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TRAINING TREE-BASED MACHINE-LEARNING MODELING ALGORITHMS
FOR PREDICTING OUTPUTS AND GENERATING EXPLANATORY DATA

Technical Field

[0001] The present disclosure relates generally to machine learning. More specifically,
but not by way of limitation, this disclosure relates to machine learning using tree-based
algorithms for emulating intelligence, where the tree-based algorithms are trained for
computing predicted outputs (e.g., a risk indicator or other predicted value of a response
variable of interest) and generating explanatory data regarding the impact of corresponding
independent variables used in the tree-based algorithms.

Background
[0002] Automated modeling systems can implement tree-based machine-learning

modeling algorithms that are fit using a set of training data. This training data, which can be
generated by or otherwise indicate certain electronic transactions or circumstances, is
analyzed by one or more computing devices of an automated modeling system. The training
data includes data samples having values of a certain output, which corresponds to a response
variable of interest in the model developed by the automated modeling system, and data
samples having values of various predictors, which correspond to independent variables in
the model developed by the automated modeling system. The automated modeling system
can be used to analyze and learn certain features or patterns from the training data and make
predictions from “new” data describing circumstances similar to the training data. For
example, the automated modeling system uses, as training data, sample data that contains at
least one output and relevant predictors. The automated modeling system uses this training
data to learn the process that resulted in the generation of response variables (i.e., the output
or other response variable) involving transactions or other circumstances (i.e., the predictors
or other independent variables). The learned process can be applied to other data samples
similar to the training data, thereby to predicting the response variable in the presence of
predictors or independent variables.

Summary
[0002a] According to a first aspect of the present disclosure, there is provided a system

including:

a processing device; and
one or more memory devices storing;:

instructions executable by the processing device, and

a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective
representative response values based on values of the splitting variables;
wherein the processing device is configured to access the one or more memory
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devices and thereby execute the instructions to:
identify independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity
or an observation of the entity and (ii) the response variable has a set of outcome
values associated with the entity,
generate, from one or more splitting rules, the tree-based machine-learning
model that includes decision trees for determining a relationship between each
independent variable and a predicted response associated with the response variable,
wherein the predicted response indicates a predicted behavior associated with the
entity,
iteratively adjust the tree-based machine-learning model to enforce
monotonicity with respect to the representative response values of the terminal nodes
by adjusting one or more decision trees such that one or more of the representative
response values are modified and a monotonic relationship exists between each
independent variable and the response variable, andoutput, based on the adjusted tree-
based machine-learning model having the monotonic relationship between each
independent variable and the response variable, explanatory data indicating
relationships between (i) changes in the response variable and (ii) changes in one or
more of the independent variables,
wherein the processing device is further configured to:
in a first iteration of adjusting the tree-based machine-learning model:
generate a decision tree by grouping data samples into terminal node
regions in accordance with splitting rules,
select a terminal node region of the decision tree,
determine that a monotonicity constraint is violated for a set of
representative response values that includes (i) a representative response value
for the terminal node region, (ii) representative response values for upper
neighboring regions of the terminal node region, and (iii) representative
response values for lower neighboring regions of the terminal node region, and
modify, based on the monotonicity constraint being violated, one or
more particular representative response values to enforce monotonicity by
smoothing among the set of representative response values;
in a second iteration of adjusting the tree-based machine-learning model:
determine that the monotonicity constraint is satisfied for a set of
modified representative response values that is generated by modifying the
one or more particular representative response values, and
output, based on the monotonicity constraint being satisfied, the
decision tree with the modified representative response values for inclusion in
the tree-based machine-learning model.

[0002b]  According to a second aspect of the present disclosure, there is provided a system
including:
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a processing device; and
one or more memory devices storing:
instructions executable by the processing device, and
a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective
representative response values based on values of the splitting variables;
wherein the processing device is configured to access the one or more memory
devices and thereby execute the instructions to:
identify independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity
or an observation of the entity and (ii) the response variable has a set of outcome
values associated with the entity,
generate, from one or more splitting rules, the tree-based machine-learning
model that includes decision trees for determining a relationship between each
independent variable and a predicted response associated with the response variable,
wherein the predicted response indicates a predicted behavior associated with the
entity,
iteratively adjust the tree-based machine-learning model to enforce
monotonicity with respect to the representative response values of the terminal nodes
by adjusting one or more decision trees such that one or more of the representative
response values are modified and a monotonic relationship exists between each
independent variable and the response variable, andoutput, based on the adjusted tree-
based machine-learning model having the monotonic relationship between each
independent variable and the response variable, explanatory data indicating
relationships between (i) changes in the response variable and (ii) changes in one or
more of the independent variables,
wherein the processing device is further configured to:
in a first iteration of adjusting the tree-based machine-learning model:
perform a first split in a decision tree by partitioning data samples into
a first tree region and a second tree region in accordance with the one or more
splitting rules,
compute (i) a first representative response value from first grouped
data samples in the first tree region and (ii) a second representative response
value from second grouped data samples in the second tree region,
identify a set of representative response values comprising the first
representative response value, the second representative response value,
representative response values for upper neighboring regions of the first
region, representative response values for lower neighboring regions of the
first region, representative response values for upper neighboring regions of
the second region, and representative response values for lower neighboring
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regions of the second region,

determine that a monotonicity constraint is violated for the set of
representative response values, and

modify the one or more splitting rules based on the monotonicity
constraint being violated;
in a second iteration of adjusting the tree-based machine-learning model:

modify the first split in the decision tree by regrouping the data
samples into a first modified tree region and a second modified tree region in
accordance with the modified one or more splitting rules;

compute (i) a first modified representative response value from first
regrouped data samples in the first modified tree region and (ii) a second
modified representative response value from second regrouped data samples in
the second modified tree region, wherein the first regrouped data samples
differ from the first grouped data samples and the second regrouped data
samples differ from the second grouped data samples,

identify a modified set of representative response values comprising
the first modified representative response value, the second modified
representative response value, representative response values for upper
neighboring regions of the first modified region, representative response
values for lower neighboring regions of the first modified region,
representative response values for upper neighboring regions of the second
modified region, and representative response values for lower neighboring
regions of the second modified region,

determine that the monotonicity constraint is satisfied for the modified
set of representative response values, and

perform a second split in the decision tree based on the monotonicity
constraint being satisfied.

[0002c] According to a third aspect of the present disclosure, there is provided a method
performed by one or more processing devices, the method including:

accessing a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective representative
response values based on values of the splitting variables;

identifying independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity or an
observation of the entity and (ii) the response variable has a set of outcome values associated
with the entity;

generating, from one or more splitting rules, the tree-based machine-learning model
that includes decision trees for determining a relationship between each independent variable
and a predicted response associated with the response variable, wherein the predicted
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response indicates a predicted behavior associated with the entity;
iteratively adjusting the tree-based machine-learning model to enforce monotonicity
with respect to the representative response values of the terminal nodes by adjusting one or
more decision trees such that one or more of the representative response values are modified
and a monotonic relationship exists between each independent variable and the response
variable;
outputting, based on the adjusted tree-based machine-learning model having the
monotonic relationship between each independent variable and the response variable,
explanatory data indicating relationships between (i) changes in the response variable and (ii)
changes in one or more of the independent variables, and
performing, by the one or more processing devices, operations comprising:
in a first iteration of adjusting the tree-based machine-learning model:
generating a decision tree by grouping data samples into terminal node
regions in accordance with splitting rules,
computing a set of representative response values for the terminal node
regions,
determining that a monotonicity constraint is violated for the set of
representative response values, and
modifying, based on the monotonicity constraint being violated, one or
more particular representative response values to enforce monotonicity by
smoothing among the set of representative response values;
in a second iteration of adjusting the tree-based machine-learning model:
determining that the monotonicity constraint is satisfied for a set of
modified representative response values that is generated by modifying the
one or more particular representative response values, and
outputting, based on the monotonicity constraint being satisfied, the
decision tree with the modified representative response values for inclusion in
the tree-based machine-learning model.

[0002d]  According to a fourth aspect of the present disclosure, there is provided a method
performed by one or more processing devices, the method including:

accessing a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective representative
response values based on values of the splitting variables;

identifying independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity or an
observation of the entity and (ii) the response variable has a set of outcome values associated
with the entity;

generating, from one or more splitting rules, the tree-based machine-learning model
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that includes decision trees for determining a relationship between each independent variable
and a predicted response associated with the response variable, wherein the predicted
response indicates a predicted behavior associated with the entity;
iteratively adjusting the tree-based machine-learning model to enforce monotonicity
with respect to the representative response values of the terminal nodes by adjusting one or
more decision trees such that one or more of the representative response values are modified
and a monotonic relationship exists between each independent variable and the response
variable; and
outputting, based on the adjusted tree-based machine-learning model having the
monotonic relationship between each independent variable and the response variable,
explanatory data indicating relationships between (i) changes in the response variable and (ii)
changes in one or more of the independent variables; and
performing, by the one or more processing devices, operations comprising:
in a first iteration of adjusting the tree-based machine-learning model:
performing a first split in a decision tree by partitioning data samples into a
first tree region and a second tree region in accordance with the one or more splitting
rules,
computing (i) a first representative response value from first grouped data
samples in the first tree region and (ii) a second representative response value from
second grouped data samples in the second tree region,
identifying a set of representative response values comprising the first
representative response value, the second representative response value, a
representative response values for a closest lower neighboring region of the first
region from a set of lower neighboring regions of the first region, and representative
response value for a closest upper neighboring region of the second region from a set
of upper neighboring regions of the second region,
determining that a monotonicity constraint is violated for the set of
representative response values, and
modifying the one or more splitting rules based on the monotonicity constraint
being violated;
in a second iteration of adjusting the tree-based machine-learning model:
modifying the first split in the decision tree by regrouping the data samples
into a first modified tree region and a second modified tree region in accordance with
the modified one or more splitting rules;
computing (i) a first modified representative response value from first
regrouped data samples in the first modified tree region and (ii) a second modified
representative response value from second regrouped data samples in the second
modified tree region, wherein the first regrouped data samples differ from the first
grouped data samples and the second regrouped data samples differ from the second
grouped data samples,
identifying a modified set of representative response values comprising the
first modified representative response value, the second modified representative
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response value, a representative response values for a closest lower neighboring
region of the first modified region from a set of lower neighboring regions of the first
modified region, and representative response value for a closest upper neighboring
region of the second modified region from a set of upper neighboring regions of the
second modified region,

determining that the monotonicity constraint is satisfied for the modified set of
representative response values, and

performing a second split in the decision tree based on the monotonicity
constraint being satisfied.

[0003] Various aspects of the present disclosure involve training tree-based machine-
learning models used in automated modeling algorithms. The tree-based machine-learning
models can compute a predicted response, e.g. probability of an event or expectation of a
response, and generate explanatory data regarding how the independent variables used in the
model affect the predicted response. For example, independent variables having relationships
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with a response varniable are identified. Each independent variable corresponds to an action
performed by an entity or an observation of the entity. The respounse variable has a set of
outcome valuecs associated with the entity. Splitting rules are used to gencrate the tree-based
machine-learning model. The trec-based machine-learning model includes deaision trees for
determining a relationship between each independent variable and a predicted response
associated with the response variable. The predicted response indicaies a predicted behavior
assoctated with the entity. The tree-based machine-fearning model 1s tteratively adjusted to
enforce monotonicity with respect to the representative response values of the terminal nodes.
For instance, one or more decision trees are adjusted such that one or more representative
response values are modified and a monotonic relationship exists between cach independent
variable and the response variable, The adjusted tree-based machme-leaming model is used to
cutput explanatory data indicating relationships between changes in the response variable and
changes in one or more of the independent variables.

[0004] This summary is not intended to identify key or essential features of the clammed
subject matter, nor 1s it intended to be used i 1solation 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 cach claim.

Brief Description of the Drawings

[0005] Features, aspects, and advantages of the present disclosure are better anderstood
when the following Detailed Description is read with reference to the drawings.

[0006] FIG. 1 15 a block diagram depicting an example of an operating environment in
which a model-development engine trains tree-based machine-learning models, according to
certain aspects of the present disclosure.

(0007} FIG. 2 is a block diagram depicting an example of the model-development engine
of FIG. 1, according to certain aspects of the present disclosure.

10008 FIG. 3 15 a flow chart depicting an example of a process for training a tree-based
machine-learning model for computing predicted outputs, according to certain aspects of the
present disclosure.

[0009] FIG. 4 15 a flow chart depicting an example of a process for identifying independent
variables to be used in the training process of FIG. 3, according to certain aspects of the present
disclosure.

[0010] FIG. 5 1s a flow chart depicting an example of a process for creating a decision tree
used in a tree-based machine-learning model in the process of FIG. 3, according to certain

aspects of the present disclosure.
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(0011} FIG. 615 a flow chart depicting an example of a process for creating a random forest
model that can be the tree-based machine-learning model in the process of FIG. 3, according
to certain aspects of the present disclosure.

[0012] FIG. 7 is a tlow chart depicting an example of a process for creating a gradient
boosted machine model that can be the tree-based machine-leaming model in the process of
FIG. 3, according to certain aspects of the present disclosure.

