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METHOD AND SYSTEM FOR DETECTING CAUSES OF MARGIN CALL
USING MACHINE LEARNING

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims the benefit of U.S. Provisional Patent
Application Serial No. 62/946,096, filed December 10, 2019, which is hereby
incorporated by reference in its entirety.

BACKGROUND
1. Field of the Disclosure

[0002] This technology generally relates to methods and systems for detecting
causes of margin calls, and more particularly to methods and systems for identifying
and capturing all relevant features involved in a margin call process so that the root

cause can be automatically identified by using machine learning.

2. Background Information

[0003] Today, many financial institutions utilize margin calls to ensure that an
investor on credit stays within a maintenance margin. Historically, the decision to
make a margin call on an investor is made after the fact to varying degrees of success
with respect to mitigating investment risks.

[0004] One drawback of using conventional forms of analysis to determine
whether a margin call is necessary for an investor is that in many instances, the
analysis is inefficiently completed using multiple systems and multiple data elements
after the portfolio has already crossed an arbitrary threshold. In addition to this, the
process is manual and there is a subjectivity factor on it due to the human
interpretation of the data across different regions. As a result, the financial institution
issuing the margin call expends large amounts of resources for after the fact
information which inefficiently mitigate risks.

[0005] Therefore, there is a need for transaction modeling which provides an
investor with information relating to various factors that led to a margin call so that
the investor may efficiently correct any deficiencies. Further, there is also a need for
transaction modeling which provides a financial institution with information in
anticipation of a margin call so that the financial institution may correct deficiencies

without unnecessary risk exposure. Finally, there is a need to standardize the margin
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call process, how the margin call features are interpreted across regions, and different
locations so that there is one unique interpretation where human bias is removed.
SUMMARY
[0006] The present disclosure, through one or more of its various aspects,
embodiments, and/or specific features or sub-components, provides, inter alia, various
systems, servers, devices, methods, media, programs, and platforms for identifying
and capturing all relevant features involved in a margin call process so that the root
cause can be automatically identified by using machine learning.
[0007] According to an aspect of the present disclosure, a method for
identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified is provided. The method is
implemented by at least one processor. The method may include obtaining a plurality
of data relating to a plurality of securities portfolios; automatically determining, using
the plurality of data, at least one data pattern relating to triggering a margin call and at
least one corresponding characteristic contributing to triggering the margin call;
automatically generating at least one margin call model based on the at least one data
pattern and the at least one characteristic; and evaluating the first securities portfolio
using the at least one margin call model to determine a first information relating to
whether to trigger a first margin call with respect to the first securities portfolio.
[0008] In accordance with an exemplary embodiment, the evaluating may
include selecting, by the at least one processor, a first one of the at least one data
pattern and a first one of the at least one corresponding characteristic relating to
triggering the first margin call for the first securities portfolio; and displaying, by the
at least one processor via a display, the first information on a graphical user interface
together with the selected first one of the at least one data pattern and the selected first
one of the at least one corresponding characteristic.
[0009] In accordance with an exemplary embodiment, the at least one margin
call model may be generated automatically using machine learning analysis of the
plurality of data.
[0010] In accordance with an exemplary embodiment, the at least one margin
call model may include at least one from among a data model, a mathematical model,
a process model, and a machine learning model.
[0011] In accordance with an exemplary embodiment, the method may further

include evaluating a second securities portfolio using the at least one margin call
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model to determine a second information relating to whether to trigger a future second
margin call with respect to the second securities portfolio; and displaying, via a
display, the second information on a graphical user interface.

[0012] In accordance with an exemplary embodiment, the graphical user
interface may include at least one dashboard that displays at least one from among
monitoring information relating to the first securities portfolio and classification
information relating to the at least one characteristic.

[0013] In accordance with an exemplary embodiment, the at least one
characteristic may include at least one of a securities appreciation characteristic, a
securities depreciation characteristic, an assets market value difference characteristic,
a securities market value difference characteristic, a securities market value buy
characteristic, an exposure difference characteristic, a cash market value difference
characteristic, a collateral difference characteristic, a cash market value sell
characteristic, a haircut difference characteristic, a securities market value sell
characteristic, a securities liquidation value buy characteristic, a cash market value
appreciation characteristic, a cash market value depreciation characteristic, a pledge
market value out characteristic, a pledge market value difference characteristic, a cash
market value buy characteristic, a derivative exposure delta characteristic, a derivative
initial margin exposure delta characteristic, a pledge liquidation value in
characteristic, an accrued interest accumulation characteristic, a pledge market value
in characteristic, a pledge market value appreciation characteristic, a pledge market
value depreciation characteristic, a derivative negative mark-to-market delta
characteristic, and an unlimited pledge difference characteristic.

[0014] In accordance with an exemplary embodiment, the method may further
include receiving, via a graphical user interface, feedback information from at least
one user; and updating the at least one margin call model based on the feedback
information.

[0015] In accordance with an exemplary embodiment, the feedback
information includes at least one from among a first information accuracy ranking, a
second information accuracy ranking, and a characteristic accuracy ranking.

[0016] In accordance with an exemplary embodiment, the method may further
include parsing the plurality of data; identifying, in the parsed plurality of data,
personally identifiable information; and anonymizing the plurality of data by

removing the identified personally identifiable information.
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[0017] According to an aspect of the present disclosure, a computing device
configured to implement an execution of a method for identifying and capturing all
relevant features involved in a margin call process so that the root cause can be
automatically identified is disclosed. The computing device comprising a processor; a
memory; and a communication interface coupled to each of the processor and the
memory, wherein the processor may be configured to obtain a plurality of data
relating to a plurality of securities portfolios; automatically determine, by using the
plurality of data, at least one data pattern relating to triggering a margin call and at
least one corresponding characteristic contributing to triggering the margin call;
automatically generate at least one margin call model based on the at least one data
pattern and the at least one characteristic; and evaluate the first securities portfolio
using the at least one margin call model to determine a first information relating to
whether to trigger a first margin call with respect to the first securities portfolio.
[0018] In accordance with an exemplary embodiment, for the evaluating, the
processor may be further configured to select a first one of the at least one data pattern
and a first one of the at least one corresponding characteristic relating to triggering the
first margin call for the first securities portfolio; and display, via a display, the first
information on a graphical user interface together with the selected first one of the at
least one data pattern and the selected first one of the at least one corresponding
characteristic.

