for a programmable processor, and may be
implemented in a high-level procedural and/or object-oriented programming language, and/or
in assembly/machine language. As used herein, the terms “machine-readable medium”
“computer-readable medium” refers to any computer program product, apparatus and/or
device (e.g., magnetic discs, optical disks, memory, Programmable Logic Devices (PLDs))
used to provide machine instructions and/or data to a programmable processor, including a
machine-readable medium that receives machine instructions as a machine-readable signal.
The term “machine-readable signal” refers to any signal used to provide machine instructions
and/or data to a programmable processor.

[00159] To provide for interaction with a user, the systems, methods, and techniques
described here may be implemented on a computer having a display device (e.g., a CRT
(cathode ray tube) or LCD (liquid crystal display) monitor) for displaying information to the
user, a keyboard, or a pointing device (e.g., a mouse or a trackball) by which the user may
provide input to the computer. Other kinds of devices may be used to provide for interaction
with a user as well; for example, feedback provided to the user may be any form of sensory
feedback (e.g., visual feedback, auditory feedback, or tactile feedback), and input from the
user may be received in any form, including acoustic, speech, or tactile input.

[00160] The systems and techniques described here may be implemented in a computing
system that includes a back end component (e.g., as a data server), or that includes a
middleware component (e.g., an application server), or that includes a front end component
(e.g., a client computer having a graphical user interface or a Web browser through which a
user may interact with an implementation of the systems and techniques described here), or
any combination of such back end, middleware, or front end components. The components of

the system may be interconnected by any form or medium of digital data communication
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(e.g., a communication network). Examples of communication networks include a local area
network (“LAN”), a wide area network (“WAN”), and the Internet.

[00161] The computing system may include clients and servers. A client and server are
generally remote from each other and typically interact through a communication network.
The relationship of client and server arises by virtue of computer programs running on the
respective computers and having a client-server relationship to each other.

[00162] The foregoing description of the examples, including illustrated examples, has
been presented only for the purpose of illustration and description and is not intended to be
exhaustive or to limit the subject matter to the precise forms disclosed. Numerous
modifications, adaptations, and uses thereof will be apparent to those skilled in the art
without departing from the scope of this disclosure. The illustrative examples described
above are given to introduce the reader to the general subject matter discussed here and are
not intended to limit the scope of the disclosed concepts.

General Considerations

[00163] Numerous specific details are set forth herein to provide a thorough understanding
of the claimed subject matter. However, those skilled in the art will understand that the
claimed subject matter may be practiced without these specific details. In other instances,
methods, apparatuses, or systems that would be known by one of ordinary skill have not been
described in detail so as not to obscure claimed subject matter.

[00164]  Unless specifically stated otherwise, it is appreciated that throughout this

2 2

specification discussions utilizing terms such as “processing,” “computing,” “calculating,”
“determining,” and “identifying” or the like refer to actions or processes of a computing
device, such as one or more computers or a similar electronic computing device or devices,
that manipulate or transform data represented as physical electronic or magnetic quantities
within memories, registers, or other information storage devices, transmission devices, or
display devices of the computing platform.

[00165] The system or systems discussed herein are not limited to any particular hardware
architecture or configuration. A computing device can include any suitable arrangement of
components that provides a result conditioned on one or more inputs. Suitable computing
devices include multipurpose microprocessor-based computer systems accessing stored
software that programs or configures the computing system from a general purpose
computing apparatus to a specialized computing apparatus implementing one or more aspects

of the present subject matter. Any suitable programming, scripting, or other type of language
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or combinations of languages may be used to implement the teachings contained herein in
software to be used in programming or configuring a computing device.

[00166] Aspects of the methods disclosed herein may be performed in the operation of
such computing devices. The order of the operations presented in the examples above can be
varied. For example, operations can be re-ordered, combined, broken into sub-blocks, or
some combination thereof. Certain operations or processes can be performed in parallel.
[00167] The use of “adapted to” or “configured to” herein is meant as open and inclusive
language that does not foreclose devices adapted to or configured to perform additional tasks
or steps. Additionally, the use of “based on” is meant to be open and inclusive, in that a
process, step, calculation, or other action “based on” one or more recited conditions or values
may, in practice, be based on additional conditions or values beyond those recited. Headings,
lists, and numbering included herein are for ease of explanation only and are not meant to be
limiting.