[0013] FIG. 8 1s a diagram depicting an example of a deciston tree in a tree-based machine~
fearning model that can be trained for computing predicted outputs and explanatory data,
according to certain aspects of the present disclosure.

[0014] FIG. 9 15 a diagram depicting an example of an alternative representation of the
decision tree depicted 1in FIG. 8, according to certain aspects of the present disclosure.

(0015} FIG. 10 is a flow chart depicting a an example of a process for enforcing
monctonicity among terminal nodes of a decision tree with respect to a relationship between a
response and predictors during tree construction with respect to a set of representative response
values ncluding representative response values from multiple neighboring tree regions,
according to cerfain aspects of the present disclosure.

[0016] FIG. 11 1isa flow chart depicting an example of a process for enforcing monotonicity
among terminal nodes of a decision tree with respect to a relationship between a response and
predictors during tree construction with respect to a himited set of representative response
values including representative response values from closest neighboring iree regions,
according to certain aspects of the present disclosure.

[06017] FIG. 12 1s a flow chart depicting an example of a process for enforcing monotonicity
among neighboring terminal nodes of a decision tree with respect to a relationship between a
response and predictors following tree construction, according to certain aspeats of the present
disclosure.

[0018] FIG. 1315 a flow chart depicting an example of a process for enforcing monotonicity
among terminal nodes of a decision tree with respect to a relationship between a response and
predictors following tree construction and without regard to neighbor relationships among the
terminal nodes, according to certam aspects of the present disclosure.

[0019] FIG. 14 1s a block diagram depicting an example of a computing system that can
cxecuic a tree-based machine-learning model-development engine for training a tree-based

machine-learning model, according to certain aspects of the present disclosure.
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Detailed Description

[0024] Certain aspects and features of the present disclosure involve training a tree-based
machine-lcarning model used by automated modeling algorithms, where a tree-based machine-
fcarning model can include one or more models that use decision frees. Examples of tree-based
machine-learning models include (but are not linited 1o} gradient boosted machine models and
random forest models. An automated modeling algorithm can use the tree-based machine-
lcarning model to perform a vanety of functions including, for example, utilizing various
mdependent varables and generating a predicted response associated with the independent
variables. Training the tree-based machine-learming model can involve enforcing monotonicity
with respect to one or more decision irees in the tree-based machine-learning model.
Monotonicity can include, for example, similar trends between independent variables and the
response variable {¢.g., a response variable increasing if an independent variable increases, or
vice versa). In some aspects, enforcing monotonicity can aliow the tree-based machine-
learning model to be used for computing a predicted response as well as generating explanatory
data, such as reason codes that indicate how different independent vanables impact the
computed predicted response.

[0021] A model-development tool can train a trec-based machine-lcarning model by
tteratively modifying splitting rules used fo generate one or more decision frees in the model.
For example, the model-development tool can determine whether values in the terminal nodes
of a decision tree have a monotonic relationship with respect to one or more independent
variables in the decision trec. In one example of a monotonic relationship, the predicted
response increases as the value of an independent vanable mereases (or vice versa). I the
model-development tool detects an absence of a required monotonic relationship, the model-
development tool can modify a splitting rule used to generate the decision tree. For example,
a splitting rule may require that data samples with independent vaniable values below a certain
threshold value are placed nto a first partition (1.¢., a left-hand side of a split} and that data
samples with independent variable values above the threshold value are placed into a sccond
partition (i.c., a right-hand side of a sphit). This splitting rule can be modificd by changing the
threshold value used for partitioning the data samples.

[0022] A model-development tool can also tram an unconstrained tree-based machine-
leaming model by smoothing over the representative response values. For example, the model-
development tool can determine whether values in the terminal nodes of a decision tree are
monotonic.  If the model-development tool detects an absence of a required monotonic

relationship, the model-development tool can smooth over the representative response values
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of the decision tree, thus enforcing mongctomicity. For example, a decision tree may require
that the predicted respounse increases if the decision tree is read from lfeft to right. I this
restriction is violated, the predicted responses can be smoothed (i¢., altered) to enforce
monotonicity.

[0023] In some aspects, traiming the tree-based machine-learning model by enforcing
monoctonicity constraints enhances computing devices that implement artificial otelligence.
The artificial intelligence can allow the same trec-based machine-lcarning model to be used for
determining a predicted response and for generating explanatory data for the independent
variables. For example, a tree-based machine-learning model can be used for determining a
level of risk associated with an entity, such as an individual or business, based on independent
variables predictive of risk that 1s associated with an enfity. Because monotonicity has been
enforced with respect to the model, the same tree-based maching-leaming model can be ased
to compute explanatory data describing the amount of impact that each independent variable
has on the value of the predicted response.  An exaraple of this explanatory data is a reason
code indicating an cffoct or an amount of tmpact that a given independent variable has on the
value of the predicied response. Using these tree-based machine-learning models for
computing both a predicted response and explanatory data can allow computing systems to
allocate process and storage resources more efficiently, as compared to existing computing
systems that require separate models for predicting a response and generating explanatory data.
[0024] In some aspects, tree-based machme-learming models can provide performance
mmprovements as compared to existing models that quantify a response variable associated with
mdividuals or other entities. For example, certain risk management models can be generated
using logistic regression models, where decision rules are used to defermine reason action code
assigrments that indicate the rationale for one or more types of nformation in a risk
assessment.

[0025] 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 hike elements, and directional descriptions are used
to describe the iHustrative examples but, like the illostrative examples, should not be used to
limit the present disclosure.

Operating environment example

[(026] Referring now to the drawings, FIG. 1 1s a block diagram depicting an example of

an operating environment 100 in which a machine-learning environment 106 trains trec-based
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machine-learning models. FIG. 1 depicts examples of hardware components of an operating
environment 100, according to some aspects. The operating environment 100 is a specialized
computing system that may be used for processing data using a large number of computer
processing cveles. The numbers of devices depicted in FIG. | are provided for illustrative
purposes. Different numbers of devices may be used. For example, while each device, server,
and system 1n FIG. 1 is shown as a single device, multiple devices may insicad be used.
(00271 The operating environment 100 may include a machme-leaming covironment 106,
The machine-leaming environment 106 may be a specialized computer or other machine that
processes the data received within the operating environment 100, The machine-learing
environment 106 may include one or more other systems. For example, the machine-learning
environment 106 may mclude a database system for accessing the network-attached data stores
110, a communications grid, or both. A commumcations grid may be a grid-based computing
system for processing large amounts of data.

[0028] The operating environment 100 may also include one or more network-attached
data stores 110. The network-attached data stores 110 can include memory devices for storing
data samples 112, 116 and decision tree data 120 to be processed by the machine-learning
cnvironment 106, In some aspects, the network-attached data stores 110 can also store any
mtermediate or final data generated by one or more components of the operating environment
100. The data samples 112, 116 can be provided by one or more computing devices 102a-c,
generated by computing devices 102a-c, or otherwise received by the operating environment
100 via a data network 104, The decision tree data 120 can be generated by the model~
development engine 108 using the data samples 112, 116

[0029] The data sampies 112 can have values for various mdependent variables 114, The
data samples 116 can have values for one or more response variables 118. For example, a large
number of observations can be generated by clectronic transactions, where a given observation
mcludes one or more independent variables {or data from which an mdependent variable can
be computed or otherwise derived}. A given observation can also include data for a response
variable or data from which a response variable value can be derived. Examples of independent
variables can imclude data associated with an entity, where the data describes behavioral or
physical traits of the entity, observations with respect to the entity, prior actions or fransactions
mvolving the entity {¢.g., mformation that can be sbtained from credit files or records, financial
records, consumer records, or other data about the activities or characteristics of the entity), or
any other traits that may be used to predict the response associated with the entity. In some

aspects, independent variables can be obtained from credit files, financial records, consumer
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records, ete. An amtomated modeling algorithm can use the data samples 112, 116 to leamn
relationships between the independent variables 114 and one or more response variables 118.
[0030] Network-attached data stores 110 may also store a variety of different types of data
organized n a variety of different ways and trom a variety of different sources. For example,
network-attached data stores 110 may inchude storage other than primary storage located within
machine-learning environment 106 that is directly accessible by processors located thercin.
Metwork-attached data stores 110 may include secondary, tertiary, or auxiliary storage, such as
farge hard drives, servers, virtual memory, among other types. Storage devices may include
portable or non-portable storage devices, optical storage devices, and various other mediims
capable of storing or contaiming data. A machine-readable storage medium or computer-
readable storage medivm may mclude a non-transitory medium in which data can be stored
and that does not inclade carrier waves or transifory electronic signals. Examples of a non-
transitory medium may include, for example, a magnetic disk or tape, optical storage media
such as compact disk or digital versatile disk, flash memory, memory or memory devices.
[0031] The operating environment 100 can also include one or more computing devices
102a-¢. The computing devices 102a-c may include client devices that can communicate with
the machine-learning environment 106, For example, the computing devices 102a~c may send
data to the machine-learning environment 106 to be processed, may send signals to the
machine-learning environment 106 to control different aspects of the computing environment
or the data it is processing. The computing devices 102a-¢c may interact with the machine-
carning environment 106 via one or more networks 104,

[0032] The computing devices 102a~¢ may mclude network computers, sensors, databases,
or other devices that may transmit or otherwise provide data to the machine-lecarning
environment 106. For example, the computing devices 102a-¢c may include local area network
devices, such as routers, hubs, switches, or other computer networking devices.

[0033] Fach communication within the operating environment 100 may occur over one or
more networks 104, Networks 104 may inclade 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. Examples of suitable networks include the Internet, a personal area network,
alocal area network ("LANY, a wide area network ("WAN), or a wireless local area network
{"WLAN"). A wireless network may include a wireless interface or combination of wircless
mterfaces. A wired network mayv include a wired mterface. The wired or wireless networks
may be mmplemented using routers, access points, bridges, gateways, or the bike, to connect

devices 1n the network 104, The networks 104 can be incorporated entirely within {or can
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mchide} an intranet, an extranet, or a combination thereof. In one example, compuumications
between two or more systems or devices 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.

[0034] The machine-fearning environment 106 can include one or more processing devices
that execute program code stored on a non-transitory computer-readable medium. The program
code can mehude a model-development engine 108,

[0035] The model-development engine 108 can generate decision tree data 120 using one
or more splitting roles 122 and store representative response values 123, A splitting rule 122
can be used to divide a subsct of the data samples 116 (i.¢, response vanable values) based on
the corresponding data samples 112 (1.e., independent variable values). Forinstance, a splitting
rule 122 may divide resposse variable values into two partitions based on whether the
corrgsponding independent variable values are greater than or less than a threshold independent
variable value. The model-development engine 108 can wteratively update the splitting rules
122 to enforce monotonic relationships in a tree-based machine-learning model, as described
in detal herein. A representative response value 123 can be, for example, a value assoctated
with a terminal node in a decision trec. The representative respounse value 123 can be computed
from data samples in a partition corresponding to the termunal node. For example, a
representative regponse value 123 may be a mean of responae variable values in a subset of the
data samples 116 within a partition corresponding to the terminal node (i.e., a node without
child nodes).

[0036] The operating environment 100 may also include one or more automated modeling
systems 124, The machine-learning environment 106 may route select communications or data
to the antomated modeling systems 124 or one or more servers within the automated modeling
systems 124, Automated modeling systems 124 can be configured to provide information in a
predetermined manner. For example, avtomated modeling svstems 124 may access data to
transmit in response o a communication. Different avtomated modeling svstems 124 may be
separately housed from cach other device within the operating enviroment 100, such as
machine-learning environment 106, or may be part of a device or system. Automated modeling
systems 124 may host a variety of different types of data processing as part of the operating
environment 100, Automated modeling systems 124 may reccive a variety of different data
from the computing devices 102a-~c, from the machine-learning environment 106, from a cloud

network, or from other sources.
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0037} Examples of automated modeling systems 124 include a mainframe computer, a
grid computing system, or other computing system that execuies an automated modeling
algorithm, which uses tree-based machine-learning models with learned relationships between
mdependent vanables and the response variable. In some aspects, the automated modeling
system 124 can execuic a predictive response application 126, which can utilize a tree-based
machine-learning model optimized, trained, or otherwise developed using the model-
development engine 108, o additional or alternative aspects, the automated modeling system
124 can execute one or more other applications that generate a predicted response, which
describe or otherwise indicate a predicted behavior associated with an entity. These predicted
outputs can be generated using a tree-based maching-leaming model that has been trained using
the model-development engine 108,

[0038] Traiming a trec-based machine-learning model for use by the automated modeling
system 124 ¢an mvolve cnsuring that the tree-based maching-leaming model provides a
predicted response, as well as an oxplanatory capabiity.  Certain predictive rosponse
applications 126 require using models having an explanatory capability.  An explanatory
capability can involve generating explanatory data such as adverse action codes (or other
rcason codes) associated with independent vanables that are included in the model. This
explanatory data can indicate an effect or an amount of impact that a given independent vanable
has on a predicted response generated using an automated modeling algorithm.