[0019] In accordance with an exemplary embodiment, the processor may be
further configured to automatically generate the at least one margin call model by
using machine learning analysis of the plurality of data.

[0020] In accordance with an exemplary embodiment, the at least one margin
call model may include at least one from among a data model, a mathematical model,
a process model, and a machine learning model.

[0021] In accordance with an exemplary embodiment, the processor may be
further configured to evaluate a second securities portfolio using the at least one
margin call model to determine a second information relating to whether to trigger a
future second margin call with respect to the second securities portfolio; and display,
via a display, the second information on a graphical user interface.

[0022] In accordance with an exemplary embodiment, the graphical user

interface may include at least one dashboard that displays at least one from among
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monitoring information relating to the first securities portfolio and classification
information relating to the at least one characteristic.

[0023] In accordance with an exemplary embodiment, the at least one
characteristic may include at least one from among a securities appreciation
characteristic, a securities depreciation characteristic, an assets market value
difference characteristic, a securities market value difference characteristic, a
securities market value buy characteristic, an exposure difference characteristic, a
cash market value difference characteristic, a collateral difference characteristic, a
cash market value sell characteristic, a haircut difference characteristic, a securities
market value sell characteristic, a securities liquidation value buy characteristic, a
cash market value appreciation characteristic, a cash market value depreciation
characteristic, a pledge market value out characteristic, a pledge market value
difference characteristic, a cash market value buy characteristic, a derivative exposure
delta characteristic, a derivative initial margin exposure delta characteristic, a pledge
liquidation value in characteristic, an accrued interest accumulation characteristic, a
pledge market value in characteristic, a pledge market value appreciation
characteristic, a pledge market value depreciation characteristic, a derivative negative
mark-to-market delta characteristic, a lending value fluctuation due to foreign
exchange movements characteristic, private equity calls or accrued interest debited
with a future value date characteristic,c and an unlimited pledge difference
characteristic.

[0024] In accordance with an exemplary embodiment, the processor may be
further configured to receive, via a graphical user interface, feedback information
from at least one user; and update the at least one margin call model based on the
feedback information.

[0025] In accordance with an exemplary embodiment, the feedback
information may include at least one from among a first information accuracy
ranking, a second information accuracy ranking, and a characteristic accuracy
ranking.

[0026] In accordance with an exemplary embodiment, the processor may be
further configured to parse the plurality of data; identify, in the parsed plurality of
data, personally identifiable information; and anonymizing the plurality of data by

removing the identified personally identifiable information.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0027] The present disclosure is further described in the detailed description
which follows, in reference to the noted plurality of drawings, by way of non-limiting
examples of preferred embodiments of the present disclosure, in which like characters

represent like elements throughout the several views of the drawings.

[0028] FIG. 1 illustrates an exemplary computer system.
[0029] FIG. 2 illustrates an exemplary diagram of a network environment.
[0030] FIG. 3 shows an exemplary system for implementing a method for

identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning.

[0031] FIG. 4 is a flowchart of an exemplary process for implementing a
method for identifying and capturing all relevant features involved in a margin call
process so that the root cause can be automatically identified by using machine
learning.

[0032] FIG. 5 is a diagram of a machine learning process that is usable for
implementing a method for identifying and capturing all relevant features involved in
a margin call process so that the root cause can be automatically identified by using
machine learning, according to an exemplary embodiment.

[0033] FIG. 6 is a graphical user interface illustrating variable importance of
characteristics identified in a method for identifying and capturing all relevant
features involved in a margin call process so that the root cause can be automatically
identified by using machine learning, according to an exemplary embodiment.

[0034] FIG. 7 is a screenshot that illustrates a graphical user interface that is
usable for implementing a method for identifying and capturing all relevant features
involved in a margin call process so that the root cause can be automatically identified
by using machine learning, according to an exemplary embodiment.

[0035] FIG. 8 is a flowchart of an exemplary process for implementing a
method for identifying and capturing all relevant features involved in a margin call
process so that the root cause can be automatically identified by using machine
learning.

[0036] FIG. 9 is a flowchart of an exemplary process for implementing a
method for identifying and capturing all relevant features involved in a margin call
process so that the root cause can be automatically identified by using machine

learning.
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[0037] FIG. 10 is a screenshot that illustrates a graphical user interface of
unclassified tickets that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment.

[0038] FIG. 11 is a screenshot that illustrates a graphical user interface of an
unclassified ticket dashboard that is usable for implementing a method for identifying
and capturing all relevant features involved in a margin call process so that the root
cause can be automatically identified by using machine learning, according to an
exemplary embodiment.

[0039] FIG. 12 is a screenshot that illustrates a graphical user interface of
classification confirmation that is usable for implementing a method for identifying
and capturing all relevant features involved in a margin call process so that the root
cause can be automatically identified by using machine learning, according to an
exemplary embodiment.

[0040] FIG. 13 is a screenshot that illustrates a graphical user interface of
classified tickets that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment.

[0041] FIG. 14A is a screenshot that illustrates a graphical user interface of
artificial intelligence features that is usable for implementing a method for identifying
and capturing all relevant features involved in a margin call process so that the root
cause can be automatically identified by using machine learning, according to an
exemplary embodiment.

[0042] FIG. 14B is a screenshot that illustrates a graphical user interface of
ticket details that is usable for implementing a method for identifying and capturing
all relevant features involved in a margin call process so that the root cause can be
automatically identified by using machine learning, according to an exemplary
embodiment.

[0043] FIG. 15 is a screenshot that illustrates a graphical user interface of a
classified ticket dashboard that is usable for implementing a method for identifying

and capturing all relevant features involved in a margin call process so that the root
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cause can be automatically identified by using machine learning, according to an
exemplary embodiment.
[0044] FIG. 16 is a screenshot that illustrates a graphical user interface of
model accuracy that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment.
[0045] FIG. 17 is a screenshot that illustrates a graphical user interface of
accuracy monitoring that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment.
[0046] FIG. 18 is a show model illustrating feature interactions that is usable
for implementing a method for identifying and capturing all relevant features involved
in a margin call process so that the root cause can be automatically identified by using
machine learning, according to an exemplary embodiment.
[0047] FIG. 19A is a screenshot that illustrates a graphical user interface of a
user feedback form that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment.
[0048] FIG. 19B is a screenshot that illustrates an expanded graphical user
interface that is displayed based on user input in a user feedback form that is usable
for implementing a method for identifying and capturing all relevant features involved
in a margin call process so that the root cause can be automatically identified by using
machine learning, according to an exemplary embodiment.