[00168] While the present subject matter has been described in detail with respect to
specific aspects thereof, it will be appreciated that those skilled in the art, upon attaining an
understanding of the foregoing, may readily produce alterations to, variations of, and
equivalents to such aspects. Any aspects or examples may be combined with any other
aspects or examples. Accordingly, it should be understood that the present disclosure has
been presented for purposes of example rather than limitation, and does not preclude
inclusion of such modifications, variations, or additions to the present subject matter as
would be readily apparent to one of ordinary skill in the art.

[00169] While the present subject matter has been described in detail with respect to
specific aspects and features thereof, it will be appreciated that those skilled in the art, upon
attaining an understanding of the foregoing may readily produce alterations to, variations of,
and equivalents to such aspects and features. Each of the disclosed aspects, examples, and
features can be combined with one or more of the other disclosed aspects, examples, and
features. Accordingly, it should be understood that the present disclosure has been presented
for purposes of example rather than limitation, and does not preclude inclusion of such
modifications, variations, or additions to the present subject matter as would be readily

apparent to one of ordinary skill in the art.
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Claims
1. A system comprising:
a processing device; and
a memory device communicatively coupled to the processing device, the processing
device being configured to execute instructions stored in the memory device to cause the
processing device to:
receive a data set including a plurality of predictor variables;
determine a type of a predictor variable in the plurality of predictor variables
for selecting a parameter for developing an analytical model using the data set,
wherein the type of the predictor variable includes a numeric type or a character type;
increase a predictive strength of at least some of the predictor variables having
the determined type by combining data associated with at least some of the predictor
variables based on a similarity between the data;
reduce a number of predictor variables in the data set by selecting a subset of
the predictor variables based on the predictive strength of each predictor variable in
the subset; and
develop the analytical model based on the combined data of the selected
subset of the predictor variables, wherein the analytical model is usable to determine a

relationship between the plurality of predictor variables and an output variable.

2. The system of claim 1, wherein the processing device is further configured to:

receive an additional data set describing a plurality of entities associated with the
plurality of predictor variables;

divide the additional data set based on a characteristic of the plurality of entities; and

determine the relationship between the plurality of predictor variables and the output
variable using the analytical model, wherein each predictor variable corresponds to a
transaction associated with an entity in the plurality of entities and the output variable

indicates a likelihood of the entity performing a task or satisfying a criterion.

3. The system of claim 1, wherein the processing device is configured to select the
subset of the predictor variables by performing operations comprising:

selecting a plurality of predictive models;

applying at least some of the predictor variables in the data set to the plurality of

predictive models to determine a degree to which each predictive model accurately predicts

43



WO 2016/164680 PCT/US2016/026582

output variables based on the predictor variables;

selecting a predictive model in the plurality of predictive models based on the
predictive model having a threshold level of accuracy;

determining the predictive strength of each predictor variable using the predictive
model; and

removing predictor variables having a predictive strength below a threshold predictive
strength from the data set to reduce the number of predictor variables in the data set, and
wherein the portion of the data set used to automatically develop the analytical model

includes the predictor variables having the threshold predictive strength.

4. The system of claim 1, wherein the processing device is configured to combine the
data by performing operations comprising:

calculating values of output variables associated with at least some of the predictor
variables;

comparing the values of output variables to a threshold degree of similarity between
the values; and

combining the data associated with the predictor variables based on the values of the
output variables associated with the predictor variables exceeding the threshold degree of

similarity to create a monotonic sequence for developing the analytical model.

5. The system of claim 1, wherein the processing device is configured to:

classify each of the predictor variables based on the type of each of the predictor
variables;

output data indicating the type of each predictor variable and a class of each predictor
variable; and

select the parameter of the analytical model based at least in part on the class or the

type of the predictor variable.

6. The system of claim 1, wherein the processing device is configured to determine the
predictive strength of each predictor variable by performing operations comprising:
determining a characteristic of a predictor variable, the characteristic including an
odds index, wherein the processing device is configured to determine the odds index based on
a ratio between positive outcomes and negative outcomes associated with the predictor

variable, wherein the odds index indicates a correlation between the predictor variable and a
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positive or negative outcome;

identifying a bivariate relationship associated with the predictor variable based on the
characteristic of the predictor variable; and

determining the predictive strength of the predictor variable based on the bivariate
relationship, wherein the predictive strength indicates an extent to which the predictor

variable can be used to predict a positive or negative outcome.