[0039] The model-development engine 108 can include one or more modules for
generating and training the tree-based machine-learning model. For example, FIG. 2 is ablock
diagram depicting an cxample of the model-development engime 108 of FIG. 1. The model-
development engine 108 depicted 1n FIG. 2 can inchude various modules 202, 204, 206, 208,
210, 212 for generating and training a tree-based machme-leaming model, which can be used
for generating a predicted response providing predictive information.  Each of the modules
202, 204, 206, 208, 210, 212 can include one or more instructions stored on a computer-
readable medium and executable by processors of one or more computing systems, such as the
machine-lcarning environment 106 or the automated modeling system 124, Executing the
mstructions causes the model-development engine 108 to generate a tree-based machine-~
learming model and train the model. The trained model can generate a predicted response, and
can provide explanatory data regarding the generation of the predicted response {e.g., the
impacts of certain independent variables on the generation of a predicted response).

[(040] The model-development engine 108 can use the independent vanable module 202

for obtaining or receiving data samples 112 having values of multiple independent variables
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114, In some aspects, the independent variable module 202 can include instructions for causing
the model-development engine 108 to obtain or receive the data samples 112 from a suitable
data structure, such a database stored in the network-attached data stores 110 of FIG. 1. The
mdependent variable module 202 can use any mndependent variables or other data suitable for
assessing the predicted response associated with an entity. Examples of independent variables
can include data associated with an entity that describes observations with respect to the entity,
prior actions or transactions involving the entity {e.g., mformation that can be obtained from
credit files or records, financial records, consumer records, or other data about the activities or
characteristics of the entity), behavioral or physical traits of the entity, or any other traits that
mayv be used to predict a response associated with the entity. In some aspests, independent
variables 114 can be obtained from credit files, financial records, consumer records, etc.
(0041} In some cases, the model-development engine 1068 can mnclade an independent
variable analysis module 204 for analyzing various independent varables. The independent
variable analysis module 204 can include instructions for causing the modcel-development
engine 108 to perform various operations on the independent variables for analyzing the
independent variables.

[0042] For example, the independent varnable analysis module 204 can perform an
exploratory data analysis, in which the mdependent vanable analysis module 204 determines
which independent variables are useful in explaining varablity in the response variable of
mterest. Analysis module 204 can also be used to determine which independent variables are
useful in explating the varability in the response variable. An ¢xarmple of this would be
utilizing machine learning algorithms that provided for measures of an independent variables
mmportance. Importance can be measured as how much an independent variable contributes to
explaining the variability in the response variable. The independent variable analysis module
204 can also perform exploratory data analyvsis 1o ideniify trends associated with mdependent
variables and the response variable of mterest.

10043} The model-development engine 108 can also include a treatment module 206 for
enforcing a monotonic relationship between an independent variable and the response variable.
In some aspects, the treatment module 206 can execute one or more algorithms that apply a
variable treatment, which can force the relationship between the independent vanable and the
response variable to adhere to know business rules. Examples of functions used for applying
a variable treatment include (but are not limited to) binning, capping or flooring, imputation,

substitution, recoding vaniable values, ete.
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[0044] The modei-development engine 108 can also include an mdependent variable
reduction module 208 for identifying or determining a set of independent variables that are
redundant, or do not contribute to cxplaining the variability in the response variable, or do not
adhere to known business rules. The independent variable reduction module 208 can execute
one or more algorithms that apply one or more preliminary vanable redaction technigues.
Preliminary variable reduction techoigques can include rejecting or removing independent
variables that do not explain variability in the respounse variable, or do not adhere to known
business rules.

[0045] In some aspects, the model-development engine 108 can include a machine-
leaming model module 210 for generating a tree-based machime-leaming model. The machine-
caming model module 210 can include mstructions for causing the model-development engine
108 to exccute one or more algorithms o generate the tree-based machine-learning model.
[0046] A tree-based machine-learning model can be generated by the machine-learning
module 210. Examples of a tree-based machine-learning model include, but are not lumited to,
random forest models and gradient boosted machines. In certain tree-based machine-leaming
models, decision trees can partition the response variable into disjoint homogencous regions
within the independent variable space. This results in a step or piecewise approximation of the
underlving function m the independent vanable space (assumung continuous ndependent
variables). Gradient boosted machine and random forest models are ensembles of these
decision trees.

{00471 In some aspects, the machine-learning model module 210 includes mstructions for
causing the model-development engine 108 to gencrate a tree-based machine-leaming model
using a set of independent variables. For example, the model-development engine 108 can
generate the tree-based machine-learning model such that the tree-based machine-learning
model enforces a monotonic relationship between the response variable and the set of
mndependent variables identified by the independent vanable reduction module 208,

[0048] The model-development engine 108 can generate any type of tree-based machine-
learning model for computing a predicted response. In some aspects, the model-development
enging can generate a tree-based machine-learning model based on one or more criteria or rules
obtamned from industry standards. In other aspects, the model-development engine can
generaie a tree-based machine-learning model without regard to criteria or rules obtained from
mdustrv standards.

[(}049] In some aspects, the model-development engine 108 can generate a tree-based

machine-learning model and use the tree-based machine-learning model for computing a
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predictive response value, such as a credit score, based on independent variables. The modei-
development engine 108 can train the tree-based machine-leaming model such that the
predicted response of the model can be explained. For instance, the modci-development engine
108 can mclude a trating module 212 for traiung the tree-based machine-learning model
generated using the model-development engine 108, Training the trec-based machine-learming
model can allow the same tree-based machine-learning model to identify both the predicted
response and the 1mpact of an mdependent variable on the predicted response. Examples of
training the tree-based machine-learning model are described herein with respect to FIG. 3.
00507 In some aspects, a traming module 212 can adjust the tree-based machine-lcarning
maodel. The training module 212 can include instructions to the model-development engine
108 to deternune whether a relationship between a given independent variable and the predicted
response vahue 1s monotonic. A monotonic relationship exists between an independent vanable
and the predicted response value if a value of the predicted response increases as a value of the
mdependent variable increascs or if the value of the predicted response value decreases as the
value of the mdependent vanable decreases. For mstance, if an exploratory data analysis
indicates that a positive relationship exists between the response variable and an independent
variable, and a tree-based machine-learning model shows a negative relationship between the
response variable and the mdependent varable, the tree-based machine-learning model can be
modified. The architecture of the tree-based machine-leaming model can be changed by
modifying the sphitting rules used to generate decision trees in the tree-based machine-learning
model, by climmating one or more of the mdependent variables from the trec-based machine-
learning model, or some combination thercof.

0051} Training the trec-based machine-learning model in this manner can allow the
model-development engine 108, as well as predictive response application 126 or other
automated modeling algorithms, to use the model to deternmine the predicted response values
ustng independent variables and to determine assoctated explanatory data (¢.g., adverse action
o1 reason codes). The model-development engine 108 can output one or more of the predictive
response values and the explanatorv data associated with onc or more of the independent
variables. In some applications used to generate credit decisions, the model-development
engine 108 can use a tree-based machine-learning model to provide recommendations to a
consumer based on adverse action codes or other explanatory data. The recommendations may
indicate one or more actions that the consumer can take to improve the predictive response

value (e.g., improve a credit score).
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[0052] FIG. 3 15 a flow chart depicting an example of a process 300 for training a tree-
based machine-learning model. For illustrative purposes, the process 300 is described with
reference to various examples described herein. But other tmplementations are possible.
[0053] The process 300 can involve identifying independent vanables having an
explainable relationship with respect to a response variable associated with a predicted
response, as depicted i block 302, For example, the machine-fearning model module 210 can
identify a set of mdependent varnables to be used n a tree-based machine leaming model based
on, for example, one or more user inputs received by the machine-learning environment. Hach
of the independent variables can have a positive relationship with respect to a response vanable,
mn which the response variable’s value increases with an increase in the independent variable’s
value, or a negative relationship with respect to a response variable, in which the response
variable’s value decreases with a decrease in the independent vartable’s value. In a simplified
example, an independent variable can be a number of financial delinquencics, a response
variable can be a certain outcome (¢.g., a good/bad odds ratio) having different outcone values
{c.g., the values of the good/bad odds ratio), and a predicted response can be a credit score or
other rigk indicator. But other types of independent variables, response vanables, and predicted
responses may be used.

[0054] A set of predicted response values can mclude or otherwise mdicate degrees to
which the entity has satisfied a condition. A given relationship is explainable if, for example,
the relationship has been derived or otherwise identified using one or more operations
described herein with respect to FIG. 4. For example, an explainable relationship can involve
a trend that is monotonic, does not violate any regulatory constraint, and satisfies relevant
business rules by, for example, treating similarly situated entitics in a similar manner. In some
aspects, each independent variable can correspond to actions performed by one or more entities,
observations with respect to one or more entities, or some combination thercof. One or more
of the independent vanable module 202, the independent variable analysis module 204, the
treatment module 206, and the independent variable reduction module 208 can be executed by
onc or more suitable processing devices to implement block 302, Executing one or more of
these modules can provide a set of independent vanables having pre-determuned relationships
with respect to the predicted response. The model-development engine 108 can identify and
access the set of independent variables for use in generating tree-based machine-lcarning
maodels {¢.g., a gradient boosted machine, a random forest model, etc.).

[(035] The process 300 can also involve using one or more splitting rules o gencrate a

sphit in a tree-based machine-learning mode! that mcludes decision trees for determining a
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relationship between cach independent variable and the response variable, as depicted in block
304. For example, the machine-learning model module 210 can be executed by one or more
processing devices. Executing the machine-leaming model module 210 can generate a gradient
boosted machine, a random forest model, or another tree-based machine-learning model.
[0056] Generating the tree-based machine-leaming models can involve performing a
partition in a deciston tree. In a simplified example, {y;, x; 17 can be a data sample in which y;
is the response variable of interest and X ={x;,..,%,} is a p-dimensional vector of
independent variables. In this example, X = {x;}} is the 1 X p space containing all x veciors.
The data samples can be partitioned based on the independent variable values. For instance, a
splitting rule may specify that partitions are formed based on whether an element of X is greater
than or less than some threshold, §. The machine-learning module 210 applics the splitting
rule by assigning data samples it which the independent variable value is less than € into a
first group and assigning data samples in which the independent variable value 1s greater than
8 into a second group. The machine-learning module 210 also computes a representative
response value for each group by, for example, computing a mean of the response variable
values in the first group and a mean of the response variable values in the second group.
Examples of generating a decision tree are described herein with respect to FIGS. 5-9.

[0057] The process 300 can also involve determining whether a monotonic relationship
exists between each independent variable and the response variable based on representative
response values for nodes of one or more of the decision trees, as depicted in block 306, For
gxample, the training module 212 can be exccuted by one or more suitable processing devices.
Executing the tramng module 212 can cause the machine-learning environment 106 to
determine whether the relationship exists between independent vanable values and predicted
response values. Detaled examples of monotonicity with respect to decision trees are
described herein with respect to FIGS. 8-13,

[0058] In some aspects, the training module 212 can evaluate the relationships after each
split 1s performed, with at least some evaluations being performed prior to a decision tree being
completed. Examples of cvaluating the monotonicity afier cach split is performed are
described herein with respect to FIGS. 10 and 11. In some aspects, the traiming module 212
can evaluate the relationship after a tree has been completed. Hxamples of evaluating the
monotonicity after a decision tree has been completed are descnibed herein with respect to

FIGS. 12 and 13.
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[0059] If the monotonic relationship does not exist with respect to one or more independent
variables and the predicted output, the process 300 can also involve adjusting one or more of
the decision trecs such that one or more of the representative response valucs are modified, as
depicted i block 308. One or more of the machine-leaming model module 210 and the traming
modufe 212 can be exccuted by one or more suitable processing devices to implement block
308.

[0060] In some aspects, executing one or more of these modules can modify one or more
sphitting rules used to generate the free~based machine-leaming model. For example, block
309 indicates that an adjustment to a tree-based machine-learning model can involve modifying
a splitting rule, which can result in at least some representative response values being modified.
Examples of modifving the sphitting rules are described herein with respect to FIGS. 10 and
11. In these aspects, the process 300 can retam to block 304 and perform another iteration
using the modified splitting rules.

(0061} In additional or altcrnative aspects, executing one or more of these modules can
cause targeted changes to specific representative response values without modifying splitting
rules (e.g., changing a set of adjacent representative response values to their mean or otherwise
smoothing over these values). For example, block 309 indicates that an adjustment to a tree-
based machine-learning model can mvolve these targeted changes to specific representative
response values. Examples of making targeted changes to specific representative response
values are described herein with respect to FIGS. 11 and 12, In these aspects, the process 300
can retum to block 306 and verify that the adjustment has resulted in the desired monotonicity.
[0062] If the monotonic relationship exists between each ndependent vanable and the
predictive output, the process 300 can proceed to block 310. At block 319, the process 300 can
mvolve outputting, using the adjusted tree-based machine-learning model, explanatory data
mdicating relationships between changes in the predicted response and changes in at least some
of the independent variables evaluated at block 306. For example, one or more of the model-
development engine 108 or the predictive response application 126 can be execuied by one or
more suitable processing devices to implement block 310, Exccuting the modcl-development
engine 108 or the predictive response application 126 can nvolve using the tree-based
machine-learming model to generate explanatory data that describes, for example, relationships
between certain independent variables and a predicied response {(e.g., a risk indicator)
generated using the trec-based machine-leaming model.

