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DATA GENERATION PROCESS FOR MULTI-VARIABLE DATA

BACKGROUND

[0001] Data generation is the process of creating new data based on characteristics and patterns of existing data,
also referred to as original data. Data generation can be used for various purposes, for example, training models,
testing models, research, analysis, and the like. Typically, new data is generated by mining patterns of data within the
original data and generating a new data set based on the mined pattern of data. However, when the original data set is
a complex data set that includes a large number of variables of different types, the likelihood of efficiently generating

new data in an accurate manner is low.

SUMMARY

[0002] One example embodiment provides an apparatus that may include a memory configured to store an
original data set, and a processor configured to split the original data set into a subset of continuous-type data
values and a subsest of discrete-type data values based on variable types in the original data set, convert the subsst
of continuous-type data values into a second subset of discrete-type data values based on a data binning
operation, generate a new subset of continuous-type data values based on the subsst of continuous-type data
values in the original data set, and combine a subsst of discrete-type data values from a conditional contingency

table within the new subset of continuous-type data values to generate a new data set.

[0003] Another example embodiment provides a method that includes one or more of storing an original data set
in memory, splitting the original data set into a subsst of continuous-type data values and a subset of discrete-type
data values based on variable types in the original data set, converting the subset of continuous-type data values
into a second subset of discrete-type data values based on a data binning operation, generating a new subset of
continuous-type data values based on the subset of continuous-type data values in the original data set, and
combining a subset of discrete-type data values from a conditional contingency table within the new subset of

continuous-type data values to generate a new data set.

[0004] A further example embodiment provides a computer-readable medium that includes instructions, that when
read by a processor, cause the processor to perform one or more of storing an original data set in memory, splitting
the original data set into a subset of continuous-type data values and a subset of discrete-type data values based
on variable types in the original data set, converting the subset of continuous-type data values into a second subset
of discrete-type data values based on a data binning operation, generating a new subsst of continuous-type data
values based on the subset of continuous-type data values in the original data set, and combining a subset of
discrete-type data values from a conditional contingency table within the new subset of continuous-type data values

to generate a new data set.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0005] FIG. 1 depicts a computing environment, according to example embodiments.

[0006] FIGS. 2A-2B are diagrams illustrating a process of generating new data for a data set with multiple types
of variables according to example embodiments.

[0007] FIGS. 3A-3F are diagrams illustrating processes for building contingency tables and using the contingency
tables to generate new data according to example embodiments.

[0008] FIG. 4is adiagram illustrating a process of training a model based on newly-generated data according to
example embodiments.

[0009] FIG. 5A is adiagram illustrating a method of generating new data from multi-variable data according to
example embodiments.

[0010] FIG. 5B is a diagram illustrating a method of generating new data from multi-variable data according to

other example embodiments.

DETAILED DESCRIPTION

[0011] Itisto be understood that although this disclosure includes a detailed description of cloud computing,
implementation of the teachings recited herein is not limited to a cloud computing environment. Rather,
embodiments of the instant solution are capable of being implemented in conjunction with any other type of

computing environment now known or later developed.

[0012] One of the problems of generating new data via patent mining is that the process usually only focuses on one
variable or a small set of variables. Another problem is that some variables may be continuous, and some variables

may be discrete which requires different types of data values. The instant solution overcomes these problems.

[0013] The example embodiments are directed to a system that generates new data from a data set (e.g., a table,
etc.) that mimics the cheracteristics and patterns of the original data set. In some embodiments, the system may be
a software application that is hosted on a cloud platform or other host platform. For example, the system can
generate realistic data sets from data sets that include multiple variable types (e.g., discrete, and continuous, etc.)
The system may split the original data set into two mutually-exclusive subsets based on data types and build a

multi-variable data set from the different subsets.

[0014] According to various embodiments, the system may convert the subset of continuous data into discrete
data values through a combination of algorithms. The continuous variables (i.e., variables that can take any value
within a certain range of values, etc.) may be converted into discrete variables through a process that includes
dimension reduction and binning. The binned and reduced continuous variables may then be used to create

contingency tables for the discrete data values in the subset of discrete data values. Furthermore, the system may
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generate a new data set that includes the newly created continuous variables and a newly created subsst of
discrete variables that are extracted from a contingency table. The resulting new table of data has very similar

characteristics and data patterns as the original data set.

[0015] Through the process described herein, new training data for input to a model during a training process can
be generated from scratch rather than extracted from within historical records or purchased from an external
source. Furthermore, the data that is created is very similar to the original data. As aresult, the quality of the data
remains very similar. The data that is generated can then be used to train a model such as a machine learning
model, an artificial intelligence model, or the like. By creating high quality training data, the system enables more

accurate models to be trained using such data.

[0016] Cloud computing is a model of service delivery for enabling convenient, on-demand network access to a
shared pool of configurable computing resources (e.g., hetworks, network bandwidth, servers, processing, memory,
storage, applications, virtual machines, and services) that can be rapidly provisioned and released with minimal
management effort or interaction with a provider of the service. This cloud model may include at least five

characteristics, at least three service models, and at least four deployment models.

[0017] Characteristics are as follows:

[0018] On-demand self-service: a cloud consumer can unilaterally provision computing capabilities, such as
server time and network storage, as needed automatically without requiring human interaction with the service’s

provider.

[0019] Broad network access: capabilities are available over a network and accessed through standard
mechanisms that promote use by heterogeneous thin or thick client platforms (e.g., mobile phones, laptops, and
PDAs).

[0020] Resource pooling: the provider's computing resources are pooled to serve multiple consumers using a
multi-tenant model, with different physical and virtual resources dynamically assigned and reassigned according to
demand. There is a sense of location independencs in that the consumer generally has no control or knowledge
over the exact location of the provided resources but may be able to specify location at a higher level of abstraction

(e.g., country, state, or data center).

[0021] Rapid elasticity: capabilities can be rapidly and elastically provisioned, in some cases automatically, to
quickly scale out and rapidly released to quickly scale in. To the consumer, the capabilities available for

provisioning often appear to be unlimited and can be purchased in any quantity at any time.
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[0022] Measured service: cloud systems automatically control and optimize resource use by leveraging a
metering capability at some level of abstraction appropriate to the type of service (e.g., storage, processing,
bandwidth, and active user accounts). Resource usage can be monitored, controlled, and reported, providing

transparency for both the provider and consumer of the utilized service.

[0023] Service Models are as follows:

[0024] Software as a Service (SaaS); the capability provided to the consumer is to use the provider's applications
running on a cloud infrastructure. The applications are accessible from various client devices through a thin client
interface such as a web browser (e.g., web-based e-mail). The consumer does not manage or control the
underlying cloud infrastructure, including network, servers, operating systems, storage, or even individual

application capabilities, with the possible exception of limited user-specific application configuration settings.

[0025] Platform as a Service (PaaS): the capability provided to the consumer is to deploy onto the cloud
infrastructure consumer-created or acquired applications created using programming languages and tools
supported by the provider. The consumer does not manage or control the underlying cloud infrastructure, including
networks, servers, operating systems, or storage, but has control over the deployed applications and possibly

application hosting environment configurations.

[0026] Infrastructure as a Service (laaS); the capability provided to the consumer is to provision processing,
storage, networks, and other fundamental computing resources where the consumer is able to deploy and run
arbitrary software, which can include operating systems and applications. The consumer does not manage or
control the underlying cloud infrastructure but has control over operating systems, storage, deployed applications,

and possibly limited control of select networking components (e.g., host firewalls).

[0027] Deployment Models are as follows:

[0028] Private cloud: the cloud infrastructure is operated solely for an organization. It may be managed by the

organization or a third party and may exist on-premises or off-premises.