DETAILED DESCRIPTION
[0049] Through one or more of its various aspects, embodiments and/or
specific features or sub-components of the present disclosure, are intended to bring
out one or more of the advantages as specifically described above and noted below.
[0050] The examples may also be embodied as one or more non-transitory
computer readable media having instructions stored thereon for one or more aspects
of the present technology as described and illustrated by way of the examples herein.

The instructions in some examples include executable code that, when executed by
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one or more processors, cause the processors to carry out steps necessary to
implement the methods of the examples of this technology that are described and
illustrated herein.

[0051] FIG. 1 is an exemplary system for use in accordance with the
embodiments described herein. The system 100 is generally shown and may include a
computer system 102, which is generally indicated.

[0052] The computer system 102 may include a set of instructions that can be
executed to cause the computer system 102 to perform any one or more of the
methods or computer-based functions disclosed herein, either alone or in combination
with the other described devices. The computer system 102 may operate as a
standalone device or may be connected to other systems or peripheral devices. For
example, the computer system 102 may include, or be included within, any one or
more computers, servers, systems, communication networks or cloud environment.
Even further, the instructions may be operative in such cloud-based computing
environment.

[0053] In a networked deployment, the computer system 102 may operate in
the capacity of a server or as a client user computer in a server-client user network
environment, a client user computer in a cloud computing environment, or as a peer
computer system in a peer-to-peer (or distributed) network environment. The
computer system 102, or portions thereof, may be implemented as, or incorporated
into, various devices, such as a personal computer, a tablet computer, a set-top box, a
personal digital assistant, a mobile device, a palmtop computer, a laptop computer, a
desktop computer, a communications device, a wireless smart phone, a personal
trusted device, a wearable device, a global positioning satellite (GPS) device, a web
appliance, or any other machine capable of executing a set of instructions (sequential
or otherwise) that specify actions to be taken by that machine. Further, while a single
computer system 102 is illustrated, additional embodiments may include any
collection of systems or sub-systems that individually or jointly execute instructions
or perform functions. The term “system”™ shall be taken throughout the present
disclosure to include any collection of systems or sub-systems that individually or
jointly execute a set, or multiple sets, of instructions to perform one or more computer
functions.

[0054] As illustrated in FIG. 1, the computer system 102 may include at least

one processor 104. The processor 104 is tangible and non-transitory. As used herein,
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the term “non-transitory” is to be interpreted not as an eternal characteristic of a state,
but as a characteristic of a state that will last for a period of time. The term “non-
transitory” specifically disavows fleeting characteristics such as characteristics of a
particular carrier wave or signal or other forms that exist only transitorily in any place
at any time. The processor 104 is an article of manufacture and/or a machine
component. The processor 104 is configured to execute software instructions in order
to perform functions as described in the various embodiments herein. The processor
104 may be a general-purpose processor or may be part of an application specific
integrated circuit (ASIC). The processor 104 may also be a microprocessor, a
microcomputer, a processor chip, a controller, a microcontroller, a digital signal
processor (DSP), a state machine, or a programmable logic device. The processor 104
may also be a logical circuit, including a programmable gate array (PGA) such as a
field programmable gate array (FPGA), or another type of circuit that includes
discrete gate and/or transistor logic. The processor 104 may be a central processing
unit (CPU), a graphics processing unit (GPU), or both. Additionally, any processor
described herein may include multiple processors, parallel processors, or both.
Multiple processors may be included in, or coupled to, a single device or multiple
devices.

[0055] The computer system 102 may also include a computer memory 106.
The computer memory 106 may include a static memory, a dynamic memory, or both
in communication. Memories described herein are tangible storage mediums that can
store data as well as executable instructions and are non-transitory during the time
instructions are stored therein. Again, as used herein, the term “non-transitory” is to
be interpreted not as an eternal characteristic of a state, but as a characteristic of a
state that will last for a period of time. The term “non-transitory” specifically
disavows fleeting characteristics such as characteristics of a particular carrier wave or
signal or other forms that exist only transitorily in any place at any time. The
memories are an article of manufacture and/or machine component. Memories
described herein are computer-readable mediums from which data and executable
instructions can be read by a computer. Memories as described herein may be random
access memory (RAM), read only memory (ROM), flash memory, electrically
programmable read only memory (EPROM), electrically erasable programmable
read-only memory (EEPROM), registers, a hard disk, a cache, a removable disk, tape,
compact disk read only memory (CD-ROM), digital versatile disk (DVD), floppy

10
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disk, blu-ray disk, or any other form of storage medium known in the art. Memories
may be wvolatile or non-volatile, secure and/or encrypted, unsecure and/or
unencrypted. Of course, the computer memory 106 may comprise any combination of
memories or a single storage.

[0056] The computer system 102 may further include a display 108, such as a
liquid crystal display (LCD), an organic light emitting diode (OLED), a flat panel
display, a solid state display, a cathode ray tube (CRT), a plasma display, or any other
type of display, examples of which are well known to skilled persons.

[0057] The computer system 102 may also include at least one input device
110, such as a keyboard, a touch-sensitive input screen or pad, a speech input, a
mouse, a remote control device having a wireless keypad, a microphone coupled to a
speech recognition engine, a camera such as a video camera or still camera, a cursor
control device, a global positioning system (GPS) device, an altimeter, a gyroscope,
an accelerometer, a proximity sensor, or any combination thereof. Those skilled in
the art appreciate that various embodiments of the computer system 102 may include
multiple input devices 110. Moreover, those skilled in the art further appreciate that
the above-listed, exemplary input devices 110 are not meant to be exhaustive and that
the computer system 102 may include any additional, or alternative, input devices
110.

[0058] The computer system 102 may also include a medium reader 112
which is configured to read any one or more sets of instructions, e.g. software, from
any of the memories described herein. The instructions, when executed by a
processor, can be used to perform one or more of the methods and processes as
described herein. In a particular embodiment, the instructions may reside completely,
or at least partially, within the memory 106, the medium reader 112, and/or the
processor 110 during execution by the computer system 102.