[(063] FIG. 3 presents a simplified example for lustrative purposes. In some aspects, the

tree-based machine-fearning model can be built in a recursive, binary process in which the tree-
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based maching-learming model grows until certain critenia are satisfied {(e.g., number of
observations in a terminal node, ¢tc.).

Selectrion of independent variables for model training

[0064] In some aspects, the model-development engine 108 can identify the independent
variables used in the process 300 by, for example, identifving a set of candidate independent
variables and determuning relationships between the candidate mdependent variable and the
response varable.

[0065] For example, FIG. 4 is a flow chart depicting an example of a process 400 for
ientifying independent vanables to be used in training a tree-based machine-leaming model.
For illustrative purposes, the process 400 is described with reference to various ¢xamples
described herein. But other implementations are possible.

0066} In block 402, the process 400 mvolves identifving a set of candidate independent
variables. For example, the model-development engine 108 can obtain the independent
variables from an independent variable database or other data structure stored m the network-
attached data stores 1 10.

[0067] In block 404, the process 400 mvolves determining a relationship between each
mdependent variable and a response vanable. In some aspects, the model-development engine
108 determunes the relationship by, for example, using the mdependent vanable analysis
module 204 of FIG. 2. The model-development engine 108 can perform an exploratory data
analysis on a set of candidate independent variables, which involves analyzing cach
mdependent variable and determining the relationship between cach independent variable and
the response variable. In some aspects, a measure {¢.g., correlation) of the relationship between
the ndependent vanable and the response varable can be used to quantify or otherwise
determine the relationship between the independent variable and response variable.

[(068] In block 406, the process 400 mvolves enforcing a monotonic relationship {e.g., a
positive monotonic relationship or a negative monotonic relationship) between cach of the
independent variables and the response variable. For example, a monotonic relationship exists
between the independent variable and the response variable if the response variable increases
as the independent varable mncreases or if the response variable decreases as the independent
variable increases.

00691 The model-development engine 108 can identify or determine a set of independent
variables that have a pre-specified relationship with the response variable by, for example,

using the mdependent vaniable reduction module 208 of FIG. 2. In some aspects, the model-
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development engine 108 can also reject or remove independent variables that do not have a
monotonic relationship with the response variable.

Examples of building and training tree-based machine-leqrning models

[0070] In some aspects, the model-development engine 108 can be used to generate tree-
based machine-learming models that comply with one or more constraints imposed by, for
example, regulations, business policies, or other critenia used to generate risk evaluations or
other predictive modeling outputs. Examples of these tree-based machine-leaming models
mclude, but are not limited to, gradient boosted machine models and random forest models. The
tree-based machine-leaming models generated with the model-development engine 108 can allow
for nonlinear relationships and complex nonlincar mieractions. The model-development
engine 108 can generate these tree~based machine-learning models subject to, for example, a
monotonicity constraint.  In some aspects, the tree-based machine-learning models can also
provide mproved predictive power as compared to other modeling technigues {¢.g., logistic
regression), while also being usable for gencrating explanatory data {c.g., adverse action rcason
codes) indicating the relative impacts of different independent vanables on a predicted
response {€.g., a risk indicator).

[0071] FIG. 5 depicts an example of a process 500 for creating a decision trec. For
tustrative purposes, the process 300 is described with reference to various examples deseribed
herein. But other implementations are possible.

00721 In block 502, the process 300 mvolves accessing an objective function used for
constructing a decision tree. For exaraple, the model-development engine 108 can retrieve the
objective function from a non-fransitory computer-readable medium. The objective function
can be stored in the non-transitory computer-readable mediam based on, for example, one or
more user inputs that define, specify, or otherwise identify the objective function. In some
aspects, the model-development engine 108 can retrieve the objective function based on one or
more user inputs that identify a particular objective function from a set of objective functions
{e.g.. by sclecting the particular objective function from a menu}.

(00731 In block 504, the process 500 involves determiunung a set of partitions for respective
mdependent vanables, where each partition for a given independent vanable maximizes the
objective function with respect to that independent variable. For instance, the model-
development engineg 108 can partition, for cach mdependent variable in the set X, a
corresponding set of the data samples 112 (i.e., independent variable vahlies). The model-
development engine 108 can determine the various partitions that maximize the objective

function.
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[0074] In block 306, the process 500 involves selecting, from the set of partitions, a
partition that maximizes the objective fimation across the determined set of partitions. For
mstance, the model-development engine 108 can sclect a partition that results in an overall
maximized value of the objective function as compared to each other partition in the set of
partitions.

(00751 In block 508, the process 300 mvolves performing a split corresponding to the
selected partition. For example, the model-development engine 108 can perform a split that
results in two child node regious, such as a left-hand region R; and a right-hand region Rjp.
[0076] In block 510, the process 500 involves determining if a tree-completion criterion
has been encountered. Examples of tree-completion criterion include, but are not hmited to:
the tree is butlt to a pre-specified number of terminal nodes, or a relative change in the objective
function has been achieved. The model-development engine 108 can access one or more tree-
completion crieria stored on a non-transitory computer-readable medium and determine
whether a current state of the decision tree satisfies the accessed tree-completion criteria.
not, the process 500 retums to block 508, If so, the process 300 outputs the decision tree, as
depicted at block 512, Outputting the decision tree can include, for example, storing the
decision tree in a non-transitory computer-readable mediom, providing the decision tree to one
or more other processes, presenting a graphical representation of the decision tree on a display
device, or some combination thereof.

(0077} Regression and classification trecs partition the independent variable space nto
disjoint regions, Ry, (k = 1, ..., K). Each region is then assigned a representative response value
Bi. A decision tree T can be specified as:

T(x:8) = Y., Bl (x € Ry, M
where @ = {Ry, 5. }F, () = 1 if the argument is true and O otherwise, and all other variables
previously defined. The parameters of Equation (1) are found by maxinizing a specified
objective function L:

® = argmaxg T, L(y,, T(x;; 8)). @
The estimates, B, of @ can be computed using a greedy (i.¢. choosing the split that maximizes
the objective function), top-down recursive partitioning algorithm, after which estimation of
B is superficial (.. B = f(y: € Re)).
[0078] A random forest model is generated by building independent trees using bootstrap
sampling and a random sclection of independent variables as candidates for splitting each node.

The bootstrap sampling involves sampling certam traiming data {e.g., data samples 112 and
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116} with replacement, so that the pool of available data samples is the same between different
sampling operations. Random forest models are an ensemble of independently built tree-based
maodels. Random forest models can be represented as:

Fa (26 @) = q Zey T3 €10, 3
where M is the number of independent trees to build, & = {8,,}) , and g is an aggregation
operator or scalar {e.g., ¢ = M~ for regression), with all other variables previously defined.
(00797 FIG. 6 1s a flow chart depicting an example of a process 600 for creating a random
forest model. For illustrative purposes, the process 600 is described with reference to vartous
examples described herein. But other implementations are possible.

[(080] In block 602, the process 600 involves identifving a number of trees for a random
forest model. The model-development engine 108 can select or stherwise identify a number
M of independent trees to be included in the random forest model. For example, the namber
M can be stored in a non-fransitory computer-readable medium accessible to the model-
development engine 108, can be received by the model-development engine 108 as auser input,
o1 some combination thereof.

[0081] In block 604, the process 600 mvolves, for cach tree from 1. M, sclecting a
respective subset of data samples to be used for building the tree. For example, for a given set
of the trees, the model-development engine 108 can exccute one or more specified sampling
procedures to sclect the subset of data samples. The selected subset of data samples is a
bootstrap sample for that tree.

0082} In block 606, the process 600 involves, for each tree, exccuting a tree-building
algorithm to generate the tree based on the respective subset of data samples for that tree. In
block 606, the process 600 involves tor each split in the trec building process to sclect & out of
p independent vanables for use in the splitting process using the specified objective function..
For example, for a given set of the trees, the model-development engine 108 can execute the
process 500.

[0083] In block 608, the process 600 involves combining the gencrated decision trees into
a random forest model.  For example, the model-development engine 108 can generate a
random forest model Fyy by summing the generated decision trees according to the function
Ew(xi ﬁ) = g Simey Tm(x; @m)

[0084] In block 610, the process 600 mvolves outputting the random forest model
Outputting the random forest model can include, for example, storing the random forest model

in a non-transitory computer-readable medium, providing the random forest model to one or
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more other processes, presenting a graphical representation of the random forest model on a
display device, or some combination thereof.
[0085] Gradient boosted machine models can also utilize tree-based models. The gradient

boosted machine model can be gencralized to mernbers of the underlving exponential fanuly

of distributions. For example, these models can use a vector of responses, ¥y = {y; 17, satisfying
¥ =i+ oe, (4)

and a differentiable monotonic link function F () such that
() = Y=y Tn(x: @), )

where, m=1,..,M and 8 = {R,, £, }¥ . Equation (5) can be rewritien in a form more
reminiscent of the generalized linear model as
where, X, is a design matrix of rank k such that the elements of the i*" column of X,,, include
evaluations of /(x € R,) and §,, = {#}F. Here, X,, and 8,, represent the design matrix (basis
functions) and corresponding representative response values of the m™ tree. Also, € is a vector
of unobserved errors with E{e|g) = @ and

covie|p) = R, (7
Here, Ry, 1s a diagonal matrix containing evaluations at # of a known variance function for the
distribution under consideration.
[0086] Estimation of the parameters in Equation (5) involves maximization of the objective
function

G — ar noor Moo . \
= argimaxg Zi:l L{yif Elm:l "Trl(xi> @m))‘ (8,3
In some cases, maximization of Eqguation (#) is computationally expensive. An alternative to
direct maximization of Equation (8) is a greedy stagewisc approach, represcuted by the

following function:

Thus,
En(ﬁ) = Tm(x)‘ 9'm) +V {10)
where, v = JTNF () = S5 T:{x; ©).

100871 Methods of estimation for the generalized gradient boosting model at the m'"
tteration are analogous to estimation in the generalized linear model. Let @, be known
cstimates of 8, and i is defined as

B=FE (0 8,) +v]. (i1
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Letting
z= R () + B (D - a2 —v (12
then, the following equivalent representation can be vsed:
Zi@mNNETm(X; @m) , F-r;:(ﬁ)kﬁfrg(ﬁ)} {13)

Letting ,,, be an unknown parameter, this takes the form of a weighted least squares

regression with diagonal weight matrix

W=RF (@ (i4)
Table 1 includes examples of various canonical link functions W = R
Table 1
Distribution F{uw) Weight

Binomial togfu/(1 — w] TTERETY

Poisson log(1) i

Gamma ot T

Gaussian i 1

[0088] The response Z is a Taylor serics approximation to the linked response F{(¥) and is
analogous to the modified dependent variable used 1o tteratively reweighted least squares. The
objective function to maximize corresponding to the model for z is

; 1, Lo To—ifu  m fo. n

e, )= ----;Eog;q;V[ ;{;b-(z = T (0, @, NV Hz - T, (x; @)m)) ;mg(Zn)

(15)

where, V=W~ "'/ZRMW'" Y2 and ¢ is an additional scale/dispersion parameter.

[0089] Estimation of the components in Equation (5} are found in a greedy forward stage-
wise fashion, fixing the earlier components.

(00901 FIG. 7 1s a flow chart depicting an example of a process 700 for creating a gradient
boosted machine model. For illustrative purposes, the process 700 1s described with reference
to various examples described herein. But other implementations are possible.

0091} In block 702, the process 700 mvolves identifying a number of trees for a gradient
boosted machine model and specifying a distributional assumption and a suitable monotonic
fink function for the gradient boosted machine model. The model-development engine 108 can
select or otherwise identify a number M of mdependent trees to be mcluded in the gradient
boosted machine model and a differentiable monotonic link function F{) for the model. For

example, the number M and the function F{.) can be stored in a non-transitory computer-
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readable medium accessible to the modei-development engine 108, can be received by the
model-development engine 108 as a user input, or some combination thereof.

10092} In block 704, the process 700 involves computing an estimate of g, i from the
training data or an adjustment that permits the application of an appropriate link function (¢.g.
F=n"t 3T, v and set vy = Fy(f1), and define Ry. In block 706, the process 700 involves
generating each decision tree. For example, the model-development engine 108 can execute
the process 500 using an objective function such as a Gaussian log likelihood function {e.g.,
Equation 15). The model-development engine 108 can regress 2 to x with a weight matrix W.
This regression can involve estimating the 8, that maximizes the objective function in a
greedy manner.

[0093] In block 708, the process 700 involves updating v, = Vg + Tm(ix; 7,«) and
setting fi = F,'(v,,). The model-development engine 108 can exccute this operation for cach
tree.

[0094] In block 710, the process 700 involves outputting the gradient boosted machine
model. Cutputting the gradient boosted machine model can include, for ¢xample, storing the
gradient boosted machine model in a non-transitory computer-readable mediun, providing the
gradient boosted machine mode! to one or more other processes, presenting a graphical
representation of the gradient boosted machine model on a display device, or some combination
thereof.