[0029] Community cloud: the cloud infrastructure is shared by several organizations and supports a specific
community with shared concerns (e.g., mission, security requirements, policy, and compliance considerations). It

may be managed by organizations or a third party and may exist on-premises or off-premises.

[0030] Public cloud: the cloud infrastructure is made available to the general public or a large industry group and

is owned by an organization selling cloud services.



WO 2025/103708 PCT/EP2024/079554
5

[0031] Hybrid cloud: the cloud infrastructure is a composition of two or more clouds (private, community, or
public) that remain unique entities but are bound together by standardized or proprietary technology that enables

data and application portability (e.g., cloud bursting for load-balancing between clouds).

[0032] A cloud computing environment is service-oriented with a focus on statelessness, low coupling, modularity,
and semantic interoperability. At the heart of cloud computing is an infrastructure that includes a network of

interconnected nodes.

[0033] Referring now to FIG. 1, a computing environment 100 is depicted. Various aspects of the present
disclosure are described by narrative text, flowcharts, block diagrams of computer systems and/or block diagrams
of the machine logic included in computer program product (CPP) embodiments. With respect to any flowcharts,
depending upon the technology involved, the operations can be performed in a different order than what is shown in
a given flowchart. For example, again, depending upon the technology involved, two operations shown in
successive flowchart blocks may be performed in reverse order, as a single integrated step, concurrently, orin a

manner at least partially overlapping in time.

[0034] A computer program product embodiment ("CPP embodiment" or “CPP”) is a term used in the present
disclosure to describe any set of one, or more, storage media (also called "mediums") collectively included in a set
of one, or more, storage devices that collectively include machine readable code corresponding to instructions
and/or data for performing computer operations specified in a given CPP claim. A "storage device" is any tangible
device that can retain and store instructions for use by a computer processor. Without limitation, the computer
readable storage medium may be an electronic storage medium, a magnetic storage medium, an optical storage
medium, an electromagnetic storage medium, a semiconductor storage medium, a mechanical storage medium, or
any suitable combination of the foregoing. Some known types of storage devices that include these mediums
include: diskette, hard disk, random access memory (RAM), read-only memory (ROM), erasable programmable
read-only memory (EPROM or Flash memory), static random access memory (SRAM), compact disc read-only
memory (CD-ROM), digital versatile disk (DVD), memory stick, floppy disk, mechanically encoded device (such as
punch cards or pitsflands formed in a major surface of a disc) or any suitable combination of the foregoing. A
computer readable storage medium, as that term is used in the present disclosure, is not to be construed as
storage in the form of transitory signals per se, such as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a waveguide, light pulses passing through a fiber optic cable,
electrical sighals communicated through a wire, and/or other transmission media. As will be understood by those of
skill in the art, data is typically moved at some occasional points in time during normal operations of a storage
device, such as during access, de-fragmentation, or garbage collection, but this does not render the storage device

as transitory because the data is not transitory while it is stored.
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[0035] Computing environment 100 contains an example of an environment for executing at least some of the
computer code involved in performing the inventive methods, such as multi-variable data generation process 200.
In addition to the multi-variable data generation process 200, computing environment 100 includes, for example,
computer 101, wide area network (WAN) 102, end-user device (EUD) 103, remote server 104, public cloud 105,
and private cloud 106. In this embodiment, computer 101 includes processor set 110 (including processing circuitry
120 and cache 121), communication fabric 111, volatile memory 112, persistent storage 113 (including operating
system 122 and the multi-variable data generation process 200, as identified above), peripheral device set 114
(including user interface (Ul), device set 123, storage 124, and Internet of Things (loT) sensor set 125), and
network module 115, Remote server 104 includes remote database 130. Public cloud 105 includes gateway 140,

cloud orchestration module 141, host physical machine set 142, virtual machine set 143, and container set 144,

[0036] COMPUTER 101 may take the form of a desktop computer, laptop computer, tablet computer,
smartphone, smartwatch or other wearable computer, mainframe computer, quantum computer or any other form of
computer or mobile device now known or to be developed in the future that is capable of running a program,
accessing a network or querying a database, such as remote database 130. As is well understood in the art of
computer technology, and depending upon the technology, the performance of a computer-implemented method
may be distributed among multiple computers and/or between multiple locations. On the other hand, in this
presentation of the computing environment 100, a detailed discussion is focused on a single computer, specifically
computer 101, to keep the presentation as simple as possible. Computer 101 may be located in a cloud, even
though it is not shown in a cloud in Figure 1. On the other hand, computer 101 is not required to be in a cloud

except to any extent as may be affirmatively indicated.

[0037] PROCESSOR SET 110 includes one, or more, computer processors of any type now known or to be
developed in the future. Processing circuitry 120 may be distributed over multiple packages, for example, multiple,
coordinated integrated circuit chips. Processing circuitry 120 may implement multiple processor threads and/or
multiple processor cores. Cache 121 is a memory that is located in the processor chip package(s) and is typically
used for data or code that should be available for rapid access by the threads or cores running on processor set
110. Cache memories are typically organized into multiple levels depending upon relative proximity to the
processing circuitry. Alternatively, some, or all, of the cache for the processor set may be located “off-chip.” In
some computing environments, processor set 110 may be designed for working with qubits and performing

quantum computing.

[0038] Computer readable program instructions are typically loaded onto computer 101 to cause a series of
operational steps to be performed by processor set 110 of computer 101 and thereby effect a computer-
implemented method, such that the instructions thus executed will instantiate the methods specified in flowcharts
and/or narrative descriptions of computer-implemented methods included in this document (collectively referred to

as “the inventive methods’).  These computer readable program instructions are stored in various types of
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computer readable storage media, such as cache 121 and the other storage media discussed below. The program
instructions, and associated data, are accessed by processor set 110 to control and direct performance of the
inventive methods. In computing environment 100, at least some of the instructions for performing the inventive

methods may be stored in the multi-variable data generation process 200 in persistent storage 113.

[0039] COMMUNICATION FABRIC 111 is the signal conduction paths that allow the various components of
computer 101 to communicate with each other. Typically, this fabric comprises switches and electrically conductive
paths, such as the switches and electrically conductive paths that make up busses, bridges, physical input/output
ports, and the like. Other types of signal communication paths may be used, such as fiber optic communication

paths and/or wireless communication paths.

[0040] VOLATILE MEMORY 112 is any type of volatile memory now known or to be developed in the future.
Examples include dynamic type random access memory (RAM) or static type RAM. Typically, the volatile memory
is characterized by random access, but this is not required unless affirmatively indicated. In computer 101, the
volatile memory 112 is located in a single package and is internal to computer 101, but, alternatively or additionally,

the volatile memory may be distributed over multiple packages and/or located externally with respect to computer
101.

[0041] PERSISTENT STORAGE 113 is any form of non-volatile storage for computers that is now known or to be
developed in the future. The non-volatility of this storage means that the stored data is maintained regardless of
whether power is being supplied to computer 101 and/or directly to persistent storage 113. Persistent storage 113
may be a read-only memory (ROM), but typically at least a portion of the persistent storage allows writing of data,
deletion of data, and re-writing of data. Some familiar forms of persistent storage include magnetic disks and solid-
state storage devices. Operating system 122 may take several forms, such as various known proprietary operating
systems or open source Portable Operating System Interface type operating systems that employ a kernel. The
code included in the context transferring pipeline 200 typically includes at least some of the computer code involved

in performing the inventive methods.