[0059] Furthermore, the computer system 102 may include any additional
devices, components, parts, peripherals, hardware, software or any combination
thereof which are commonly known and understood as being included with or within
a computer system, such as, but not limited to, a network interface 114 and an output
device 116. The output device 116 may be, but is not limited to, a speaker, an audio
out, a video out, a remote-control output, a printer, or any combination thereof.

[0060] Each of the components of the computer system 102 may be

interconnected and communicate via a bus 118 or other communication link. As

11
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illustrated in FIG. 1, the components may each be interconnected and communicate
via an internal bus. However, those skilled in the art appreciate that any of the
components may also be connected via an expansion bus. Moreover, the bus 118 may
enable communication via any standard or other specification commonly known and
understood such as, but not limited to, peripheral component interconnect, peripheral
component interconnect express, parallel advanced technology attachment, serial
advanced technology attachment, etc.

[0061] The computer system 102 may be in communication with one or more
additional computer devices 120 via a network 122. The network 122 may be, but is
not limited to, a local area network, a wide area network, the Internet, a telephony
network, a short-range network, or any other network commonly known and
understood in the art. The short-range network may include, for example, Bluetooth,
Zigbee, infrared, near field communication, ultraband, or any combination thereof.
Those skilled in the art appreciate that additional networks 122 which are known and
understood may additionally or alternatively be used and that the exemplary networks
122 are not limiting or exhaustive. Also, while the network 122 is illustrated in FIG.
1 as a wireless network, those skilled in the art appreciate that the network 122 may
also be a wired network.

[0062] The additional computer device 120 is illustrated in FIG. 1 as a
personal computer. However, those skilled in the art appreciate that, in alternative
embodiments of the present application, the computer device 120 may be a laptop
computer, a tablet PC, a personal digital assistant, a mobile device, a palmtop
computer, a desktop computer, a communications device, a wireless telephone, a
personal trusted device, a web appliance, a server, or any other device that is capable
of executing a set of instructions, sequential or otherwise, that specify actions to be
taken by that device. Of course, those skilled in the art appreciate that the above-
listed devices are merely exemplary devices and that the device 120 may be any
additional device or apparatus commonly known and understood in the art without
departing from the scope of the present application. For example, the computer
device 120 may be the same or similar to the computer system 102. Furthermore,
those skilled in the art similarly understand that the device may be any combination of
devices and apparatuses.

[0063] Of course, those skilled in the art appreciate that the above-listed

components of the computer system 102 are merely meant to be exemplary and are
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not intended to be exhaustive and/or inclusive. Furthermore, the examples of the
components listed above are also meant to be exemplary and similarly are not meant
to be exhaustive and/or inclusive.

[0064] In accordance with various embodiments of the present disclosure, the
methods described herein may be implemented using a hardware computer system
that executes software programs. Further, in an exemplary, non-limited embodiment,
implementations can include distributed processing, component/object distributed
processing, and parallel processing. Virtual computer system processing can be
constructed to implement one or more of the methods or functionalities as described
herein, and a processor described herein may be used to support a virtual processing
environment.

[0065] As described herein, various embodiments provide optimized methods
and systems for identifying and capturing all relevant features involved in a margin
call process so that the root cause can be automatically identified by using machine
learning.

[0066] Referring to FIG. 2, a schematic of an exemplary network environment
200 for implementing a method for identifying and capturing all relevant features
involved in a margin call process so that the root cause can be automatically identified
by using machine learning is illustrated. In an exemplary embodiment, the method is
executable on any networked computer platform, such as, for example, a personal
computer (PC).

[0067] The method for identifying and capturing all relevant features involved
in a margin call process so that the root cause can be automatically identified by using
machine learning may be implemented by a Margin Call Data Collection and Analysis
(MCDCA) device 202. The MCDCA device 202 may be the same or similar to the
computer system 102 as described with respect to FIG. 1. The MCDCA device 202
may store one or more applications that can include executable instructions that, when
executed by the MCDCA device 202, cause the MCDCA device 202 to perform
actions, such as to transmit, receive, or otherwise process network messages, for
example, and to perform other actions described and illustrated below with reference
to the figures. The application(s) may be implemented as modules or components of
other applications. Further, the application(s) can be implemented as operating

system extensions, modules, plugins, or the like.
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[0068] Even further, the application(s) may be operative in a cloud-based
computing environment. The application(s) may be executed within or as virtual
machine(s) or virtual server(s) that may be managed in a cloud-based computing
environment. Also, the application(s), and even the MCDCA device 202 itself, may
be located in virtual server(s) running in a cloud-based computing environment rather
than being tied to one or more specific physical network computing devices. Also, the
application(s) may be running in one or more virtual machines (VMs) executing on
the MCDCA device 202. Additionally, in one or more embodiments of this
technology, virtual machine(s) running on the MCDCA device 202 may be managed
or supervised by a hypervisor.

[0069] In the network environment 200 of FIG. 2, the MCDCA device 202 is
coupled to a plurality of server devices 204(1)-204(n) that hosts a plurality of
databases 206(1)-206(n), and also to a plurality of client devices 208(1)-208(n) via
communication network(s) 210. A communication interface of the MCDCA device
202, such as the network interface 114 of the computer system 102 of FIG. 1,
operatively couples and communicates between the MCDCA device 202, the server
devices 204(1)-204(n), and/or the client devices 208(1)-208(n), which are all coupled
together by the communication network(s) 210, although other types and/or numbers
of communication networks or systems with other types and/or numbers of
connections and/or configurations to other devices and/or elements may also be used.
[0070] The communication network(s) 210 may be the same or similar to the
network 122 as described with respect to FIG. 1, although the MCDCA device 202,
the server devices 204(1)-204(n), and/or the client devices 208(1)-208(n) may be
coupled together via other topologies. Additionally, the network environment 200
may include other network devices such as one or more routers and/or switches, for
example, which are well known in the art and thus will not be described herein. This
technology provides a number of advantages including methods, non-transitory
computer readable media, and MCDCA devices that efficiently implement a method
for identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning.

[0071] By way of example only, the communication network(s) 210 may
include local area network(s) (LAN(s)) or wide area network(s) (WAN(s)), and can
use TCP/IP over Ethernet and industry-standard protocols, although other types and/or

numbers of protocols and/or communication networks may be used. The
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communication network(s) 210 in this example may employ any suitable interface
mechanisms and network communication technologies including, for example,
teletraffic in any suitable form (e.g., voice, modem, and the like), Public Switched
Telephone Network (PSTNs), Ethernet-based Packet Data Networks (PDNs),
combinations thereof, and the like.