[0095] The model-development engine 108 can generate a trec-based machine-leaming
model that includes a set of decision trees. FIG. 8 graphically depicts an example of a decision
tree 800 that can be generated by executing a recursive partitioning algorithm. The model-
development engine 108 can execute a recursive partitioning algorithm to construct cach
decision tree 800, which form a tree-based electronic memory structure stored in a non-
transitory computer-readable medium. The recursive partitioning algorithm can nvolve, for
cach node in the decision tree, cither splitting the node into two child nodes, thereby making
the node a decision node, or not splitting the node, thereby making the node a termunal node.
Thus, the decision tree 800 can be a memory structure having imterconnected parent nodes and
terminal nodes, where each parent node meludes a respective splitting variable {¢.g., one of the
mdependent variables) that causes the parent node to be connected via links to a respective pair
of child nodes. The terminal nodes includes respective representative response values based
on values of the splitting vartables (e.g., means of the set of response variable valaes in a

partition determined by a splitting vanable valoe).
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[0096] For ilfustrative purposes, the nodes of the decision tree 300 are identified using a
labeling scheme in which the root node is labeled 1 and a node with label J has a left child with
label 2j and a right child with label (2 + 1), For example, the left child of node 1 is node 2,
the right child ofnode 2 s node 5 (1.e., 2 X 2 + 1), and the left and right children of node 5 are
node 10G.e, 2 X 5Yand node 11 (G, 2 % 2 -+ 1) respectively.

[0097] The recursive partitioning algorithm can perform the splits based on a sequence of
hierarchical splitting rules. An example of a splitting rule is the function (x; < 6;) where x;
is an element of the independent variable vector X = (X3, X, ..., X, ) and 8y is a threshold value
specific to the kth parent node. The model-development engine 108 can determine a sphitting
rule (x; =< 6)) at each node by selecting the independent variable x; and a corresponding
threshold value 8;. The model-development engine 108 can apply the splitting rule by dividing
a set of data samples 112 into partitions based on the values of one or more independent
variables 114 (e, x = (X, X3, ..., X))

0098} In some aspects, the model-development engine 108 selects the mdependent
vaniable x; and the threshold value 8 such that an objective function is optimized. Examples
of switable objective functions mclade a sum of squared errors, a Gin coefficient function, and
a log-likelthood function.

00991 In this example, the model-development engine 108 can compute a representative
response value, f,, for each of the ternunal node region Ry, R,, Ry, Ri1, B2, and R,5. Each
terminal node represents a subset of the data samples 112, where the subset of the data samples
112 1s selected based on the values of one or more independent variables 114 with respect to
the splitting rules, and a corresponding subset of the data samples 116, The model-
development engime 108 uses the corresponding subset of the data samples 116 to compute a
representative response value . For example, the model-development engine 108 can
wdentify the subset of data samples 112 {i.¢., independent vanable data samples) for a given
terminal node, identify the corresponding subset of data samples 116 (i.¢., response vanable
data samples) for the terminal node, and compute a mean of the valucs of the subset of data
samples 116 (1.e., a mean response variable value). The model-development engine 108 can
assign a representative response value {e.g. the mean) to the terminal node as the representative
sesponse value £,

(01007 For illustrative purposes, the decision tree 800 is depicted using two independent
variables. However, any suitable number of independent variables may be used o generate

cach decision tree 1n a tree-based machine-~learning model.
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[0101] FIG. ¢ depicts an example of a tree region 900 that 1s an alternative representation
of the decision tree 800, In this example, the tree region 900 is a two-dimensional region
defined by values of two independent variables x, and x,. But a decision tree can be
represented using any number of dimensions defined by values of any suitable number of
mndependent variables.

[0102] The tree region 900 includes terminal node regions R, Rig, R11, Ri2, Bys, and R,
that respectively correspond to the terminal nodes in decision tree 800, The ferminal node
regions are defined by splitting rules corresponding to the parent nodes R4, Ry, Rz, Ry, and B¢
m the decision tree 800. For example, the boundaries of the region R, are defined by 6, and
8, such that the region R, includes a subsct of data samples 112 in which xy < 8, and x, <
8,.

[0103] The model-development engine 108 can ensure monotonicity with respect to the
decision trees, such as the decision tree 800 and corresponding tree region 900, m tree-based
machine-learning models. Ensuring monotonicity can tnvolve one or more operations that
mcrease a model’s compliance with a relevant monotonicity constraint. For instance, the
model-development engine 108 can constrain a decision tree to be weak monotone {(e.g., non-
decreasing) such that §y < S0, B < B0, Ba = 12, Fro S B, Bu £ 87, B2 S Puss Bz €
B,,and B3 < B,. Inthis example, a sufficient, but not necessary monotonic constraint 1s 5, <
Brio s P EPhn =Pz s By

[0104] Forasubset § © RP, afunction f: IRP - W can be considered monotone on S if, for

cach x; € 5, and all values of x, f satisfies

f(x.vi, v Xp 4, L..,xp') = f(vx]_, e Xj, vcp) {i56)
forall 4 > 0 (f is non-decreasing) or forall 4 < 0 {f is non-increasing).
[0105] For illustrative purposes, the examples described herein involve monotone, non~
decreasing tree-based machine-learning models. A sum-of-trees function (i.e., F (x; 1)) used
to build a tree-based machine~learning model from a set of decision trees will also be monotone
non-decreasing on S if each of the component trees, T, (x; 8,,), 15 monotone non-decreasing
on S. Thus, the model-development engine 108 can generate a monotonic, tree-based machine-
leaming model by enforcing monotonicity for cach decision tree Ty, (x; €,,,). Enforcing this
monotonicity can include providing constratnts on the set of representative response valucs 5,
which are determined by the decision tree.
[6106] In the tree region 900, terounal node regions are neighboring if the ternunal node

regions have boundaries which are adjoining in any of the coordinates. A region R), can be
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defined as an upper neighboring region of a region R+ if the lower adjoining boundary of the
region Ry, 1s the upper adjoming boundary of the region Ry-. A lower neighboring region can
be similarly defined.
[6107] For example, in FIG. 9, the terminal node region Ry 1s an upper neighboring region
of regions Ry,, Ry.. and Ry3. The terminal node region R, is a lower neighboring region of
Ry4. R4, and Ry, The termmal node regions R, and R, are not neighbors. The terminal node
regions R, and R,y can be considered disjoint because the x, upper boundary of the terminal
node region R, 1s less than the x, lower boundary of the terminal node region R,3. Fora
sufficiently small step size 4. movement from the terminal node region B, to the terminal node
region Ry 3 cannot be achieved by modifving the splitting value of x;.
[0108] In some aspects, the model-development engine 108 can track neighbors of various
regions using the following scheme. The model-development engine 108 can develop a
decision tree T,,(x; 8,,,) with a d-dimensional domain, where the domain is defined by the set
X= (xlzcz\:p) In thus example, d < p if the domain is defined by a subset of the
independent vanables x selocted for the decision tree. Alternatively, d = p if the domain 15
defined by all of the independent variables x (1.c., the decision tree includes all independent
variables).
[0109] Each terminal node region of the decision tree To (x; @) will have the form
defined by the following function:

Re ={xix; € [Liw Upp)j =1, ...,4} (7).
The model-development engine 108 determines an interval Ei,j_k, Lij!k) for each x; from the
sequence of splitting rules that result in the region R, The region R, is disjoint from the region
Ry tf Uy < Lypwor Ly > Up e for some j. In the tree region 900, the terminal node region
R, 1s disjoint from the ternunal node region R, because L, 5 > U, , (6, > 6,). Table 2
identifies lower and upper boundaries that define terminal node regions m accordance with the

examples of FIGS. 5 and 6.

Table 2

Rk L‘xl.k Ux] X sz,k sz,k

4 0 6, 0 g,

10 0 o, 6, 1

iy 05 6, g, 1
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121 g, 0. 0 8,
13 85 1 0 8,
7 o, 1 B, 1

[0110] I the termmal node region R, and the terminal node region R+ are not disjoint, the
terminal node region R;, can be considered as upper neighboring region of the terminal node
region Ry if Ly = Uy~ for some j. The terminal node region Ry can be considered a lower
neighboring region of the terminal node region Ry« if Uy = Ly« forsome . In this example,
any terminal node region may bave multiple upper neighboring regions and lower neighboring
regions. A tree function T,,(x; @,,,) is monotone and non-decreasing if 3, in cach terminal
node region Ry 1s less than or equal to the minimum value of all upper neighboring regions for
terminal vode region R, and is greater than or equal to the maximum value of alf lower
neighboring regions for terminal node region Ry, The function T,,,(x; 8,,,) is monotone non-
decreasing on § if the neighboring regions satisfy these conditions forallx € S,

9 ¢

(0111} Although this disclosure uses the terms “left,” “right,” “upper,” and “lower” for
iHlustrative purposes, the aspects and examples described herein can be used in other, equivalent
manners and structures. For mstance, “left” and “lower” are used to ndicate a direction n
which a decrease in one or more relevant values {e.g., representative response variables) 1s
destrable, but other implementations may use “left” and “lower™ to indicate a direction in which
an increasc in ong or more relevant values (¢.g., ropresentative response variables) is desirable.
Likewise, “right” and “upper” are used to indicate a direction in which an increase in one or
more relevant vahlies {c.g., representative response variables) is desirable, but other
implementations may use “right” and “upper” to indicate a direction in which a decrease i one
or more relevant values (e.g., representative response variables) is desirable.  Thus,
implemesntations involving different types of monotonicity, orientations of a decision tree, or
oricntations of a tice region may be used in accordance with the aspects and examples described
herein.
[0112] FIGS. 10-13 depict examples of suitable algorithms for building and adjusting
monotonic decision trees. These algorithms can be used to implement blocks 304-308 of the
process 300, The algorithms differ based on whether mounotonicity is enforced during tree
construction, as depicted i FIGS. 10 and 11, or after tree construction, as depicted in FIGS.
2 and 13. The algorithms also differ based on whether the model-development engine 108

wlentifies neighboring nodes to enforce monotonicity, as depicted i FIGS. 10 and 12, or
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enforces monotonicity across a set of terminal nodes without determiming all neighboring
relationships among the terminal nodes, as depicted in FIGS. 11 and 13.

[0113] FIG. 10 depicts an example of a process 1000 for enforcing monotonicity among
terminal nodes of a decision tree during tree construction with respect to a set of representative
response values including representative response values from multiple neighboring tree
regions {e.g.. all neighboring tree regions). In the process 1000, the model-development engine
108 monitors a given terounal node and corresponding neighboring nodes of the terminal node
cach time a split is performed in the construction of the decision tree. For illustrative purposes,
the process 1000 1s described with reference to vartous examples described herein. But other
mmplementations are possible.

[0114] In block 1002, the process 1000 involves determining a splitting rule for partitioning
data samples in a decision tree. For example, the machime-leaming model modale 210 can
access one or more independent variables x; and one or more threshold values 8;. In some
aspects, the machine-leaming model module 210 sclects a given mdependent variable x; and a
corresponding threshold value 8, such that an objective function 1s maximized.

[0115] In block 1004, the process 1000 mmvolves partitioning, based on the splitting rule,
data samples into a first tree region and a sccond tree region. For example, the machine-
fcarning model module 210 can access data samples 112, which include values of varicus
independent vanables 114, from a data structure stored in the network-attached data stores 110
{or other memory device). The machine-learning model module 210 can identify a first sabsct
of data samples 112 for which the independent variable X; is less than or equal to a threshold
value 8;. The machine-learning model module 210 can partition the data sarples 112 into a
feft tree region, R), having a boundary corresponding to x; < 8y, and a right tree region, Rp,
having a boundary corresponding to x; > 6.

10116} A particular tree region can be an interim region generated during the tree-building
process or a termunal node region. For instance, i the exanaple depisted in FIG. 8, the splt
represented by R. resulis in two tree regions during a tree-butlding process. The first tree
region mchides the data samples that are ultimately grouped into the terminal node region R,
The second trec region is an interim region that includes both the data samples that are
ultimately grouped into the terminal node region Ry, and the data samples that are ultimately
grouped into the terminal node region Ry;.

[0117] In block 1006, the process 1000 mvolves computing a first representative response

value from the data samples i the first tree region and a second representative response valoe
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from the data samples in the second tree region. Continuing with the example above, the
machine-leaming model module 210 can compute a representative response value 5, from the
data samples in the tree region R;. The machine-leaming model module 210 can compute a
representative response vajue Sy from the data samples in the tree region Ry, For mstance, the
machine-learning model module 210 can aceess data samples 116, which include values of one
or more response variables 118, from a data structure stored in the network-attached data stores
110 (or other memory device). The machine-lcamning model module 210 can determine
partition data samples 112 and 116 m accordance with the partitions mto the tree regions and
can compute the corresponding response values from the partitioned data samples 116,

[0118] In block 1008, the process 1000 wnvolves identifving a set of representative response
values including the first and second representative response values, representative response
valtues for upper neighboring regions and lower neighboring regions of the first tree region, and
representative response values for upper neighboring regions and lower neighboring regions of
the second tree region. For example, the machine-learning model module 210 can identify both
the upper neighboring regions and lower neighboring regions of a given region Ry {¢.g., the
tree region R, or the tree region Rg). The machine-fcarning model module 210 can compute,
determine, or otherwise identify a set of representative response values for the tree regions that
arc upper neighboring regions of region Ry and the tree regions that are lower neighboring
regions of region Ry,.