[0042] PERIPHERAL DEVICE SET 114 includes the set of peripheral devices of computer 101. Data
communication connections between the peripheral devices and the other components of computer 101 may be
implemented in various ways, such as Bluetooth connections, Near-Field Communication (NFC) connections,
connections made by cables (such as universal serial bus (USB) type cables), insertion type connections (for
example, secure digital (SD) card), connections made through local area communication networks and even
connections made through wide area networks such as the internet. In various embodiments, Ul device set 123
may include components such as a display screen, speaker, microphone, wearable devices (such as goggles and
smartwatches), keyboard, mouss, printer, touchpad, game controllers, and haptic devices. Storage 124 is external

storage, such as an external hard drive, or insertable storage, such as an SD card. Storage 124 may be persistent
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and/or volatile. In some embodiments, storage 124 may take the form of a quantum computing storage device for
storing data in the form of qubits. In embodiments where computer 101 is required to have a large amount of
storage (for example, where computer 101 locally stores and manages a large database) then this storage may be
provided by peripheral storage devices designed for storing very large amounts of data, such as a storage area
network (SAN) that is shared by multiple, geographically distributed computers. loT sensor set 125 is made up of
sensors that can be used in Internet of Things applications. For example, one sensor may be a thermometer, and

another sensor may be a motion detector.

[0043] NETWORK MODULE 115 is the collection of computer software, hardware, and firmware that allows
computer 101 to communicate with other computers through WAN 102. Network module 115 may include
hardware, such as modems or Wi-Fi signal transceivers, software for packetizing and/or de-packetizing data for
communication network transmission, and/or web browser software for communicating data over the internet. In
some embodiments, network control functions and network forwarding functions of network module 115 are
performed on the same physical hardware device. In other embodiments (for example, embodiments that utilize
software-defined networking (SDN)), the control functions and the forwarding functions of network module 115 are
performed on physically separate devices, such that the control functions manage several different network
hardware devices. Computer readable program instructions for performing the inventive methods can typically be
downloaded to computer 101 from an external computer or external storage device through a network adapter card

or network interface included in network module 115.

[0044] WAN 102 is any wide area network (for example, the internet) capable of communicating computer data
over non-local distances by any technology for communicating computer data now known or to be developed in the
future. In some embodiments, the WAN may be replaced and/or supplemented by local area networks (LANS)
designed to communicate data between devices located in a local area, such as a Wi-Fi network. The WAN and/or
LANs typically include computer hardware such as copper transmission cables, optical transmission fibers, wireless

transmission, routers, firewalls, switches, gateway computers, and edge servers.

[0045] END USER DEVICE (EUD) 103 is any computer system that is used and controlled by an end user (for
example, a customer of an enterprise that operates computer 101) and may take any of the forms discussed above
in connection with computer 101, EUD 103 typically receives helpful and useful data from the operations of
computer 101. For example, in a hypothetical case where computer 101 is designed to provide a recommendation
to an end user, this recommendation would typically be communicated from network module 115 of computer 101
through WAN 102 to EUD 103. In this way, EUD 103 can display, or otherwise present, the recommendation to an
end user. In some embodiments, EUD 103 may be a client device, such as thin client, heavy client, mainframe

computer, desktop computer, and so on.
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[0046] REMOTE SERVER 104 is any computer system that serves at least some data and/or functionality to
computer 101. Remote server 104 may be controlled and used by the same entity that operates computer 101.
Remote server 104 represents the machine(s) that collect and store helpful and useful data for use by other
computers, such as computer 101, For example, in a hypothetical case where computer 101 is designed and
programmed to provide a recommendation based on historical data, this data may be provided to computer 101

from remote database 130 of remote server 104,

[0047] PUBLIC CLOUD 105 is any computer system available for use by multiple entities that provides on-
demand availability of computer system resources and/or other computer capabilities, especially data storage
(cloud storage) and computing power, without direct active management by the user. Cloud computing typically
leverages sharing of resources to achieve coherence and economies of scale. The direct and active management
of the computing resources of public cloud 105 is performed by the computer hardware and/or software of cloud
orchestration module 141. The computing resources provided by public cloud 105 are typically implemented by
virtual computing environments that run on various computers making up the computers of host physical machine
set 142, which is the universe of physical computers in and/or available to public cloud 105. The virtual computing
environments (VCEs) typically take the form of virtual machines from virtual machine set 143 and/or containers
from container set 144. It is understood that these VCES may be stored as images and may be transferred among
and between the various physical machine hosts, either as images or after instantiation of the VCE. Cloud
orchestration module 141 manages the transfer and storage of images, deploys new instantiations of VCEs and
manages active instantiations of VCE deployments. Gateway 140 is the collection of computer software, hardware,

and firmware that allows public cloud 105 to communicate through WAN 102,

[0048] Some further explanations of virtualized computing environments (VCES) will now be provided. VCEs can
be stored as “images.” A new active instance of the VCE can be instantiated from the image. Two familiar types of
VCEs are virtual machines and containers. A container is a VCE that uses operating-system-level virtualization.
This refers to an operating system feature in which the kernel allows the existence of multiple isolated user-space
instances, called containers. These isolated user-space instances typically behave as real computers from the point
of view of programs running in them. A computer program running on an ordinary operating system can utilize all
resources of that computer, such as connected devices, files and folders, network shares, CPU power, and
quantifiable hardware capabilities. However, programs running inside a container can only use the contents of the

container and devices assigned to the container, a feature which is known as containerization.

[0049] PRIVATE CLOUD 106 is similar to public cloud 105, except that the computing resources are only
available for use by a single enterprise. While private cloud 106 is depicted as communicating with WAN 102, in
other embodiments, a private cloud may be disconnected from the internet entirely and only accessible through a
local/private network. A hybrid cloud is a composition of multiple clouds of different types (for example, private,

community, or public cloud types), often respectively implemented by different vendors. Each of the multiple clouds
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remains a separate and discrete entity, but the larger hybrid cloud architecture is bound together by standardized or
proprietary technology that enables orchestration, management, and/or data/application portability between the
multiple constituent clouds. In this embodiment, public cloud 105 and private cloud 106 are both parts of a larger
hybrid cloud.

[0050] In the example embodiments, a host platform such as a cloud platform may have a need to generate new
data that mimics an original set of data. As just one example, the data generation process could be used for
generating training data for training a model such as a machine learning model, an artificial intelligence (Al) model,
or the like. The quality of the training data affects the accuracy of the model. In other words, the better quality the
training data, the more accurate the model. To do this, the newly generated data should have patterns and

characteristics that match the original data, but with rearranged and/or different values.

[0051] FIGS. 2A-2B illustrate a process of generating new data for a data set with multiple types of variables
according to example embodiments. For example, FIG. 2A illustrates a process 215 of generating a new table of
data 230 from an original table of data 210 based on the multi-variable data generation process according to the
example embodiments. Furthermore, FIG. 2B illustrates a sequence of steps 240 that are included in the process
shown in the example of FIG. 2A. Referring to FIGS. 2A and 2B, the original table 210, also referred to herein as an
original data set, is used to generate a new data set that has similar patterns, characteristics, etc. as the original
table. Here, the original table 210 includes both discrete values (e.g., where the value is a value selected from
predefined choices) and continuous values (e.g., where the value can be any value within a range of values or

interval, etc.)

[0052] According to various embodiments, in 241, an original data set such as the original table 210 is received.
In 242, the system may divide the original data set 210 into two subsets of data including a subset of continuous
data 211 and a subset of discrete data 212. The subset of continuous data 211 includes columns of data values
that have a continuous-type of data value (e.g., floating point, numeric, decimal, etc.) while the subset of discrete
data 212 includes columns of data values that have a discrete-type of data value (e.g., finite, numeric, integer that
is countable). Here, the system may store the subsst of continuous data 211 and the subset of discrete data 212
in a storage device such as a memory. The subsst of continuous data 211 may include non-integer values that

have decimal places, a value from among a range / interval of values, and/or the like.