[0072] The MCDCA device 202 may be a standalone device or integrated
with one or more other devices or apparatuses, such as one or more of the server
devices 204(1)-204(n), for example. In one particular example, the MCDCA device
202 may include or be hosted by one of the server devices 204(1)-204(n), and other
arrangements are also possible. Moreover, one or more of the devices of the MCDCA
device 202 may be in a same or a different communication network including one or
more public, private, or cloud networks, for example.

[0073] The plurality of server devices 204(1)-204(n) may be the same or
similar to the computer system 102 or the computer device 120 as described with
respect to FIG. 1, including any features or combination of features described with
respect thereto. For example, any of the server devices 204(1)-204(n) may include,
among other features, one or more processors, a memory, and a communication
interface, which are coupled together by a bus or other communication link, although
other numbers and/or types of network devices may be used. The server devices
204(1)-204(n) in this example may process requests received from the MCDCA
device 202 via the communication network(s) 210 according to the HTTP-based
and/or JavaScript Object Notation (JSON) protocol, for example, although other
protocols may also be used.

[0074] The server devices 204(1)-204(n) may be hardware or software or may
represent a system with multiple servers in a pool, which may include internal or
external networks. The server devices 204(1)-204(n) hosts the databases 206(1)-
206(n) that are configured to store data that relates to margin calls, data patterns,
characteristics, and margin call models.

[0075] Although the server devices 204(1)-204(n) are illustrated as single
devices, one or more actions of each of the server devices 204(1)-204(n) may be
distributed across one or more distinct network computing devices that together
comprise one or more of the server devices 204(1)-204(n). Moreover, the server
devices 204(1)-204(n) are not limited to a particular configuration. Thus, the server

devices 204(1)-204(n) may contain a plurality of network computing devices that
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operate using a master/slave approach, whereby one of the network computing
devices of the server devices 204(1)-204(n) operates to manage and/or otherwise
coordinate operations of the other network computing devices.

[0076] The server devices 204(1)-204(n) may operate as a plurality of
network computing devices within a cluster architecture, a peer-to peer architecture,
virtual machines, or within a cloud architecture, for example. Thus, the technology
disclosed herein is not to be construed as being limited to a single environment and
other configurations and architectures are also envisaged.

[0077] The plurality of client devices 208(1)-208(n) may also be the same or
similar to the computer system 102 or the computer device 120 as described with
respect to FIG. 1, including any features or combination of features described with
respect thereto. For example, the client devices 208(1)-208(n) in this example may
include any type of computing device that can interact with the MCDCA device 202
via communication network(s) 210. Accordingly, the client devices 208(1)-208(n)
may be mobile computing devices, desktop computing devices, laptop computing
devices, tablet computing devices, virtual machines (including cloud-based
computers), or the like, that host chat, e-mail, or voice-to-text applications, for
example. In an exemplary embodiment, at least one client device 208 is a wireless
mobile communication device, i.e., a smart phone.

[0078] The client devices 208(1)-208(n) may run interface applications, such
as standard web browsers or standalone client applications, which may provide an
interface to communicate with the MCDCA device 202 via the communication
network(s) 210 in order to communicate user requests and information. The client
devices 208(1)-208(n) may further include, among other features, a display device,
such as a display screen or touchscreen, and/or an input device, such as a keyboard,
for example.

[0079] Although the exemplary network environment 200 with the MCDCA
device 202, the server devices 204(1)-204(n), the client devices 208(1)-208(n), and
the communication network(s) 210 are described and illustrated herein, other types
and/or numbers of systems, devices, components, and/or elements in other topologies
may be used. Itis to be understood that the systems of the examples described herein
are for exemplary purposes, as many variations of the specific hardware and software
used to implement the examples are possible, as will be appreciated by those skilled

in the relevant art(s).
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[0080] One or more of the devices depicted in the network environment 200,
such as the MCDCA device 202, the server devices 204(1)-204(n), or the client
devices 208(1)-208(n), for example, may be configured to operate as virtual instances
on the same physical machine. In other words, one or more of the MCDCA device
202, the server devices 204(1)-204(n), or the client devices 208(1)-208(n) may
operate on the same physical device rather than as separate devices communicating
through communication network(s) 210. Additionally, there may be more or fewer
MCDCA devices 202, server devices 204(1)-204(n), or client devices 208(1)-208(n)
than illustrated in FIG. 2.

[0081] In addition, two or more computing systems or devices may be
substituted for any one of the systems or devices in any example. Accordingly,
principles and advantages of distributed processing, such as redundancy and
replication also may be implemented, as desired, to increase the robustness and
performance of the devices and systems of the examples. The examples may also be
implemented on computer system(s) that extend across any suitable network using
any suitable interface mechanisms and traffic technologies, including by way of
example only teletraffic in any suitable form (e.g., voice and modem), wireless traffic
networks, cellular traffic networks, Packet Data Networks (PDNs), the Internet,
intranets, and combinations thereof.

[0082] The MCDCA device 202 is described and illustrated in FIG. 3 as
including a Margin Call Data Collection and Analysis (MCDCA) module 302,
although it may include other rules, policies, modules, databases, or applications, for
example. As will be described below, the MCDCA module 302 is configured to
implement a method for identifying and capturing all relevant features involved in a
margin call process so that the root cause can be automatically identified by using
machine learning.

[0083] An exemplary process 300 for implementing a mechanism for
identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by utilizing the network
environment of FIG. 2 is illustrated as being executed in FIG. 3. Specifically, a first
client device 208(1) and a second client device 208(2) are illustrated as being in
communication with MCDCA device 202. In this regard, the first client device
208(1) and the second client device 208(2) may be “clients” of the MCDCA device

202 and are described herein as such. Nevertheless, it is to be known and understood
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that the first client device 208(1) and/or the second client device 208(2) need not
necessarily be “clients” of the MCDCA device 202, or any entity described in
association therewith herein.  Any additional or alternative relationship may exist
between either or both of the first client device 208(1) and the second client device
208(2) and the MCDCA device 202, or no relationship may exist.

[0084] Further, MCDCA device 202 is illustrated as being able to access a
margin call data repository 206(1) and a data patterns, characteristics, and margin call
models database 206(2). The MCDCA module 302 may be configured to access these
databases for implementing a method for identifying and capturing all relevant
features involved in a margin call process so that the root cause can be automatically
identified by using machine learning.