7. The system of claim 3, wherein the processing device is configured to reduce a
sparsity of the data set by performing operations comprising:

determining a missing amount of values associated with each predictor variable in the
plurality of predictor variables;

removing each predictor variable having a missing amount of values above a missing
value threshold from the data set;

receiving an outlier threshold value;

removing a predictor variable from the data set based on data associated with the
predictor variable being above or below the outlier threshold value; and

wherein the processing device is configured to develop the analytical model using the

data set having the reduced sparsity.

8. A method comprising:

receiving, by a processor, a data set including a plurality of predictor variables;

determining, by the processor, a type of a predictor variable in the plurality of
predictor variables for selecting a parameter for developing an analytical model using the
data set, wherein the type of the predictor variable includes a numeric type or a character
type;

increasing, by the processor, a predictive strength of at least some of the predictor
variables having the determined type by combining data associated with at least some of the
predictor variables based on a similarity between the data;

reducing, by the processor, a number of predictor variables in the data set by selecting
a subset of the predictor variables based on the predictive strength of each predictor variable
in the subset; and

developing, by the processor, the analytical model based on the combined data of the
selected subset of the predictor variables, wherein the analytical model is usable to determine

a relationship between the plurality of predictor variables and an output variable.
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0. The method of claim 8, further comprising:

receiving, by the processor, an additional data set describing a plurality of entities
associated with the plurality of predictor variables;

dividing, by the processor, the additional data set based on a characteristic of the
plurality of entities; and

determining, by the processor, the relationship between the plurality of predictor
variables and the output variable using the analytical model, wherein each predictor variable
corresponds to a transaction associated with an entity in the plurality of entities and the

output variable indicates a likelihood of the entity performing a task or satisfying a criterion.

10. The method of claim 8, wherein selecting the subset of the predictor variables based
on the predictive strength of each predictor variable in the subset includes:

selecting, by the processor, a plurality of predictive models;

applying, by the processor, at least some of the predictor variables in the data set to
the plurality of predictive models to determine a degree to which each predictive model
accurately predicts output variables based on the predictor variables;

selecting, by the processor, a predictive model in the plurality of predictive models
based on the predictive model having a threshold level of accuracy;

determining, by the processor, the predictive strength of each predictor variable using
the predictive model; and

removing, by the processor, predictor variables having a predictive strength below a
threshold predictive strength from the data set to reduce the number of predictor variables in
the data set, and wherein the portion of the data set used to automatically develop the

analytical model includes the predictor variables having the threshold predictive strength.

11. The method of claim 8, wherein combining data associated with at least some of the
predictor variables based on the similarity between the data includes:

calculating, by the processor, values of output variables associated with at least some
of the predictor variables;

comparing, by the processor, the values of output variables to a threshold degree of
similarity between the values; and

combining, by the processor, the data associated with the predictor variables based on

the values of the output variables associated with the predictor variables exceeding the
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threshold degree of similarity to create a monotonic sequence for developing the analytical

model.

12. The method of claim 8, wherein selecting the parameter for developing the analytical
model using the data set includes:

classifying, by the processor, each of the predictor variables based on the type of each
of the predictor variables;

outputting, by the processor, data indicating the type of each predictor variable and a
class of each predictor variable; and

selecting, by the processor, the parameter of the analytical model based at least in part

on the class or the type of the predictor variable.

13. The method of claim 8, further comprising:

determining, by the processor, the predictive strength of each predictor variable,
wherein determining the predictive strength of each predictor variable includes:

determining, by the processor, a characteristic of a predictor variable, the
characteristic including an odds index, wherein the processing device is configured to
determine the odds index based on a ratio between positive outcomes and negative outcomes
associated with the predictor variable, wherein the odds index indicates a correlation between
the predictor variable and a positive or negative outcome;

identifying, by the processor, a bivariate relationship associated with the predictor
variable based on the characteristic of the predictor variable; and

determining the predictive strength of the predictor variable based on the bivariate
relationship, wherein the predictive strength indicates an extent to which the predictor

variable can be used to predict a positive or negative outcome.