[0119] In block 1009, the process 1000 involves determining whether a mounotonicity
constraint has been violated for the set of representative response values that includes the first
and second representative response values. The machine-learning model module 210 can
compare the various representative response values in the set to venfy that the desired
monotonic relationship exists.

[0120] For nstance, m the example depicted n FIG. 9, a potential sphit point 85 can be
generated at block 1002, This split point partitions the tree region defined by
Ly, =0, U, =8y, Ly, =8, Uy, = 1into Ryp and Ryy. Thus, a node Ry is partitioned into
child nodes Ryg and R,;. The machine-leaming model module 210 can determine, using the
corresponding tree region 900, the boundaries defining Ry and Ry, which are meluded n
Table 2. The maching-learning model meoduole 210 can also determine f fy £ ;. The
machine-learning model module 210 can also determine the upper neighbonng regions and
lower neighboring regions of both Ry, and R,;. For example, as indicated 1 Table 2 and

depicted in FIG. 9, the {erminal node regions Ry, Ry», and Ry are at least partially defined by
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the boundarics 8, and §,. Thus, the machine-learning model module 210 can identify the
terminal node regions Ry, R, 5, and R, as cither upper neighboring regions or lower neighboring
regions with respect to regions R,, and Ry, The machine-learning model module 210 can
implement block 1009 by determining whether £,y < 44 and, if so, whether each of 8, and
By11s less than or equal to the minimum representative response value of all upper neighboring
regions and greater than or equal to the maximum representative response value of all lower
neighboring regions. if these conditions are not satisfied, then the monotonicity constraint has
been viclated.

(0121} I the model-development engine 108 determines, at block 1009, that the
maonotonicity constraint has been violated, the process 1000 proceeds to block 1010, fn block
1010, the process 1000 involves modifying the sphitting rule. In some aspects, the machine-
learning model module 210 can modify the splitting rule by modifying the selected independent
variable, by modifying the selected threshold value used for splitting, or some combination
thereof. For mstance, continuing with the exaraple above, if 534 > £, the machine-lcarning
model module 210 may modify the splitting rule that generated Ry and Ry, Modifying the
splitting rules may inchude, for example, modifying the values of 85, or spliting on x, rather
than x,. The process 1000 can retum to block 1004 and use one or more splithing rules that are
modified at block 1010 to regroup the relevant data samples.

(0122} if the model-development engine 108 detcrmunes, at block 1009, that the
monotonicity constraint has not been violated, the process 1000 proceeds to block 1012, In
block 1012, the process 1000 involves determining whether the decision tree is complete. For
mstance. the machine-learning mode!l module 210 can deternune whether the decision tree
results in an optimized objective function {(e.g.. SSE. Gim, log-likelihood, ctc.) subject to the
monotonicity constraint imposed at block 1009, If the decision tree is not complete, the
process 1000 returns proceeds to block 1002 and proceeds with an additional split in the
decision tree.

[0123] The model-development engine 108 can execute any switable algonthm for
implementing blocks 1002-1014. For example, the model-development engine 108 can access
an objective function by retrieving the objective function from a non-transitory computer-
rcadable medium. The objective function retrieved based on, for example, one or more user
mputs that define, specify, or otherwise identify the objective function. The model-
development engine 108 can determine 3 set of partitions for respective independent variables,

where cach partition for a given independent variable maximizes the objective function with
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sespect to that independent variable, subject to certain constraints. A first constraint can be
that a proposed split mto node regions R; and Ry satisfies £, < fr. A sccond constraint can
be that, if the first constraint is satisfied, cach 8, m each node region By and Ry must be less
than or equal to the minimum value of all of its upper neighboring regions and greater than or
equal to the maximum ievel of all of its lower neighboring regions. If the partition satisfying
these constraints exists, the model-development engine 108 can sclect a partition that results in
an overall maximized value of the objective function as compared to each other partition in the
set of partitions. The model-development engine 108 can use the selected partition to perform
a sphit that results tn two chuld node regions (1., a left-hand node region Ry and a left-hand
node region Ry}

[(0124] if the decision tree is complete, the process 1000 proceeds to block 1014, In block
1014, the process 1000 involves outputting the decision tree. For example, the machine-
learning model module 210 can store the decision tree 1n a suitable non-transitory computer-
readable medim. The machine-leaming model module 210 can iterate the process 1000 to
generate additional decision trees for a suitable tree-based machine-learning model. if the tree-
based machine-learning model is complete, the model-development engine 108 can configure
the machine-leamning environment 106 to transmit the trec-based machine-learning model to
the automated modeling system 124, to store the tree-based machine-learning model in a non-
transitory computer-readable medium accessible to the automated modeling svsiem 124 {(e.g.,
network-attached data stores 110), or to otherwise make the tree-based machine-learming model
accessible to the automated modeling system 124,

[0125] FIG. 11 depicts an example of a process 1100 for enforcing monotonicity among
terminal nodes of a decision tree during tree construction with respect to a limited set of
representative  response  values including  representative response values from  closest
neighboring tree regions. For illustrative purposes, the process 1100 is described with
reference to various examples described heremn. But other implementations are possible.
[0126] Inblock 1102, the process 1100 involves determining a splitting rule for partitioning
data samples in a decision tree. The machine-learning model modale 210 can implement block
1102 in a manner similar to block 1002 of the process 1000, as described above.

101271 In block 1104, the process 1100 involves partitioning data samples into a first tree
region and a second tree region (e.g.. a left region R, and right region Ry) based on the splitting
rule. The machine-learning model module 210 can implement block 1104 in a manner similar

to block 1004 of the process 1000, as described above.
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[0128] In block 1106, the process 1100 involves computing a first representative response
value from the data samples in first tree region and a sccond representative response value from
the data samples in second trec region. The machine-lcarning model module 210 can
mplement block 1106 in a manner similar to block 1006 of the process 1000, as descnbed
above.

10129} In block 1108, the process 1100 involves identifying a set of representative response
values including the first and second representative response values, a representative response
value for a closest lower neighboring region of the first tree region, and a representative
sesponse value for a closest upper neighboring region of the sceond tree region. For example,
the machine-learning model module 2 10 can identify the closest lower neighborning region (R~}
of R, and the closest upper neighboring region {Rg+} of Ry, The machine-learning model
moduele 210 can compute, determine, or otherwise identify the representative response values
b, and fo for regions R,- and Rp-, respectively.

[0130] A particular neighboring region is the “closest” neighbor to a target region if fewer
nodes in the corresponding decision tree must be traversed to reach the node corresponding to
the particular neighboring region from the node corresponding to the target region. For
cxample, region Ry, has lower neighboring rogions Ry and B;.  Region Ry, is the closest
lower neighbor region Ry because only one node (the node corresponding to R} separates Ry
and Ry4, as compared 1o two nodes {the nodes corresponding to R, and Rj) separating R, and
Ryq.

[0131] In block 1119, the process 1100 mvolves determuning whether a monotomcity
constraint has been violated for the set of representative response values. Continuing with the
egxample above, the machme-learning model module 210 can compare the various
representative response values to verify that the desired monotonic relationship exists.

[0132] For mstance, m the example depicted in FIG. 8, 8, can be a potential split point
generated  at block 1102, which  partiions the  region  defined by
Ly, =0, Uy, =64, Ly, = 0, Uy, = Linto Ryg and Ryy. Thus, the node Ry 1s partitioned into
child nodes Ry {e.¢., a lefi-hand node) and R4 {c.g., aright-hand node). The machine-learning
maodel module 210 can deternune, using the corresponding tree region 900, the boundaries
defining R;, and R,,. The machine-learning model module 210 can also determine if
Bip = B11.  The machine-leaming model module 210 can identify the closest lower
neighboring region {R+) of By, and the closest upper neighboring region {Ry+) of Ry,. For

example, as depicted in FIG. 9 and mndicated in Table 2, the closest lower neighboring region
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of Ryg 18 Ry« = R, and the closest upper neighbonng region of Ry 13 Rp = Ry, Thus, the
machine-learning model module 210 can identifv the terminal node regions K, and R,, as the
closet lower neighboring region of the region Ry, and the closest upper neighboring region of
the region R, 4, respectively. The machine-learning mode! module 210 can implement block
1110 by determining whether 8, < £, and whether 15 < f4..

[0133] The model-development engine 108 can execote any suitable algorthm for
implementing blocks 1102-1110. For example, the model-development engine 108 can access
an objective function by retrieving the objective function from a non-transitory computer-
readable medivim. The objective function retrieved based on, for example, one or more user
nputs that define, specify, or otherwise identify the objective function. The model-
development engine 108 can determine a set of partitions for respective independent variables,
where each partition for a given independent variable maxinmizes the objective function with
respect to that independent vanable, subject to certain constraints. A first constraint can be
that a proposed split into node regions R, and Ry satisfies §; < Br. If the first constraint is
satisfied a second constraint can be that, £+ = 81 and fp < Sp-. Fp-is the representative
response value of the closest lower neighboring region Ry« o region Ry in the decision tree.
Ba+is the representative response value of the closest upper neighboring region Rp- fo region
Ry m the decision tree. I the partition satisfving these constraints exists, the model-
development engine 108 can select a partition that results in an overall maximized value of the
objective function as compared to cach other partition in the set of partitions.  The model-
development engine 108 can use the selected partition to perform a split that results 1 two
child node regions (i.¢., a left-hand node region Ry and a lefi-hand node region Rp).

[0134] If the model-development engme 108 determunes, at block 1110, that the
monotonicity constraint has been violated, the process 1100 proceeds to block 1112, In block
1112, the process 1100 mvolves modifving the splitting rule. In some aspects, the machine-
leaming model module 210 can modify the splitting rule by modifying the selected mdependent
variable, by modifving the selected threshold value used for spliting, or both. For instance,
continuing with the example above, if 8,4 > £, the machine-leaming model module 210 may
modify the splitting rule that generated Ry and Ryy. Modifying the splitting rules may include,
for exarmple, modifving the values of 85, or splitting on x, rather than x;. The process 1100
can return to block 1104 and use one or more splitting rudes that are modified at block 111210

repartition the relevant data samples.
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[0135] If the model-development engine 108 determunes, at block 1110, that the
monotonicity constraint has not been violated, the process 1100 proceeds to block 1114, In
block 1114, the process 1100 involves determining whether the decision tree is complete. The
machine-learning model module 210 can implement block 1114 in a manner sumilar to block
1014 of the process 1000, as described above.

[0136] i the decision tree 1s not complete, the process 1100 retums proceeds to block 1102
and proceeds with an additional spltt in the deciston tree. It the decision tree i1s complete, the
process 1100 proceeds to block 1116, In block 1116, the process 1100 wmvolves outputting the
decision tree. The machine-learning model module 210 can configure the machine-learing
environmerd 106 to output the decision tree using any suitable output method, such as the
output methods described above with respect to block 1016 of the process 1000,

(0137} For illustrative purposes, the processes 1000 and 1100 are described as modifving
splitting rules. In some aspects, modifying the splitting rules used by a machine-learning model
module 210 can involve sclecting and, if necessary, discarding certain candidate splitting rules.
For mstance, certain operations in these processes can nvolve selecting, determining, or
otherwise accessing a candidate splitting rule and then proceeding with blocks 1004-1009 (in
process 1000) or blocks 1104-1110 (in process 1100}, If a current candidate splitting rule
results in a monotonicity constraint being violated (1., at block 1009 or block 1110} and other
candidate sphitting rules are available, the machine-learning model module 210 can “modify”
the splitting rule being used by discarding the current candidate splitting rule and selecting
another candidate splitting rule. I a current candidate splitting rule results 11 a monotonicity
constraint being violated (i.¢., at block 1009 or block 1110) and other candidate sphitting rules
are not available, the machine-learning model modude 210 can “modify” the splitting rule being
used by using an optimal candidate splitting rule, where the optimal candidate splitting rule is
either the current  candidate splitting rule or a previously discarded candidate sphitting rule.
[0138] FIG. 12 depicts an example of a process 1200 for enforcing monotonicity among
neighboring terminal nodes of a decision tree following tree constraction. In the process 1200,
the model-development engine 108 generates an unconstrained decision tree that is fitted to the
relevant data samples. The model-development engine 108 adjusts the representative response
valoes of the generated decision tree by enforcing a set of constraints among neighboring
terminal nodes. For illustrative purposes, the process 1200 is described with reference to
various cxamples described herein. But other implementations are possible.