[0085] The first client device 208(1) may be, for example, a smart phone. Of
course, the first client device 208(1) may be any additional device described herein.
The second client device 208(2) may be, for example, a personal computer (PC). Of
course, the second client device 208(2) may also be any additional device described
herein.

[0086] The process may be executed via the communication network(s) 210,
which may comprise plural networks as described above. For example, in an
exemplary embodiment, either or both of the first client device 208(1) and the second
client device 208(2) may communicate with the MCDCA device 202 via broadband or
cellular communication. Of course, these embodiments are merely exemplary and are
not limiting or exhaustive.

[0087] Upon being started, the MCDCA module 302 executes a process for
identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning. An
exemplary process for identifying and capturing all relevant features involved in a
margin call process so that the root cause can be automatically identified by using
machine learning is generally indicated at flowchart 400 in FIG. 4.

[0088] In process 400 of FIG. 4, at step S402, data relating to a plurality of
securities portfolios may be obtained. In an exemplary embodiment, the data may
include information that relates to securities portfolios of a plurality of investors. In
another exemplary embodiment, the plurality of investors may include unrelated

entities and/or related entities (i.e., a subsidiary entity) and the plurality of investors
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may also include individual investors and/or institutional investors (i.e., a hedge
fund).

[0089] In another exemplary embodiment, the data may be parsed and
anonymized to remove personal identifying information corresponding to the plurality
of investors. In another exemplary embodiment, the securities portfolios may include
a grouping of any financial assets such as, for example, stocks, bonds, commodities,
currencies, cash equivalents, mutual funds, exchange-traded funds, and closed funds.
Other types of non-tradable instruments such as, for example, time deposits, pledge
received, and guarantees may also be part of the portfolio. Additionally, the securities
portfolios may also include non-publicly tradable securities such as, for example, real
estate, art, and private investments.

[0090] In another exemplary embodiment, the data may be obtained from any
publicly accessible sources (i.e., stock market data from an exchange) and privately
held sources (i.e., account data from a bank). In another exemplary embodiment, the
data may include any information such as, for example, transaction type data, stock
price data, asset volume data, and bond yield data related to each of the financial
assets within the securities portfolio.

[0091] In another exemplary embodiment, the transaction type data may
reference any trading orders such as, for example, a market order, a limit order, a stop
order (i.e., a stop-loss order), and a buy stop order. In another exemplary embodiment,
the transaction type data may reference any demand of an investor by a financial
institution such as, for example, a federal margin call, a maintenance margin call, and
an exchange margin call related to the investor’s securities portfolio. As will be
appreciated by a person of ordinary skill in the art, the transaction type data may
reference any transaction, and corresponding transaction information, related to each
of the securities within a securities portfolio.

[0092] At step S404, data patterns relating to triggering a margin call and
corresponding characteristics contributing to triggering the margin call may be
automatically determined using the data. In an exemplary embodiment, the margin
call may include a generalized margin call scenario resulting from analysis of the
obtained data. In another exemplary embodiment, the margin call may include a
predetermined scenario established by an organization as a standard trigger for a

margin call.
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[0093] In another exemplary embodiment, analyzing the data to automatically
determine the data patterns and the characteristics may include comparing
predeveloped analytical models to the data. In another exemplary embodiment,
analyzing the data to automatically determine the data patterns and the characteristics
may include utilizing machine learning analytical techniques on the data. In another
exemplary embodiment, machine learning analytical techniques may include
supervised learning algorithms such as, for example, regression analysis, decision tree
analysis, random forest analysis, k-nearest neighbors analysis, logistic regression
analysis, etc. In another exemplary embodiment, machine learning analytical
techniques may include unsupervised learning algorithms such as, for example,
Apriori analysis, K-means clustering analysis, etc. In another exemplary embodiment,
machine learning analytical techniques may include reinforcement learning
algorithms such as, for example, Markov Decision Process, etc.

[0094] In another exemplary embodiment, the data patterns may be
determined using historical data pattern recognition techniques (i.e., comparing to
known data patterns in historical data) and statistical recognition pattern techniques
(i.e., machine learning and artificial intelligence related recognition of patterns and
regularities in data). For example, in historical data pattern recognition techniques, a
first data may be received and may be compared to predeveloped data patterns for
securities portfolios known to have triggered a margin call in the past. Alternatively,
for example, in statistical recognition pattern techniques, data of past margin calls
may be analyzed by a computing system using algorithms that enable the computing
system to identify the data patterns. The identified data patterns may then be applied
to the first security portfolio to predict the probability of a margin call for the first
securities portfolio.

[0095] In an exemplary embodiment, the characteristics may be automatically
determined using the machine learning analytical techniques described above based
on the data patterns. In another exemplary embodiment, the characteristics may
include a contributing factor to the margin call and/or a root cause of the margin call
based on magnitude of impact. For example, a falling value of Bond A may contribute
to a margin call already in effect because of a falling price for Stock B. In another
exemplary embodiment, the magnitude of impact for each of the characteristics may
be expressed as a percentage of actual contribution to the margin call and as a

probability percentage of contribution to the margin call.
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[0096] In another exemplary embodiment, the characteristics may include at
least one of a securities appreciation characteristic, a securities depreciation
characteristic, an assets market value difference characteristic, a securities market
value difference characteristic, a securities market value buy characteristic, an
exposure difference characteristic, a cash market value difference characteristic, a
collateral difference characteristic, a cash market value sell characteristic, a haircut
difference characteristic, a securities market value sell characteristic, a securities
liquidation value buy characteristic, a cash market value appreciation characteristic, a
cash market value depreciation characteristic, a pledge market value out
characteristic, a pledge market value difference characteristic, a cash market value
buy characteristic, a derivative exposure delta characteristic, a derivative initial
margin exposure delta characteristic, a pledge liquidation value in characteristic, an
accrued interest accumulation characteristic, a pledge market value in characteristic, a
pledge market value appreciation characteristic, a pledge market value depreciation
characteristic, a derivative negative mark-to-market delta characteristic, a lending
value fluctuation due to foreign exchange movements characteristic, private equity
calls or accrued interest debited with a future value date characteristic, and an
unlimited pledge difference characteristic.