[0053] In 243, the system may transform the subsst of continuous data 211 into a second subset of discrete data
values based on a combination of variable / dimension reduction and data binning which can be used to convert
traditional decimal values / float values into discrete values that include a finite, numeric, value that is in integer
form. An example of transforming data from continuous form to discrete form is shown and described with respect
to FIG. 3B. In 244, the system may construct conditional contingency tables that include contingencies of discrete

variables based on existing discrete values in the original data set. The conditional contingency tables may be
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generated based on the subset of discrete data 212 extracted from the original data set 210 and the discrete values
transformed in step 243. The conditional contingency tables may include rearrangements of values from the original

data set as well as new data or values 213, different data, and the like.

[0054] In 245, the system may generate a new continuous subset of data from the continuous subset of data 211.
Here, the system may generate the continuous data using an existing data generation method. In 246, the
continuous data may be combiner 220 with discrete data values from one or more of the contingency tables 214 to
generate the new data table 230. The new data table 230 may be the same size as the original data table 210 with
different values that are similar in pattern and characteristic as the original data values in the original data table
210.

[0055] FIGS. 3A-3F illustrate processes for building contingency tables and using the contingency tables to
generate new data according to example embodiments. For example, FIG. 3A illustrates a process 300A of splitting
an original data set 310 into a first subset 320 and a second subset 330 based on data type of the values stored in
the original data set 310. In this example, the original data set 310 includes a table with columns 311, 312, 313,
314, 315, and 316 filled with data values. Each column has its own data type stored therein. In this example,
continuous-type data is stored within columns 311, 313, and 315, while discrete-type data is stored within columns
312, 314, and 316. Here, a continuous-type data value refers to data value that is continuous while a discrete-type

data value refers to a data value that is discrete.

[0056] According to various embodiments, the system described herein may divide up the original data set 310 by
columns. Here, the system may store the columns 311, 313, and 315 with continuous-type data values stored
therein within the first subset 320 and the system may store the columns 312, 314, 316, with the discrete-type data
values therein within the second subset 330. For example, the system may check a data type that is associated

with each column using metadata within the table, etc.

[0057] FIG. 3B illustrates a process 300B of converting the first subset 320 of continuous-type data valuesinto a
second subset 324 of discrete-type values in accordance with example embodiments. Here, the system may apply /
execute a PCA algorithm 342 on the first subset 320 to reduce the number of columns within the first subset 320 to
a dimensionally-reduced subset 322 based on similarity of values amongst the columns. Next, the system may
execute a data binning operation 344 on the dimensionally-reduced subset 322 to generate the second subset 324

of discrete-type values.

[0058] FIG. 3C illustrates a process 300C of generating a plurality of contingency tables including contingency
table 360 and contingency table 370 based on the second subset 324 of discrete data values and the first subset
330 of discrete data values. Here, a combiner 220 may use a predefined algorithm to combine data from both of the

second subset 324 of discrete data values and the first subset 330 of discrete data values. The combiner 220 may
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use a predefined algorithm. For example, the combiner 220 may select a first value from a first column the second
subset 324 of discrete data values (i.e., the value “100") and select a subset of values from the first subset of
discrete values to generate the conditional contingency table 360. Likewise, the combiner 220 may select a second
value from a first column the second subset 324 of discrete data values (i.e., the value ‘8") and select a subset of
values from the first subset of discrete values to generate the conditional contingency table 370. This process may
iteratively repeat for all possible values in the first column, etc. Each of the entries in a conditional contingency
table may also include a probability that is generated by the system, and which represents a likelihood of the entry

being found in another conditional contingency table.

[0059] FIG. 3D illustrates a process 300D of generating a new continuous data set 372 based on execution of a
continuous data-generator algorithm 370 on the first subset 320 of continuous data values. Here, the algorithm 370
may be any known in the art. FIG. 3E illustrates a process 300E of adding subsets of discrete values to the hew
continuous data set 372 to generate a new data set 380 with both continuous values already therein in columns
381, 382, 383, 384, and 385, and empty spaces in columns 386, 387, and 388 for discrete values therein that
matches the original data set 310 in both characteristics and patterns. Here, a subset of data 362 from the
conditional contingency table 360 is added / appended within columns 386, 387, and 388 of the new data set 380.
FIG. 3F illustrates another process 300F of adding a subset of data 372 from the conditional contingency table 370
to the new data set 380.

[0060] FIG. 4 illustrates a process 400 of training a model 424 via an execution engine 422 hosted by a host
platform 420 according to example embodiments. The model 424 may include a machine learning model, an Al
model, and the like. Referring to FIG. 4, a host platform 420 may host an IDE 410 (integrated development
environment) where models may be developed, trained, retrained, and the like. In this example, the IDE 410 may
include a software application with a user interface accessible by a user device over a network or through a local
connection. For example, the IDE 410 may be embodied as a web application that can be accessed at a network
address, URL, etc by a device. As another example, the IDE 410 may be locally or remotely installed on a

computing device used by a user.

[0061] The IDE 410 may be used to design the model 424 (via a user interface of the IDE). The model 424 may
receive input and generate an output response which can be displayed on a user interface / dashboard of a
software application that displays content during meetings between user devices. The model 424 can be executed /
trained based on the training data established via the user interface. For example, the user interface may be used
to build a new model. The training data for training such a new model may be provided from a training data store
such as a database 430. The training data stored within the database 430 may include tables of data such as
database tables with rows and columns of data. Furthermore, according to various embodiments, the training data

stored within the database 430 may be generated based on the data generation methods described herein.
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[0062] During training, the model 424 may be executed on training data (e.g., a newly-generated data record 432,
etc.) via the execution engine 422 of the host platform 420. The training data including the newly-generated data
record 432 may be queried from the database 430, vectorized if necessary, and executed by the model 424. The
model 424 may learn patterns and the like within the data in the newly-generated data record 432. The trained

model may be stored in a repository 426 where it can be retrieved for use at a subsequent time.

[0063] FIG. 5A illustrates a method 500 of generating new data from multi-variable data according to example
embodiments, and FIG. 5B illustrates a method 510 of generating hew data from multi-variable data according to
example embodiments. Referring to FIG. 5A, in 501, the method may include storing an original data set in
memory. In 502, the method may include splitting the original data set into a subset of continuous-type data values
and a subset of discrete-type data values based on variable types in the original data set. In 503, the method may
include converting the subset of continuous-type data values into a second subset of discrete-type data values

based on a data binning operation.

[0064] In 504, the method may include generating a new subset of continuous-type data values based on the
subset of continuous-type data values in the original data set. In 505, the method may include combining a subsst
of discrete-type data values from a conditional contingency table within the new subset of continuous-type data

values to generate a new data set.

[0065] Referring now to FIG. 5B, in some embodiments, in 511, the method may further include splitting the table
into a subset of columns of the continuous-type data values and a second subset of columns of the discrete-type
data values within the table. In 512, the method may further include generating a conditional contingency table that
includes rows of data within the subset of columns of continuous-type data values that share a common value for
one of the discrete-type data values. In 513, the method may further include determining a probability of each of the
rows of data within the conditional contingency table being within a different conditional contingency table from
among the plurality of conditional contingency tables, and adding the probability to each of the rows of data within

the conditional contingency table.