[0139] In block 1202, the process 1200 mvolves generating a decision tree based on

sphitting rules. For example, the machine-learning model module 210 can select a subset of the
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data samples 112 and a corresponding subset of the data samples 116 to a decision tree. The
machine-learning model module 210 can fit the selected data samples to a decision tree using
various independent variables x and corresponding threshold values 8;. The machine-learning
model modale 210 can fit the selected data samples to a decision tree in a manner that optimizes
a suitable objective function {e.g., SSE, Gim, log-likelihood, etc.). The machine-learning
mode! module 210 can optimize the objective function at block 1202 without regard to any
monotonicity constraint.

[0140] In some aspects, the machine-learning model module 210 can implement the block
1202 by executing the process 500, But other implementations are possible.

[0141] In block 1204, the process 1200 mvolves selecting a ternunal node of the generated
decision tree. In some aspects, the machine-learning model module 210 can identify the
“lowest” terminal node region in the tree region 900 for which monotonicity (with respect to
neighbor region) has not been verified. As an cxample, the machine-lcarning model module
210 can identify the ternmunal node region R, (and corresponding terminal value ) at block
1204, In additional or altemative aspects, the machine-learning model module 210 can identity
the “highest” terminal node region in the tree region 900 for which monotosnicity (with respect
to neighbor region) has not been verified. As an example, the machine-leaming model module
210 can identify the terminal node region R. {and corresponding terminal node value ) at
block 1204

(3142} In block 1206, the process 1200 mmvolves deternuning whether a monotomcity
constramnt has been violated for a representative response value of the selected terminal node
and representative response values for terminal nodes that are upper and lower neighboring
regions of the selected ternunal node. For example, the machine-lecaming model module 210
can determine, for a terminal node region Ry, whether 8, 1s less than or equal to the minimum
value of all upper neighboring regions for the terminal node region Ry, and whether 3, 1s greater
than or equal fo the maximum value of all lower neighboring regions for the terminal node
region Ry, If so, the monoctonicity constraint is satisfied. If not, the monotonicity constraint is
violated.

[0143] In one example involving the selection of the terminal node region R, the machine-
fearning model module 210 can identity the terminal node regions Ry, Ry, and R4, as upper
neighboring regions of the termimnal node region R,. The machine-learning model module 210
can compare the representative response values of these regions to determine whether 5, <

Bio = P11 £ Byy. Additionally or alternatively, in an example involving the selection of the
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terminal node region K-, the machine-leaming model module 210 can identify the terminal
node regions R4, R42., and R,3 as lower neighboring regions of the terminal node region R,
The machine-learming model module 210 can compare the representative response values of
these regions to determine whether 514 < f1p < 812 £ 57,

[0144] Ifthe monotonicity constraint has been viglated for the terminal node and neighbors
of the selected ternunal node, the process 1200 proceeds to block 1208, In block 1208, the
process 1200 mvolves modifyving one or more representative response valucs to enforce
monotonicity.  The process 1200 then proceeds to block 1204 and continues as deseribed
above. For example, the machine-learning model module 210 can modify one or more of the
representative response values to cause fyq 2§15 < fiz < 55 . Modifying one or more of the
particular representative response values in a set of representative response values for
neighboring regions {1.e., Si4, 1o, Pis, B7) can ensure monotonicity among the set of
representative response values.

[(0145] in a simphified example with respect to a particular spiit &y, the machine-leaming
model module 210 partitions, during the tree construction, a set of data samples 116 into a left-
hand node R; and a night-hand node Rp. The machine-learning model module 210 computes
an mitial left-hand representative response value £ ;,,;, for the lefi-hand node by, for example,
calculating the mean of the values of relevant data samples 116 m the partition corresponding
to the lefi-hand node R;. The machine-learning model module 210 computes an initial right-
band representative response value S 1y, for the night-hand node by, for exanmple, calculating
the mean of the values of relevant data samples 116 in the partition corresponding to the right~
hand node Ry. 5} ;,,;r and Bg ;i cause a monotonicity constraint to be violated, the algorithm
changes £} ;i and Bp ;,,;; such that a monotonicity constraint is enforced. In one example, the
machine-leaming model module 210 could compute an average (or weighted average) of f; ..
and fpinie. The machine-learing model module 210 could change £, 1010 10 f; 104 that
is the computed average and could also change Sz jpi 0 10 S mog that is the computed
average. 3ince B moa=Br.moqg. Monotonicity is no longer violated.

0146} If the monotonicity constraint has not been violated for the terminal node and
neighbors of the sclected terminal node, the process 1200 proceeds to block 1210, In block
1210, the process 1200 involves determining whether monotonicity has been verified for all
sets of neighboring terminal nodes under consideration {(e.g., all sets of neighboring terminal

nodes in the decision tree).
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[0147] I monotomcity has been verified for all sets of neighboring terminal nodes under
consideration, the process 1200 proceeds to block 1212, which involves outputiting the decision
trec. The machine-learning model module 210 can configure the machine-lcarning
environment 106 to output the decision tree using any suitable output method, such as the
cutput methods deseribed above with respect to block 1016 of the process 1000, In some
aspects, the decision tree can be cutputied based on one or more convergence criteria being
satistied.

[0148] If monotonicity has been vernified for all sets of neighboring termunal nodes under
consideration, the process 1200 proceeds to block 1214, which involves selecting a different
decision node of the decision tree. The process 1200 proceeds to block 1206 and contimues as
described above. For example, the process 1200 can be iteratively performed, and can cease
teration based on one or more convergence criteria being satisfied.

[0149] FIG. 13 depicts an example of a process 1300 for enforcing monotonicity among
terminal nodes of a decision tree following tree construction and without regard to neighbor
relationships among the terminal nodes. In the process 1300, the model-development engine
108 generates an unconstraimed dectsion tree that 1s fit to the relevant data samples. The model-
devclopment engine 108 adjusts the representative response values of the gencrated decision
tree by enforcmg left-to-right monotonicity among the terminal nodes of the generated decision
tree. For illustrative purposes, the process 1300 is described with reference to various examples
described herein. But other implementations are possible.

[0150] In block 1302, the process 1300 involves generating a decision tree based on
sphiting rules. In some aspects, the machine-learning mode]l module 210 can implement the
block 1202 by executing the process 500. But other implementations are possible.

(0151} In block 1304, the process 1300 wvolves determining whether a mounotonicity
constraint has been violated for all terminal nodes under consideration. The machine-learning
model module 210 can identify the terminal nodes of the decision tree. The machine-learning
model module 210 can compute, determine, or otherwise identify the representative response
values for the terminal nodes. The machime-leaming model module 210 can compare these
representative response values to determine whether a specified monotonic relationship exists
among the values (e.g., f; < B2 < < Br)

[0152] If the monotonicity constraint has not been violated, the process 1300 proceeds to
block 1306, which involves outputting the decision tree. The machine-leaming model module

210 can configure the machine-leaming environment 106 to output the decision tree using any
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suitable output method, such as the output methods described above with respect to block 1304
of the process 1300.

[0153] It the nonotonicity constraint has been violated, the process 1300 proceeds to block
1308. Inblock 1308, the process 1300 involves modifying one or more representative response
values to enforce monotonicity. For example, the machine-leaming model modele 210 can
modify one or more of the representative response values to cause §; < 5, £+ < By, Block
1308 can be mmplemented by smoothing over one or more representative response values i a
manner similar to the example described above with respect to block 1208 of process 1200,
The process 1300 can proceed to block 1306,

Example of explanatory data generated from free-based machine-leqrning model

(0154} Explanatory data can be generated from a tree-based machine-leaming model using
any appropnate method described herein, An example of explanatory data is a reason code,
adverse action code, or other data indicating an tmpact of a given independent vanable on a
predictive output. For instance, explanatory reason codes may mmdicate why an entity received
a particular predicted output. The explanatory reason codes can be gencrated from the adjusted
tree-based machine-learming model to satisty suitable requirements. Examples of these rules
mchide explanatory requirements, business rules, regulatory requirements, etc.

[0155] In some aspects, a reason code or other explanatory data may be generated using a
“points below max” approach or a “points for max mmprovement” approach. Generating the
reason code or other explanatory data utilizes the output function F{(x; £2), where £ is the set
of all parameters associated with the model and all other vanables previousty defined. A
“points below max” approach determines the difference between, for example, an idealized
cutput and a particelar entity (e.g. subject, person, or object)y by finding values of one or more
independent variables that maximize F{(x; £2). A “points below max” approach determines the
difference between the idealized output and a particular entity by finding values of one or more
independent variables that maximize an increase in F(x; ).

[(0156] The independent variable values that maximize F(x; §) used for generating reason
codes {or other explanatory data) can be determined using the monotonicity constrainds that
were enforced in model development. For example, let x7 (f = 1, ..., p) be the right endpoint
of the domain of the independent variable x;. Then, for a monotonically increasing function,
the output function is maximized at F{(x*; £). Reason codes for the independent variables may
be gencrated by rank ordering the differences obtamed from cither of the following functions:

F[x;. ?c; s X ﬁ} - Flx], vos Xy eens X £ {1
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F[xi, x,* s X Q} = Flxg, o Xy s X 2 [#2)]

In these examples, the first function is used for a “points below max” approach and the second
function 1s used for a “points for max mmprovement” approach. For a monotonically decreasing
function, the left endpoint of the domain of the imdependent variables can be substituted imto
x;.
[0157] In the example of a “pomnts below max™ approach, a decrease m the output function
for a given entity i computed using a difference between the maximum value of the cutput
function using x* and the decrease in the value of the output function given x. In the example
of a “points for max mmprovement” approach, a decrease in the output function s computed
using a difference between two values of the output function. In this case, the first value 18
computed using the output-maximizing value for x; and a particular entity’s values for the
other independent variables. The decreased value of the output function is computed using the
particular entity’s value for all of the independent variables x;.

Computing environment example for training operations

[0158] Any suitable computing system or group of computing systems can be used to
perform the model traming operations described herein. For example, FIG. 14 15 a block
diagram depicting an example of a machine-learning environment 106. The example of the
machine-leaming environment 106 can include various devices for communicating with other
devices in the operating environment 100, as described with respect to FIG. 1. The machme-
learning environment 106 can include varicus devices for performing one or more of the
operations described above with respect to FIGS. 1-13,

[0159] The machine-learning environment 106 can include a processor 1402 that is
communicatively coupled to a memory [404. The processor 1402 executes computer-
executable program code stored in the momory 1404, accesses information stored i the
memory 1404, or both. Program code may include machine-cxecutable instructions that may
represent a procedure, a function, a subprogram, a program, a routing, a subroutine, a modaule,
a software package, a class, or any combination of instructions, data structures, or program
statements. A code segment may be coupled to another code segment or a hardware circuit by
passing or recciving information, data. argwments, parameters, or menory conienis,
Information, arguments, parameters, data, etc. may be passed, forwarded, or transmitted via
any suitable means mchuding memory sharing, message passing, token passing, network

transmission, among others.
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[0160] Examples of a processor 1402 include a microprocessor, an application-specific
mtegrated circuit, a field-programmable gate array, or any other suitable processing device.
The processor 1402 can include any number of processing devices, mcluding one. The
processor 1402 can include or commumnicate with a memory 1404, The memory 1404 stores
program code that, when executed by the processor 1402, causes the processor to perform the
operations described in this disclosure.

[01561] The memory 1404 can include any suitable non-transitory computer-readable
medium. The computer-readable medium can include any clectronic, optical, magnetic, or
other storage device capable of providing a processor with computer-readable program code or
other program code. Noo-linuting cxamples of a computer-readable medium include a
magnetic disk, memory chip, optical storage, flash memory, storage class memory, a CD-
ROM, DVD, ROM, RAM, an ASIC, magnetic tape or other magnetic storage, or any other
medium from which a computer processor can read and execute program code. The program
code mav include processor-specific program code generated by a compiler or an interpreier
from code written n any suitable computer-programmung language. Examples of suitable
programming language include C, C++, C#, Visual Basic, Java, Python, Perl, JavaScript,
ActionScript, ctc.

(0162} The machine-leaming environment 106 may also include a number of external or
mternal devices such as input or ouiput devices. For example, the machine-learning
environment 106 is shown with an mput/output interface 1408 that can receive input from input
devices or provide output to output devices. A bus 1406 can also be included 1n the machine-
learming environment 106. The bus 1406 can communicatively couple one or more components
of the machine-learning environment 106.

101631 The machine-learming environment 106 can exccute program code that includes the
model-development engine 108. The program code for the model-development engine 108 may
be resident 1n any suitable computer-readable mediwm and may be executed on any suitable
processing device. For example, as depicted in FIG. 14, the program code for the model-
development engine 108 can reside in the memory 1404 at the machine-learning environment
106. Executing the model-development engine 108 can configure the processor 1402 to
perform the operations described herein.

10164} In some aspects, the machine-learning environment 106 can include one or more
output devices. One exanple of an output device is the network interface device 1410 depicted
m FIG. 14. A network interface device 1410 can include any device or group of devices suitable

for establishing a wired or wircless data connection to one or more data networks 104, Non-
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hmting examples of the network interface device 1410 include an Ethemet network adapter, a
modem, ctc. Another example of an output device is the presentation deviee 1412 depicted in
FIG. 14. A presentation device 1412 can include any device or group of devices suitable for
providing visual, auditory, or other suitable sensory output. Non-hmiting examples of the
presentation device 1412 include a touchscreen, a monitor, 8 speaker, a separate mobile
computing device, etc.