[0097] At step S406, margin call models based on the data patterns and the
characteristics may be automatically generated. In an exemplary embodiment, the
margin call models may include a mathematical model such as, for example, a
financial model designed to represent a real-world financial situation. In another
exemplary embodiment, the margin call models may include a mathematical model
representing the potential of a margin call for any given securities portfolio. In
another exemplary embodiment, the margin call models may be generated for any of
the above described transaction types. In another exemplary embodiment, the margin
call models may be automatically generated to represent specific analytics such as, for
example, projected risk analysis and projected outcome analysis. In another
exemplary embodiment, the margin call models may be generated using any
combination of the data patterns and the characteristics.

[0098] In another exemplary embodiment, the margin call models may include
training models such as, for example, a machine learning model which is generated to
be further trained on additional data. Once the training model has been sufficiently

trained, the training model may be deployed onto various connected systems to be
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utilized. In another exemplary embodiment, the training model may be sufficiently
trained when model assessment methods such as, for example, the holdout method,
the K-fold-cross-validation method, and the bootstrap method determine that the
model’s true positive rate, true negative rate, false positive rate, and false negative
rates correspond to predetermined ranges. In another exemplary embodiment, the
training model may be operable (i.e., actively utilized by an organization) while
continuing to be trained using new data. In another exemplary embodiment, the
margin call models may be generated using at least one of an artificial neural network
technique, a decision tree technique, a support vector machines technique, a Bayesian
network technique, and a genetic algorithms technique.

[0099] In another exemplary embodiment, the margin call models may be
trained based on at least one attribute. The attribute may correspond to internally
obtainable as well as externally retrieved data. The attribute may include at least one
from among a ticket value, a platform value, a date value, an available collateral today
value, an available collateral yesterday value, a total lending value today value, a total
lending value yesterday value, a total haircut today value, a total haircut yesterday
value, an accrued interest today value, an accrued interest yesterday value, a
derivative initial margin (IM) exposure today value, a derivative market-to-marker
(MTM) exposure today value, a derivative IM exposure yesterday value, a derivative
MTM exposure yesterday value, a total exposure today value, a total exposure
yesterday value, a securities liquid value (LV) today value, a securities LV yesterday
value, an unlimited cross pledge today value, an unlimited cross pledge yesterday
value, a limited cross pledge LV today value, a limited cross pledge LV yesterday
value, a mortgage property value LV value, a mortgage exposure value, a market
value (MV) purchased securities value, a lending value purchased securities value, a
lending value sold securities value, a lending value purchase asset value, a margin call
threshold value, a cash debited future value, a loan cash debit future value, a collateral
delta due to LV value, a collateral delta due to price value, a collateral delta due to
foreign exchange (FX) value, a cash delta due to FX value, a cash lending value
change value, an artificial intelligence cause of margin call value, and a cause of
margin call value.

[00100] At step S408, an individual securities portfolio of interest may be
evaluated using the margin call models to determine a first set of information relating

to whether to trigger a margin call with respect to the securities portfolio of interest.
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In an exemplary embodiment, a user may identify a first securities portfolio to
MCDCA module 302 for evaluation through an input on a graphical user interface. In
another exemplary embodiment, the first set of information relating to whether to
trigger the margin call may include information predicting the margin call as a
probability metric and information of an actual requirement to trigger a first margin
call for the first securities portfolio. In another exemplary embodiment, the evaluating
may also include determining the first data patterns, a classification of relevant
parameters, and first characteristics for the first securities portfolio. The first data
patterns and the first characteristics may correspond to the first securities portfolio
and may relate to triggering the first margin call.

[00101] Then, in step S410, MCDCA module 302 may then, via a display,
display the first set of information on a graphical user interface. In another exemplary
embodiment, the first information may include the first data pattern, the first
characteristics, and any other data related to the first securities portfolio. In another
exemplary embodiment, the first information may be displayed on any connected
computing device such as, for example, a computer, a laptop, a smart phone, and a
smart watch. The displaying of the information may include, for example, information
that is usable by an analyst to decide whether to execute a margin call and/or
information that provides a specific recommendation regarding whether to execute a
margin call. In another exemplary embodiment, the displaying of the information may
also include an alert such as, for example, an alert notification of an impending
margin call.

[00102] In another exemplary embodiment, the first securities portfolio may be
received in a batch of securities portfolios (i.e., one file containing many securities
portfolios) or as single, separate entries of each securities portfolio. In another
exemplary embodiment, the first securities portfolio may be stored on a connected
system and retrieved upon user request (i.e., the user may input a first customer
number into a graphical user interface to analyze the first securities portfolio).

[00103] In another exemplary embodiment, information relating to triggering a
margin call may include probabilities of a margin call for a given securities portfolio.
In another exemplary embodiment, the information may include at least one
characteristic relating to and contributing to the probable margin call for the given

securities portfolio.
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[00104] In another exemplary embodiment, a user may select a particular data
pattern and a corresponding characteristic from the graphical user interface. The
selected data pattern and the corresponding characteristic may relate to a triggering of
a margin call for the securities portfolio currently analyzed. After selection of the data
pattern and the corresponding characteristic by the user, the graphical user interface
may display targeted margin call information based on the selection.

[00105] In another exemplary embodiment, the graphical user interface may
display the margin call information in a variety of format such as, for example, in a
dashboard. The dashboard may display additional information relating to the
securities portfolio such as, for example, monitoring information relating to the
securities portfolio and classification information relating to a determined
characteristic as well as margin call information.

[00106] In another exemplary embodiment, the graphical user interface may
include graphical elements such as, for example, a text box, a selection plane, and a
flagging feature to receive feedback information from a user. The feedback
information may include data such as, for example, a first information accuracy
ranking, a second information accuracy ranking, and a characteristic accuracy
ranking. The feedback information may also include the accuracy of the predicted
information corresponding to a specific data pattern. In another exemplary
embodiment, the feedback information may be utilized to update the margin call
model to increase the predictive accuracy and the analytical accuracy of the margin
call model. As will be appreciated by a person of ordinary skill in the art, the margin
call model may be updated based on machine learning techniques such as, for
example, training the margin call model based on the feedback information.