[0066] In 514, the method may further include executing a principal analysis component (PCA) model on the
subset of continuous-type data values to reduce a number of dimensions within the subset of continuous-type data
values and executing the data binning operation on the reduced number of dimensions to generate the second
subset of discrete-type data values. In 515, the method may further include generating a plurality of conditional
contingency tables that include different subsets of discrete-type values from the second subset of discrete-type
data values, and generating the new subset of continuous-type data values after the plurality of conditional
contingency tables is generated. In 516, the method may further include executing a machine learning model on the
new data set, determining a predictive performance of the machine learning model, and displaying the predictive

performance via a user interface.
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[0067] In another embodiment, a method may include one or more of storing an original data set, splitting the
original data set into a subset of continuous-type data values and a subset of discrete-type data values based on
variable types in the original data set, converting the subsst of continuous-type data values into a second subsst of
discrete data values based on a data binning operation, generating a plurality of conditional contingency tables that
include different subsets of discrete-type values from the second subset of discrete-type data values, generating a
new subsest of continuous-type data values based on the subset of continuous-type data values in the original data
set, and selecting a conditional contingency table from among the plurality of conditional contingency tables and
combining a subset of discrete-type data values from the selected conditional contingency table within the new

subset of continuous-type data values to generate a new data set.

[0068] One embodiment provides a method for enhancing the efficiency and accuracy of training machine
learning (ML) models. The method involves the utilization of a specialized data pre-processing module designed to

refine the input data for an ML system, ensuring that the data is in an optimal format for learning.

[0069] The data pre-processing module operates by first categorizing the input data into various types based on
their inherent characteristics, such as temporal, spatial, categorical, or numerical. Once categorized, a series of
data transformation techniques are employed, specific to each data type. A Fourier transform may be applied for
temporal data to extract significant frequency components. Spatial data may be processed through a convolution
operation to emphasize structural elements, while categorical data could be encoded using one-hot encoding or

similar techniques to facilitate easier pattern recognition by the ML model.

[0070] The module implements a hovel data normalization approach following the categorization and initial
processing. Unlike traditional normalization techniques that uniformly scale numeric data, the instant solution
adapts the scaling based on the distribution characteristics of each data type. For example, data exhibiting a
Gaussian distribution may be normalized differently than data with a bimodal distribution, enabling the ML model to

better understand and learn from the unique patterns within the data.

[0071] The method further comprises a feature extraction process that employs advanced functionality to identify
and select the most relevant features from the pre-processed data. This process uses a hybrid approach combining
both supervised and unsupervised learning techniques to determine feature relevance, thereby reducing the data’s

dimensionality and enhancing the ML model's learning efficiency.

[0072] Another aspect of the embodiment involves the integration of a continuous feedback mechanism between
the ML model and the data pre-processing module. This feedback allows the pre-processing module to adapt its
parameters dynamically, optimizing the data transformation processes in real-time based on the performance of the
ML model. Such a feedback loop ensures that the model receives consistently refined data for better training

outcomes. The current embodiment may also include a model validation system that operates in parallel with the
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ML model training process. The validation system uses a portion of the pre-processed data to continually assess
the accuracy of the model, providing insights into the model's performance and highlighting potential areas for
improvement. This system is designed to be modular, allowing for easy integration with different types of ML

models and architectures.

[0073] In afurther embodiment of the instant solution, a robust computing system is provided, which facilitates
the advanced generation and processing of synthetic datasets for the training of ML models in healthcare. This
system specifically addresses the privacy concerns and data scarcity often encountered in medical data analysis.
The computing system employs an innovative synthetic data generation engine (SDGE) that interfaces with a

secure healthcare data repository containing sensitive patient information.

[0074] The SDGE incorporates a unique ensemble of functionality, including generative adversarial networks
(GANs), differential privacy mechanisms, and domain-specific heuristics, to produce synthetic data that closely
mirrors the statistical properties of the original healthcare datasets without compromising individual privacy. The
generated synthetic data retains critical medical correlations and patterns necessary for the effective training of ML

models.

[0075] The system includes a data verification module (DVM) that applies a series of domain-specific data validity
checks to ensure that the synthetic data is of high quality and utility. For example, the DVM can verify that
generated synthetic blood glucose levels are within medically plausible ranges and maintain realistic relationships

with other variables such as medication dosage and patient weight.

[0076] For example, the computing system is configured to operate within hospital information systems. It
integrates seamlessly with electronic health record (EHR) systems, receiving anonymized patient data, which it
then uses as a basis for synthetic data generation. The system'’s interface is designed to be used by healthcare
professionals, data scientists, and compliance officers, ensuring that the generated data adheres to regulatory
standards such as HIPAA in the United States. The system features a model training and evaluation platform that
utilizes synthetic data to train various ML models, such as those for predictive diagnostics, treatment
recommendation systems, and patient readmission risk models. The platform includes a feedback loop where
model performance metrics are analyzed to iteratively refine the synthetic data generation process, thus enhancing

the relevancy and accuracy of the synthetic datasets over time.

[0077] The instant solution not only generates privacy-compliant synthetic data but also validates and iteratively

improves this data through a closed-loop system that considers the performance of downstream ML models.

[0078] In one embodiment of the instant solution, an integrated computing system is presented for optimizing

agricultural yield through precision farming. The system comprises a distributed network of interconnected nodes,
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referred to as the Agricultural Cloud Network (ACN), which is embedded within an agricultural environment. This
ACN is designed to collect, process, and analyze vast data points from various sources, including satellite imagery,

soil sensors, weather stations, and loT-enabled agricultural machinery.

[0079] At the core of the ACN is a multi-variable data generation process (MVDGP), which synthesizes data to
create highly accurate models of agricultural ecosystems. The MVDGP uses advanced functionality to process real-
time data on soil moisture levels, nutrient content, plant health, and micro-climate conditions to generate synthetic
datasets that represent possible future states of the agricultural environment under different scenarios. These
synthetic datasets are crucial for running predictive analytics to inform farming decisions such as crop rotation,

irrigation scheduling, and fertilizer application.

[0080] For example, the ACN is equipped with an array of Edge Processing Units (EPUs), strategically placed
throughout the farm. These EPUs perform on-site data processing to minimize latency, allowing for real-time
agricultural decision-making. They can run lightweight versions of the MVYDGP to produce immediate, actionable
insights directly in the field. The ACN integrates a Dynamic Model Training Module (DMTM) that continuously trains
and refines predictive models based on both historical and freshly generated synthetic data. The DMTM leverages
the synthetic data to enhance the models' accuracy, particularly in forecasting pest outbreaks, predicting crop
diseases, and optimizing harvest timing. The instant solution employs real-time generation of synthetic data that is
immediately applicable to day-to-day agricultural management, a process that traditionally relies on historical data
and often results in delayed decision-making. The embodiment’s integration of the ACN with EPUs and DMTM
introduces a novel approach to precision farming, where decisions are informed by predictive analytics that

simulate future conditions rather than solely relying on reactive strategies.

[0081] This embodiment could be implemented by agricultural technology firms, cooperative farming groups, and
independent farmers to enhance crop yields, reduce waste, and increase overall farm efficiency. By leveraging the
interconnected components of the invention, the ACN provides a scalable and adaptable solution for the agricultural

industry to address the challenges of food security and sustainability.

[0082] In one embodiment of the instant solution, a financial analytics service is presented by a cloud-based
platform. This service is aimed at enabling banks to predict loan defaults based on historical customer data. The
platform utilizes a Central Processing Service (CPS) for orchestration and Distributed Processing Units (DPUs) for

data handling and computations, which are connected via a secure cloud network.

[0083] The CPS, powered by a high-throughput, multicore server-grade CPU, initiates the process by sending a
message to the data storage system to retrieve the original dataset, which includes customer demographics, credit

history, transaction records, and loan repayment statuses. The data storage system, which is a high-availability
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cluster with in-memory data grids for fast access, receives this message and responds by loading the requested

dataset into the active memory for processing.