General considerations

[0165] Numerous specific details are set forth heremn to provide a thorough understanding
of the claimed subject matter. However, those skilled in the art will understand that the claimed
subject matter mav be practiced without these specific details. Tn other instances, methods,
apparatuses, or systems that would be known by one of ordinary skill have not been described
n detail 80 as not to obscure claimed subject matter,

101661 Unless specifically stated otherwise, it 5 appreciated that throughout this

EPINES

specification that torms such as “processing,” “computing,” “detcrmining,” and “identifying”
or the like refer to actions or processes of a computing device, such as one or more computers
or a simular electronic computing device or devices, that manipulate or transform data
represented as physical electronic or magnetic quantitics within memories, registers, or other
mformation storage devices, transmission devices, or display devices of the computing
platform.

10167} The system or systems discussed herein are not fumiied (o 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 computing 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 swtable programming, scripting, or other type of language or
combinations of languages may be used to mmplement the teachings contained herein in
software to be used in programming or configuring a computing device.

[0168] Aspects of the methods disclosed herein mayv be performed n the operation of such
computing devices. The order of the blocks presented 1n the examples above can be varied-—
for example, blocks can be re-ordercd, combined, or broken into sub-blocks. Certain blocks or
processes can be performed in parallel. The use of “adapted t0” or “configured to” herein is
meant as open and inclusive langoage 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
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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, fists, and numbering included hercin are for case of explanation only and are
not meant to be limiting.

[0169] 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 forcgoing, mav readily produce alterations to, vanations 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 mnclusion of
such modifications, variations, or additions to the present subject matier as would be readily

apparent to one of ordimary skill in the art.
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A system comprising;:
a processing device; and
one or more memory devices storing:

instructions executable by the processing device, and

a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective
representative response values based on values of the splitting variables;
wherein the processing device is configured to access the one or more memory

devices and thereby execute the instructions to:

identify independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity
or an observation of the entity and (ii) the response variable has a set of outcome
values associated with the entity,
generate, from one or more splitting rules, the tree-based machine-learning
model that includes decision trees for determining a relationship between each
independent variable and a predicted response associated with the response variable,
wherein the predicted response indicates a predicted behavior associated with the
entity,
iteratively adjust the tree-based machine-learning model to enforce
monotonicity with respect to the representative response values of the terminal nodes
by adjusting one or more decision trees such that one or more of the representative
response values are modified and a monotonic relationship exists between each
independent variable and the response variable, andoutput, based on the adjusted tree-
based machine-learning model having the monotonic relationship between each
independent variable and the response variable, explanatory data indicating
relationships between (i) changes in the response variable and (ii) changes in one or
more of the independent variables,
wherein the processing device is further configured to:
in a first iteration of adjusting the tree-based machine-learning model:
generate a decision tree by grouping data samples into terminal node
regions in accordance with splitting rules,
select a terminal node region of the decision tree,
determine that a monotonicity constraint is violated for a set of
representative response values that includes (i) a representative response value
for the terminal node region, (ii) representative response values for upper
neighboring regions of the terminal node region, and (iii) representative
response values for lower neighboring regions of the terminal node region, and
modify, based on the monotonicity constraint being violated, one or
more particular representative response values to enforce monotonicity by
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smoothing among the set of representative response values;
in a second iteration of adjusting the tree-based machine-learning model:
determine that the monotonicity constraint is satisfied for a set of
modified representative response values that is generated by modifying the
one or more particular representative response values, and
output, based on the monotonicity constraint being satisfied, the
decision tree with the modified representative response values for inclusion in
the tree-based machine-learning model.

2. A system comprising;:

a processing device; and
one or more memory devices storing:

instructions executable by the processing device, and

a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective
representative response values based on values of the splitting variables;
wherein the processing device is configured to access the one or more memory

devices and thereby execute the instructions to:

identify independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity
or an observation of the entity and (ii) the response variable has a set of outcome
values associated with the entity,

generate, from one or more splitting rules, the tree-based machine-learning
model that includes decision trees for determining a relationship between each
independent variable and a predicted response associated with the response variable,
wherein the predicted response indicates a predicted behavior associated with the
entity,

iteratively adjust the tree-based machine-learning model to enforce
monotonicity with respect to the representative response values of the terminal nodes
by adjusting one or more decision trees such that one or more of the representative
response values are modified and a monotonic relationship exists between each
independent variable and the response variable, andoutput, based on the adjusted tree-
based machine-learning model having the monotonic relationship between each
independent variable and the response variable, explanatory data indicating
relationships between (i) changes in the response variable and (ii) changes in one or
more of the independent variables,
wherein the processing device is further configured to:

in a first iteration of adjusting the tree-based machine-learning model:

perform a first split in a decision tree by partitioning data samples into
a first tree region and a second tree region in accordance with the one or more
splitting rules,
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compute (i) a first representative response value from first grouped
data samples in the first tree region and (ii) a second representative response
value from second grouped data samples in the second tree region,

identify a set of representative response values comprising the first
representative response value, the second representative response value,
representative response values for upper neighboring regions of the first
region, representative response values for lower neighboring regions of the
first region, representative response values for upper neighboring regions of
the second region, and representative response values for lower neighboring
regions of the second region,

determine that a monotonicity constraint is violated for the set of
representative response values, and

modify the one or more splitting rules based on the monotonicity
constraint being violated;
in a second iteration of adjusting the tree-based machine-learning model:

modify the first split in the decision tree by regrouping the data
samples into a first modified tree region and a second modified tree region in
accordance with the modified one or more splitting rules;

compute (i) a first modified representative response value from first
regrouped data samples in the first modified tree region and (ii) a second
modified representative response value from second regrouped data samples in
the second modified tree region, wherein the first regrouped data samples
differ from the first grouped data samples and the second regrouped data
samples differ from the second grouped data samples,

identify a modified set of representative response values comprising
the first modified representative response value, the second modified
representative response value, representative response values for upper
neighboring regions of the first modified region, representative response
values for lower neighboring regions of the first modified region,
representative response values for upper neighboring regions of the second
modified region, and representative response values for lower neighboring
regions of the second modified region,

determine that the monotonicity constraint is satisfied for the modified
set of representative response values, and

perform a second split in the decision tree based on the monotonicity
constraint being satisfied.

3. The system of claim 1, wherein modifying the one or more particular representative
response values comprises:

computing an average of a first particular representative response value for a first
terminal node region and a second particular representative response value for a second
terminal node region; and

modifying the decision tree such that the computed average is a first modified
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representative response value for the first terminal node region and the computed average is a
second modified representative response value for the second terminal node region.

4. The system of claim 1, wherein the monotonicity constraint comprises an increase in
independent variable values corresponding to an increase in response variable values or a
decrease in independent variable values corresponding to a decrease in response variable
values.

5. The system of claim 1, wherein the processing device is further configured to generate
the explanatory data by determining, using the adjusted tree-based machine-learning model, a
rank of each independent variable indicating an impact of the independent variable on the
predicted response.

6. A method performed by one or more processing devices, the method comprising:
accessing a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective representative
response values based on values of the splitting variables;
identifying independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity or an
observation of the entity and (ii) the response variable has a set of outcome values associated
with the entity;
generating, from one or more splitting rules, the tree-based machine-learning model
that includes decision trees for determining a relationship between each independent variable
and a predicted response associated with the response variable, wherein the predicted
response indicates a predicted behavior associated with the entity;
iteratively adjusting the tree-based machine-learning model to enforce monotonicity
with respect to the representative response values of the terminal nodes by adjusting one or
more decision trees such that one or more of the representative response values are modified
and a monotonic relationship exists between each independent variable and the response
variable;
outputting, based on the adjusted tree-based machine-learning model having the
monotonic relationship between each independent variable and the response variable,
explanatory data indicating relationships between (i) changes in the response variable and (ii)
changes in one or more of the independent variables, and
performing, by the one or more processing devices, operations comprising:
in a first iteration of adjusting the tree-based machine-learning model:
generating a decision tree by grouping data samples into terminal node
regions in accordance with splitting rules,
computing a set of representative response values for the terminal node
regions,
determining that a monotonicity constraint is violated for the set of
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representative response values, and

modifying, based on the monotonicity constraint being violated, one or
more particular representative response values to enforce monotonicity by
smoothing among the set of representative response values;
in a second iteration of adjusting the tree-based machine-learning model:

determining that the monotonicity constraint is satisfied for a set of
modified representative response values that is generated by modifying the
one or more particular representative response values, and

outputting, based on the monotonicity constraint being satisfied, the
decision tree with the modified representative response values for inclusion in
the tree-based machine-learning model.

7. A method performed by one or more processing devices, the method comprising:

accessing a tree-based machine-learning model that is a memory structure comprising
interconnected parent nodes and terminal nodes, wherein each parent node includes a
respective splitting variable that causes the parent node to be connected via links to a
respective pair of child nodes, wherein the terminal nodes includes respective representative
response values based on values of the splitting variables;

identifying independent variables having relationships with a response variable,
wherein (i) each independent variable corresponds to an action performed by an entity or an
observation of the entity and (ii) the response variable has a set of outcome values associated
with the entity;

generating, from one or more splitting rules, the tree-based machine-learning model
that includes decision trees for determining a relationship between each independent variable
and a predicted response associated with the response variable, wherein the predicted
response indicates a predicted behavior associated with the entity;

iteratively adjusting the tree-based machine-learning model to enforce monotonicity
with respect to the representative response values of the terminal nodes by adjusting one or
more decision trees such that one or more of the representative response values are modified
and a monotonic relationship exists between each independent variable and the response
variable; and

outputting, based on the adjusted tree-based machine-learning model having the
monotonic relationship between each independent variable and the response variable,
explanatory data indicating relationships between (i) changes in the response variable and (ii)
changes in one or more of the independent variables; and

performing, by the one or more processing devices, operations comprising:

in a first iteration of adjusting the tree-based machine-learning model:

performing a first split in a decision tree by partitioning data samples into a
first tree region and a second tree region in accordance with the one or more splitting
rules,
computing (i) a first representative response value from first grouped data
samples in the first tree region and (ii) a second representative response value from
second grouped data samples in the second tree region,
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identifying a set of representative response values comprising the first
representative response value, the second representative response value, a
representative response values for a closest lower neighboring region of the first
region from a set of lower neighboring regions of the first region, and representative
response value for a closest upper neighboring region of the second region from a set
of upper neighboring regions of the second region,

determining that a monotonicity constraint is violated for the set of
representative response values, and

modifying the one or more splitting rules based on the monotonicity constraint
being violated;
in a second iteration of adjusting the tree-based machine-learning model:

modifying the first split in the decision tree by regrouping the data samples
into a first modified tree region and a second modified tree region in accordance with
the modified one or more splitting rules;

computing (i) a first modified representative response value from first
regrouped data samples in the first modified tree region and (ii) a second modified
representative response value from second regrouped data samples in the second
modified tree region, wherein the first regrouped data samples differ from the first
grouped data samples and the second regrouped data samples differ from the second
grouped data samples,

identifying a modified set of representative response values comprising the
first modified representative response value, the second modified representative
response value, a representative response values for a closest lower neighboring
region of the first modified region from a set of lower neighboring regions of the first
modified region, and representative response value for a closest upper neighboring
region of the second modified region from a set of upper neighboring regions of the
second modified region,

determining that the monotonicity constraint is satisfied for the modified set of
representative response values, and

performing a second split in the decision tree based on the monotonicity
constraint being satisfied.

8. The method of claim 6, wherein modifying the one or more particular representative
response values comprises:

computing an average of a first particular representative response value for a first
terminal node region and a second particular representative response value for a second
terminal node region; and

modifying the decision tree such that the computed average is a first modified
representative response value for the first terminal node region and the computed average is a
second modified representative response value for the second terminal node region.

9. The method of claim 6, wherein the monotonicity constraint comprises an increase in
independent variable values corresponding to an increase in response variable values or a
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decrease in independent variable values corresponding to a decrease in response variable
values.

10. The method of claim 6, further comprising generating, by the one or more processing
devices, the explanatory data by determining, using the adjusted tree-based machine-learning
model, a rank of each independent variable indicating an impact of the independent variable
on the predicted response.

11. The system of claim 2, wherein the monotonicity constraint comprises an increase in
independent variable values corresponding to an increase in response variable values or a
decrease in independent variable values corresponding to a decrease in response variable
values.

12.  The system of claim 2, wherein the processing device is further configured to
generate the explanatory data by determining, using the adjusted tree-based machine-learning
model, a rank of each independent variable indicating an impact of the independent variable
on the predicted response.

13. The method of claim 7, wherein the monotonicity constraint comprises an increase in
independent variable values corresponding to an increase in response variable values or a
decrease in independent variable values corresponding to a decrease in response variable
values.

14.  The method of claim 7, further comprising, generating by one or more processing
devices, the explanatory data by determining, using the adjusted tree-based machine-learning
model, a rank of each independent variable indicating an impact of the independent variable
on the predicted response.