14. The method of claim 8, further comprising reducing a sparsity of the data set, wherein
reducing the sparsity of the data set includes:

determining, by the processor, a missing amount of values associated with each
predictor variable in the plurality of predictor variables;

removing, by the processor, each predictor variable having a missing amount of
values above a missing value threshold from the data set;

receiving, by the processor, an outlier threshold value;

removing, by the processor, a predictor variable from the data set based on data
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associated with the predictor variable being above or below the outlier threshold value; and
developing, by the processor, the analytical model using the data set having the

reduced sparsity.

15. A non-transitory computer-readable storage medium having program code that is
executable by a processor device to cause a computing device to perform operations, the
operations comprising:

receiving a data set including a plurality of predictor variables;

determining a type of a predictor variable in the plurality of predictor variables for
selecting a parameter for developing an analytical model using the data set, wherein the type
of the predictor variable includes a numeric type or a character type;

increasing a predictive strength of at least some of the predictor variables having the
determined type by combining data associated with at least some of the predictor variables
based on a similarity between the data;

reducing a number of predictor variables in the data set by selecting a subset of the
predictor variables based on the predictive strength of each predictor variable in the subset;
and

developing the analytical model based on the combined data of the selected subset of
the predictor variables, wherein the analytical model is usable to determine a relationship

between the plurality of predictor variables and an output variable.

16. The non-transitory computer-readable storage medium of claim 15, further
comprising program code to cause the computing device to perform the operations of’

receiving an additional data set describing a plurality of entities associated with the
plurality of predictor variables;

dividing the additional data set based on a characteristic of the plurality of entities;
and

determining the relationship between the plurality of predictor variables and the
output variable using the analytical model, wherein each predictor variable corresponds to a
transaction associated with an entity in the plurality of entities and the output variable

indicates a likelihood of the entity performing a task or satisfying a criterion.

17. The non-transitory computer-readable storage medium of claim 15, wherein the

operation of selecting the subset of the predictor variables based on the predictive strength of
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each predictor variable in the subset includes:

selecting a plurality of predictive models;

applying at least some of the predictor variables in the data set to the plurality of
predictive models to determine a degree to which each predictive model accurately predicts
output variables based on the predictor variables;

selecting a predictive model in the plurality of predictive models based on the
predictive model having a threshold level of accuracy;

determining the predictive strength of each predictor variable using the predictive
model; and

removing predictor variables having a predictive strength below a threshold predictive
strength from the data set to reduce the number of predictor variables in the data set, and
wherein the portion of the data set used to automatically develop the analytical model

includes the predictor variables having the threshold predictive strength.

18.  The non-transitory computer-readable storage medium of claim 15, wherein the
operation of combining data associated with at least some of the predictor variables based on
the similarity between the data includes:

calculating values of output variables associated with at least some of the predictor
variables;

comparing the values of output variables to a threshold degree of similarity between
the values; and

combining the data associated with the predictor variables based on the values of the
output variables associated with the predictor variables exceeding the threshold degree of

similarity to create a monotonic sequence for developing the analytical model.

19.  The non-transitory computer-readable storage medium of claim 15, wherein the
operation of selecting the parameter for developing the analytical model using the data set
includes:

classifying each of the predictor variables based on the type of each of the predictor
variables;

outputting data indicating the type of each predictor variable and a class of each
predictor variable; and

selecting the parameter of the analytical model based at least in part on the class or the

type of the predictor variable.
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20. The non-transitory computer-readable storage medium of claim 15, further
comprising program code to cause the computing device to perform the operation of
determining the predictive strength of each predictor variable, wherein the operation of
determining the predictive strength of each predictor variable includes:

determining a characteristic of a predictor variable, the characteristic including an
odds index, wherein the processing device is configured to determine the odds index based on
a ratio between positive outcomes and negative outcomes associated with the predictor
variable, wherein the odds index indicates a correlation between the predictor variable and a
positive or negative outcome;

identifying a bivariate relationship associated with the predictor variable based on the
characteristic of the predictor variable; and

determining the predictive strength of the predictor variable based on the bivariate
relationship, wherein the predictive strength indicates an extent to which the predictor

variable can be used to predict a positive or negative outcome.
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