[0084] The CPS issues a command to the DPUs to begin splitting the dataset. Each DPU, equipped with a
capable processor designed for parallel data processing tasks, receives a subset of the original dataset. The DPUs
analyze their respective subsets, categorizing the data into continuous-type (e.g., income levels, loan amounts) and
discrete-type (e.g., marital status, education level) values, and then send an acknowledgment back to the CPS

confirming the completion of this task.

[0085] For the conversion of continuous data into discrete data, the CPS dispatches a binning functionality along
with parameters to the DPUs. The DPUs execute this functionality, transforming continuous variables such as
income into binned categories (e.g., low, medium, and high income). Each DPU processes its data segment

concurrently and sends a message back to the CPS with metadata describing the transformation upon completion.

[0086] The generation of conditional contingency tables is then orchestrated by the CPS, which sends out
instructions to the DPUs to construct these tables from the binned data. The DPUs perform this task, creating
multiple contingency tables that reflect the relationships between various discrete data points and then transmitting

them back to the CPS, consolidating them into a comprehensive model.

[0087] The CPS directs the DPUs to generate a new subset of continuous data based on the original values,
using statistical modeling techniques to predict future loan repayment probabilities. After the DPUs generate this
new data, it is combined with the selected contingency tables, as instructed by the CPS, to create an enriched
dataset. This new dataset is sent back to the CPS, which then stores it in the data repository for subsequent access

and analysis.

[0088] In one embodiment, the instant solution is utilized in an enterprise resource planning (ERP) system for a
manufacturing company that aims to optimize its supply chain efficiency. The instant solution integrates a Central
Data Management Server (CDMS) with several Operational Data Processors (ODPs) distributed across different
manufacturing units. The CDMS, functioning on a high-capacity, multi-core processing unit, initiates the enablement
process by dispatching a request to the manufacturing units' databases for the retrieval of the original dataset,
which may include inventory levels, production rates, material costs, and shipment schedules. These databases,
running on dedicated servers optimized for high 1/0 throughput and data integrity, respond by sending the
requested tables containing the relevant continuous and discrete data values back to the CDMS. Upon receiving
the datasets, the CDMS issues a directive to the ODPs to commence the splitting operation. Each ODP, equipped
with a robust CPU that is adept at handling complex data operations, receives a portion of the dataset. The ODPs

then proceed to categorize the data into subsets of columns with continuous data values (like material costs) and
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discrete data values (such as shipment schedules) based on the variable types indicated in the dataset schema.

They send back a confirmation message to the CDMS once the splitting is complete.

[0089] The CDMS, after receiving the confirmations, sends out further instructions to the ODPs to apply the
designated binning operations to the continuous data subsets. These operations involve categorizing continuous
data into discrete bins to simplify the analysis—for example, material costs could be binned into low, medium, and

high-cost categories.

[0090] After the binning operation, the ODPs generate the conditional contingency tables as instructed by the
CDMS. These tables map the relationships between different discrete data types post-binning, which are crucial for
predictive analytics in the supply chain context. The ODPs then transmit these tables back to the CDMS for

consolidation and further analysis.

[0091] Finally, the CDMS combines the received conditional contingency tables with the hew subsst of
continuous data values. This enriched dataset is then used for predictive modeling, providing insights into potential
supply chain bottlenecks, and helping to streamline operations. The CDMS sends a message confirming the
successful integration of the tables to the ODPs and makes the new dataset available for supply chain managers

through the ERP system interface.

[0092] The CDMS, with its powerful processing capabilities, serves as the command center, while the ODPs,
positioned closer to the data sources, perform the data processing tasks, and provide quick feedback to the CDMS.
This structure enables the system to efficiently process large datasets, reduce the complexity of the data, and

enhance the decision-making process in the manufacturing company's supply chain management.

[0093] In one embodiment, a system designed for traffic management within a smart city infrastructure is
considered. The system comprises a Central Traffic Data Server (CTDS) and a network of Edge Traffic Processors
(ETPs) located at various traffic signal control centers throughout the city. The CTDS, powered by a server-grade
multicore processor capable of handling large-scale data analytics, sends a retrieval request to the traffic signal
databases for access to the original dataset. This dataset includes continuous-type data values such as vehicle flow
rates and speed and discrete-type data values like traffic light states and incident reports. The traffic signal
databases, which are maintained on high-availability storage systems with processors optimized for real-time data

transactions, respond by transferring the datasets to the CTDS.

[0094] Upon receiving the datasets, the CTDS dispatches an instruction to the ETPs to execute the data splitting
operation. Each ETP, equipped with specialized processors designed for low-latency data processing and capable

of executing localized decision-making functionality, receives a segment of the dataset. The ETPs analyze the data,
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separating it into columns of continuous and discrete data types based on pre-defined criteria that distinguish

between the two data value types, and then acknowledge the completion of this task to the CTDS.

[0095] The CTDS then instructs the ETPs to generate conditional contingency tables that will reflect the
probabilities of certain traffic patterns given the discrete data values. The ETPs create these tables by aggregating
data from similar traffic conditions and determining the likelihood of various traffic flow scenarios. These
contingency tables are then sent back to the CTDS, which consolidates the information received from multiple

ETPs across the city.

[0096] This system enables the CTDS to model and predict traffic conditions with greater accuracy, leading to
optimized signal timing and improved traffic flow management. In this case, the CTDS acts as the central

orchestrator, while the ETPs are the frontline processors that handle the immediate data processing tasks.

[0097] A predictive maintenance system for industrial equipment within a manufacturing facility is considered in
one embodiment. The system comprises a Central Analytics Processing Unit (CAPU) and multiple Equipment Data
Processing Nodes (EDPNS) located at various manufacturing points, interfacing directly with the equipment sensors
and controllers. The CAPU, which operates on a high-performance, multi-core processor capable of sophisticated
data analytics and ML tasks, initiates the enablement process by sending a query to the EDPNs to collect the
original dataset. This dataset consists of continuous-type data values like equipment vibration frequencies,
temperatures, operating speeds, discrete-type data values such as on/off status, maintenance logs, and error
codes. The EDPNs, which are equipped with ruggedized processors designed for industrial environments and
capable of pre-processing sensor data, respond by transmitting the real-time equipment data to the CAPU. Once
the CAPU has received the equipment data, it dispatches a set of instructions to the EDPNs to commence the data
categorization process. The EDPNs process the data, categorizing it into subsets of columns with continuous data
values (e.g., vibration frequencies and temperatures) and discrete data values (e.g., on/off status and maintenance

logs), and then send a message back to the CAPU confirming the completion of this task.

[0098] Following this, the CAPU sends a message back to the EDPNs with functionality for generating a
conditional contingency table based on the subset of discrete data values. The EDPNs execute this functionality,
which involves calculating the probability of occurrence of each discrete data value in relation to other discrete
values, a key step for identifying patterns that could indicate potential equipment failures. These probabilities are
included as additional data points in the conditional contingency table, which are then sent back to the CAPU for

further analysis.

[0099] The CAPU, acting as the central command, consolidates the conditional contingency tables received from

the various EDPNs and utilizes them to refine predictive models for equipment maintenance.
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[00100] The CAPU and the EDPNSs are in constant communication; the CAPU sends commands, and the EDPNs
respond with data and confirmations. This exchange allows for the dynamic processing and analysis of equipment
data, enabling the predictive maintenance system to operate effectively and to provide actionable insights to the

maintenance team.

[00101] A consumer behavior analysis system for a large online retailer is presented in one embodiment. This
instant solution consists of a Central Analysis Server (CAS) and a series of Data Analysis Nodes (DANS) designed
for high-speed data processing. The CAS, equipped with a scalable, multi-processor architecture, orchestrates the
data analysis workflow, and communicates with the DANs, which are each ouffitted with high-frequency CPUs
optimized for data mining and ML tasks. The process begins with the CAS sending a retrieval request to the
retailer's transactional database servers to access the original dataset, which includes continuous-type data such
as time spent on each page, prices of items, and the number of items purchased, along with discrete-type data
such as item categories and user ratings. These database servers, running on powerful processors with fast
memory access, respond by transferring the requested data to the CAS. Upon receiving the dataset, the CAS
dispatches a directive to the DANs to perform Principal Component Analysis (PCA). The PCA operation is designed
to reduce the dimensionality of the continuous data, simplifying the dataset while preserving its statistical

properties. The DANSs, upon receiving the instruction, execute the PCA model and then apply a data binning
operation to transform the reduced continuous data into discrete data values, which are categorized into meaningful

intervals or bins.

[00102] Each DAN processes its allocated segment of the dataset and communicates the resulting binned data
back to the CAS upon completion. The message sent from each DAN contains details of the transformation

process, including the new discrete values and their corresponding intervals.

[00103] The CAS, acting as the central processing hub, receives these messages from the DANs and integrates
the newly binned data with the original discrete data values. This integrated dataset is then used to generate
insights into consumer behavior, such as identifying purchasing patterns and predicting future sales trends. In the
current embodiment, the CAS leverages its multi-processor capability to coordinate the analysis workflow, while the
DANSs utilize their data processing power to perform PCA and binning operations efficiently. The communication
between the CAS and the DANs ensures that the data analysis is both comprehensive and scalable, allowing the

online retailer to adapt quickly to changing consumer behaviors and market conditions.

[00104] A Data Compilation and Analysis System (DCAS) interfacing with Clinical Data Processors (CDPs) at
various trial sites is presented in one embodiment. The DCAS, which operates on a multi-core, high-performance
central processing unit (CPU) capable of complex analytical computations and data synthesis, initiates the data
analysis process by sending out a request to all CDPs for the collection of patient clinical trial data. This data

comprises both continuous variables, such as dosage levels and biometric readings, and discrete variables, like
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genetic markers and the presence or absence of specific symptoms. The CDPs, powered by reliable and secure
processors designed for medical data collection and preliminary analysis, respond by transmitting the requested
datasets to the DCAS. When the datasets are received, the DCAS issues a command to the CDPs to initiate the
creation of conditional contingency tables. Each CDP, handling its portion of the data, starts to compile tables that
associate the probability of clinical outcomes with various discrete variables. For example, a contingency table
might correlate the efficacy of a medication with a specific genetic marker present within a subset of trial
participants. As part of this instant solution, each CDP calculates probabilities for the occurrences of clinical
outcomes based on the shared common values for discrete data types across different patient datasets. These
probabilities are integral to the clinical trial as they help identify potential correlations or causations. After the
calculations, each CDP sends a message back to the DCAS containing the constructed conditional contingency

tables along with the associated probabilities for each row of data.

[00105] The DCAS, upon receiving these contingency tables, integrates them into a comprehensive model that
helps in the predictive analysis of the clinical trial outcomes. The research analysts can then utilize this integrated
model to determine the efficacy of treatment protocols and make informed decisions about the next phases of the
clinical trials. In the current embodiment, the DCAS acts as the orchestrator, sending out requests and processing
instructions, while the CDPs serve as the executors of the specific data processing tasks. The messages
exchanged between the DCAS and the CDPs involve data requests, processing commands, and confirmations,

enabling a seamless workflow that optimizes the analysis of clinical trial data for future treatment improvements.

[00106] In one embodiment, an e-commerce recommendation system is presented, managed by a Cloud-Based
Analytics Server (CBAS), and connected to multiple Data Processing Units (DPUs) spread across various data
centers. The CBAS has a robust, scalable processor architecture designed for data-intensive ML tasks, while the
DPUs are equipped with processors that specialize in rapid data transformation and analysis. The CBAS initiates
the process by dispatching a request to the e-commerce platform's transactional database, seeking to retrieve an
original dataset that includes continuous-type data such as customer dwell time on product pages and purchase
amounts and discrete-type data like product categories and customer reviews. The database, operating on a high-
availability server with a multi-threaded processor, responds by transmitting the detailed transactional records to the
CBAS for further processing. Upon receiving the dataset, the CBAS sends a series of instructions to the DPUs to
perform data splitting. Each DPU, utilizing a processor capable of parallel data operations, segregates the dataset
into continuous and discrete subsets. After sorting the data, the DPUs generate new subsets of continuous data

values based on statistical modeling techniques and report the completion of these tasks back to the CBAS.

[00107] The CBAS instructs the DPUs to conduct a Principal Component Analysis (PCA) on the subset of
continuous data values to reduce dimensionality. The DPUs apply the PCA model and then perform a data binning
operation on the dimensionally reduced data to convert it into a discrete format. The results of these operations are

sent back to the CBAS in a structured format ready for further analysis. The CBAS executes an ML model on the
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new dataset to determine predictive performance. It utilizes the discrete and continuous data subsets to train the
model, assessing its accuracy in predicting customer behavior and product preferences. The performance metrics,
derived from the ML model's execution, are compiled into a report by the CBAS. The CBAS sends a message to
the e-commerce platform’s user interface, detailing the predictive performance of the recommendation system. This
message includes a summary of the performance metrics, which may be displayed on a dashboard accessible by
the e-commerce platform’s analytics team. The user interface, supported by a web server with a processor
optimized for serving dynamic content, may receive the performance report and updates the dashboard in real time.
In the current embodiment, the CBAS is responsible for coordinating the overall predictive analysis process, while

the DPUs handle the computational tasks related to data transformation and ML model training.

[00108] The above embodiments may be implemented in hardware, in a computer program executed by a
processor, in firmware, or in a combination of the above. A computer program may be embodied on a computer
readable medium, such as a storage medium. For example, a computer program may reside in random access
memory ("“RAM”), flash memory, read-only memory (“‘ROM"), erasable programmable read-only memory
("EPROM"), electrically erasable programmable read-only memory (“EEPROM"), registers, hard disk, a removable

disk, a compact disk read-only memory (“CD-ROM”), or any other form of storage medium known in the art.

[00109] Although an exemplary embodiment of at least one of a system, method, and computer readable medium
has been illustrated in the accompanying drawings and described in the foregoing detailed description, it will be
understood that the application is not limited to the embodiments disclosed but is capable of numerous
rearrangements, modifications, and substitutions as set forth and defined by the following claims. For example, the
system's capabilities of the various figures can be performed by one or more of the modules or components
described herein or in a distributed architecture and may include a transmitter, receiver, or pair of both. For
example, all or part of the functionality performed by the individual modules may be performed by one or more of
these modules. Further, the functionality described herein may be performed at various times and in relation to
various events, internal or external to the modules or components. Also, the information sent between various
modules can be sent between the modules via at least one of: a data network, the Internet, a voice network, an
Internet Protocol network, a wireless device, a wired device and/or via a plurality of protocols. Also, the messages
sent or received by any of the modules may be sent or received directly and/or via one or more of the other

modules.

[00110] One skilled in the art will appreciate that a “system” could be embodied as a personal computer, a server,
a console, a personal digital assistant (PDA), a cell phone, a tablet computing device, a smartphone, or any other
suitable computing device, or combination of devices. Presenting the above-described functions as being
performed by a “system” is not intended to limit the scope of the present application in any way but is intended to
provide one example of many embodiments. Indeed, methods, systems, and apparatuses disclosed herein may be

implemented in localized and distributed forms consistent with computing technology.
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[00111] It should be noted that some of the system features described in this specification have been presented as
modules in order to more particularly emphasize their implementation independence. For example, a module may
be implemented as a hardware circuit comprising custom very large-scale integration (VLSI) circuits or gate arrays,
off-the-shelf semiconductors such as logic chips, transistors, or other discrete components. A module may also be
implemented in programmable hardware devices such as field programmable gate arrays, programmable array

logic, programmable logic devices, graphics processing units, or the like.

[00112] A module may also be at least partially implemented in software for execution by various types of
processors. An identified unit of executable code may, for instance, comprise one or more physical or logical blocks
of computer instructions that may, for instance, be organized as an object, procedure, or function. Nevertheless, the
executables of an identified module need not be physically located together but may comprise disparate
instructions stored in different locations which, when joined logically together, comprise the module and achieve the
stated purpose for the module. Further, modules may be stored on a computer-readable medium, which may be, for
instance, a hard disk drive, flash device, random access memory (RAM), tape, or any other such medium used to

store data.

[00113] Indeed, a module of executable code could be a single instruction or many instructions and may even be
distributed over several different code segments, among different programs, and across several memory devices.
Similarly, operational data may be identified and illustrated herein within modules and may be embodied in any
suitable form and organized within any suitable type of data structure. The operational data may be collected as a
single data set or may be distributed over different locations, including over different storage devices, and may

exist, at least partially, merely as electronic signals on a system or network.

[00114] It will be readily understood that the components of the application, as generally described and illustrated
in the figures herein, may be arranged and designed in a wide variety of different configurations. Thus, the detailed
description of the embodiments is not intended to limit the scope of the application as claimed but is merely

representative of selected embodiments of the application.

[00115] One having ordinary skill in the art will readily understand that the above may be practiced with stepsin a
different order and/or with hardware elements in configurations that are different from those which are disclosed.
Therefore, although the application has been described based upon these preferred embodiments, it would be
apparent to those of skill in the art that certain modifications, variations, and alternative constructions would be

apparent.,

[00116] While preferred embodiments of the present application have been described, it is to be understood that

the embodiments described are illustrative only, and the scope of the application is to be defined solely by the
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appended claims when considered with a full range of equivalents and modifications (e.g., protocols, hardware

devices, software platforms, etc.) thereto.
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CLAIMS

1. An apparatus comprising:
amemory configured to store an original data set; and
a processor configured to:
split the original data set into a subset of continuous-type data values and a subset of discrete-
type data values based on variable types in the original data set,
convert the subset of continuous-type data values into a second subset of discrete-type data
values based on a data binning operation,
generate a new subset of continuous-type data values based on the subset of continuous-type
data values in the original data set, and
combine a subset of discrete-type data values from a conditional contingency table within the new

subset of continuous-type data values to generate a new data set.

2. The apparatus of claim 1, wherein the original data set comprises a table, and the processor is configured
to split the table into a subset of columns of the continuous-type data values and a second subset of columns of the

discrete-type data values within the table.

3. The apparatus of claim 2, wherein the processor is configured to generate a conditional contingency table
that includes rows of data within the subset of columns of continuous-type data values that share a common value

for one of the discrete-type data values.

4, The apparatus of claim 3, wherein the processor is configured to determine a probability of each of the
rows of data within the conditional contingency table being within a different conditional contingency table from
among the plurality of conditional contingency tables, and add the probability to each of the rows of data within the

conditional contingency table.

5. The apparatus of claim 1, wherein the processor is configured to execute a principal analysis component
(PCA) model on the subset of continuous-type data values to reduce a number of dimensions within the subset of
continuous-type data values and execute the data binning operation on the reduced number of dimensions to

generate the second subsst of discrete-type data values.

6. The apparatus of claim 1, wherein the processor is configured to generate a plurality of conditional
contingency tables that include different subsets of discrete-type values from the second subset of discrete-type
data values, and to generate the new subset of continuous-type data values after the plurality of conditional

contingency tables is generated.



WO 2025/103708 PCT/EP2024/079554
26

7. The apparatus of claim 1, wherein the processor is configured to execute a machine learning model on the
new data set, determine a predictive performance of the machine learning model, and display the predictive

performance via a user interface.

8. A method comprising:

storing an original data set in memory;

splitting the original data set into a subset of continuous-type data values and a subset of discrete-type
data values based on variable types in the original data set;

converting the subset of continuous-type data values into a second subset of discrete-type data values
based on a data binning operation;

generating a new subset of continuous-type data values based on the subset of continuous-type data
values in the original data set; and

combining a subset of discrete-type data values from a conditional contingency table within the hew

subset of continuous-type data values to generate a new data set.

9. The method of claim 8, wherein the original data set comprises a table, and the splitting comprises splitting
the table into a subset of columns of the continuous-type data values and a second subset of columns of the

discrete-type data values within the table.

10. The method of claim 9, wherein the method further comprises generating a conditional contingency table
that includes rows of data within the subset of columns of continuous-type data values that share a common value

for one of the discrete-type data values.

1. The method of claim 10, wherein the method further comprises determining a probability of each of the
rows of data within the conditional contingency table being within a different conditional contingency table from
among the plurality of conditional contingency tables, and adding the probability to each of the rows of data within

the conditional contingency table.

12. The method of claim 8, wherein the method further comprises executing a principal analysis component
(PCA) model on the subset of continuous-type data values to reduce a number of dimensions within the subset of
continuous-type data values and executing the data binning operation on the reduced number of dimensions to

generate the second subsst of discrete-type data values.

13. The method of claim 8, wherein the method further comprises generating a plurality of conditional
contingency tables that include different subsets of discrete-type values from the second subset of discrete-type
data values, and generating the new subset of continuous-type data values after the plurality of conditional

contingency tables is generated.
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14, The method of claim 8, wherein the method further comprises executing a machine learning model on the
new data set, determining a predictive performance of the machine learning model, and displaying the predictive

performance via a user interface.

15. A computer-readable storage medium comprising instructions, that when read by a processor, cause the
processor to perform:

storing an original data set in memory;

splitting the original data set into a subset of continuous-type data values and a subset of discrete-type
data values based on variable types in the original data set;

converting the subset of continuous-type data values into a second subset of discrete-type data values
based on a data binning operation;

generating a new subset of continuous-type data values based on the subset of continuous-type data
values in the original data set; and

combining a subset of discrete-type data values from a conditional contingency table within the hew

subset of continuous-type data values to generate a new data set.

16. The computer-readable storage medium of claim 15, wherein the original data set comprises a table, and
the splitting comprises splitting the table into a subset of columns of the continuous-type data values and a second

subset of columns of the discrete-type data values within the table.

17. The computer-readable storage medium of claim 16, wherein the computer is further configured to perform
generating a conditional contingency table that includes rows of data within the subset of columns of continuous-

type data values that share a common value for one of the discrete-type data values.

18. The computer-readable storage medium of claim 17, wherein the computer is further configured to perform
determining a probability of each of the rows of data within the conditional contingency table being within a different
conditional contingency table from among the plurality of conditional contingency tables, and adding the probability

to each of the rows of data within the conditional contingency table.

19. The computer-readable storage medium of claim 15, wherein the computer is further configured to perform
executing a principal analysis component (PCA) model on the subsst of continuous-type data values to reduce a
number of dimensions within the subset of continuous-type data values and executing the data binning operation on

the reduced number of dimensions to generate the second subset of discrete-type data values.

20. The computer-readable storage medium of claim 15, wherein the computer is further configured to perform

generating a plurality of conditional contingency tables that include different subsets of discrete-type values from
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the second subset of discrete-type data values, and generating the new subset of continuous-type data values after

the plurality of conditional contingency tables is generated.
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