[00107] FIG. 5 is diagram 500 of a machine learning process that is usable for
implementing a method for identifying and capturing all relevant features involved in
a margin call process so that the root cause can be automatically identified by using
machine learning, according to an exemplary embodiment. FIG. 5 illustrates the
interconnectedness of various steps in the machine learning process. In an exemplary
embodiment, the steps may include “Collect Data” 502, “Clean/Transform” 504,
“Explore/Visualize” 506, “Model” 508, “Evaluate” 510, and “Deploy” 512, where the
different steps can be executed on a regular basis in order to improve accuracy as
more data from previous margin calls is available. New data is retrofitted to the

system in order to learn from previous margin calls.
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[00108] As illustrated in FIG. 5, the machine learning process may begin at
collect data step 502. The collected data may then be cleaned to remove unnecessary
information and transformed into a processable data format at clean/transform step
504. Next, the cleaned/transformed data may move to explore/visualize step 506
where useable information such as, for example, data patterns and characteristics may
be determined. At this step in the process, when the collected data may be insufficient
to determine useable information, then the process may move back to collect data step
502 to acquire additional data. However, when usable information has been
determined, then models may be generated at model step 508.

[00109] Once the models have been generated, the process may either move
back to collect data step 502 to gather more data, move back to clean/transform step
504 to further refine the already collected data, or move forward to evaluate step 510.
At evaluate step 510, the developed models may be tested to determine the accuracy
of the models. When the model is sufficiently accurate based on predetermined
criteria, then the process may continue to deploy step 512. However, when additional
refinements are required, then the process may move back to either collect data step
502 or clean/transform step 504. At deploy step 512, the models may be used to
analyze and predict outcomes for user inputs. After deployment, the machine learning
process may be continuously refined using additional collected data, additional usable
information, and additional models.

[00110] FIG. 6 is graphical user interface 600 illustrating variable importance
of characteristics identified in a method for identifying and capturing all relevant
features involved in a margin call process so that the root cause can be automatically
identified by using machine learning, according to an exemplary embodiment. The
graphical user interface illustrated in FIG. 6 has a header “Variable Importances.” The
graphical user interface may also include a bar graph that has an x-axis illustrating
percentages of importance in numbers and a y-axis illustrating contributing
characteristics in text. In an exemplary embodiment, the contributing characteristics
may be arranged in ascending and descending order according to relative importance
such as, for example, the most important characteristic may be arranged at the top of
the bar graph, or, vice versa, the most important characteristic may be arranged at the
bottom of the bar graph. In another exemplary embodiment, relative importance may
include a percentage of each characteristic’s contribution to a transaction type, such

as, for example, a margin call.
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[00111] In another exemplary embodiment, the illustrated graph may include
any visual representation of data such as, for example, a line graph, a pie chart, a
mosaic chart, a spider chart, a stacked bar graph, etc. In another exemplary
embodiment, the contributing characteristics may include at least one of a securities
appreciation characteristic, a securities depreciation characteristic, an assets market
value difference characteristic, a securities market value difference characteristic, a
securities market value buy characteristic, an exposure difference characteristic, a
cash market value difference characteristic, a collateral difference characteristic, a
cash market value sell characteristic, a haircut difference characteristic, a securities
market value sell characteristic, a securities liquidation value buy characteristic, a
cash market value appreciation characteristic, a cash market value depreciation
characteristic, a pledge market value out characteristic, a pledge market value
difference characteristic, a cash market value buy characteristic, a derivative exposure
delta characteristic, a derivative initial margin exposure delta characteristic, a pledge
liquidation value in characteristic, an accrued interest accumulation characteristic, a
pledge market value in characteristic, a pledge market value appreciation
characteristic, a pledge market value depreciation characteristic, a derivative negative
mark-to-market delta characteristic, a lending value fluctuation due to foreign
exchange movements characteristic, private equity calls or accrued interest debited
with a future value date characteristic,c and an unlimited pledge difference
characteristic.

[00112] FIG. 7 is a screenshot that illustrates graphical user interface 700 that
is usable for implementing a method for identifying and capturing all relevant features
involved in a margin call process so that the root cause can be automatically identified
by using machine learning, according to an exemplary embodiment. Graphical user
interface 700 may include an exemplary graphical user interface facilitating
interaction between a user and various automatically generated margin call models.
As illustrated, graphical user interface 700 may include a sortable table of numerous
investors and corresponding securities portfolios. In an exemplary embodiment, the
table provides a summarized view of processed securities portfolios. In graphical user
interface 700, the table may be sorted according to categories titled “Ticket ID,”
“Client Name,” “Aged,” “Aging Bucket,” “Client ID,” “Capital Advisor,” “Credit
Executive,” “Margin Call Amount USD,” “Cause of Margin Call,” and “Predicted

Cause of Margin Call.” Graphical user interface 700 may also include user selectable
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buttons such as, for example, a filter button and a refresh button to further refine
displayed information.

[00113] In an exemplary embodiment, the information in graphical user
interface 700 may be displayed in any combination of letters, words, and numbers. In
another exemplary embodiment, the aging bucket category may display information
as a range of days. In another exemplary embodiment, the margin call amount
category may display amounts in any user selectable, legally recognized legal tender.
In another exemplary embodiment, the cause of margin call category may display the
characteristics known to have caused a margin call in the collected data. In another
exemplary embodiment, the predicted cause of margin call category may display the
characteristics predicted to contribute to a future margin call. In another exemplary
embodiment, a comparison of the predicted cause of margin call category and the
cause of margin call category for a specific securities portfolio may be used to verify
margin call models. In another exemplary embodiment, the predicted cause of data
may be transmitted to graphical user interface 700 via an application programing
interface (API) such as, for example, a Representational State Transfer (REST) API
by data management software such as, for example, SPLUNK.

[00114] FIG. 8 is a flowchart 800 of an exemplary process for implementing a
method for identifying and capturing all relevant features involved in a margin call
process so that the root cause can be automatically identified by using machine
learning. As illustrated, flowchart 800 may include a user interface operable on
various user terminals labeled “system 1,” “system 2,” “system 3,” and “system n.”
The user terminals may be connected to a system configured to implement a method
for identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning.

[00115] The exemplary process in flowchart 800 begins at step S802 with the
collection of features relating to shared characteristics of margin calls. The collected
features may include, for example, accrued interest FX rate fluctuation and market
price fluctuation. Then, at step S804, a margin call model may be trained by artificial
intelligence (Al) or machine learning (ML) techniques using the collected features. At
step S806, a cause of margin call may be predicted using the trained margin call
model. The predicted cause of the margin call may then be validated at step S808 with

known outcomes to further refine the developed margin call model. Finally, at step
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S810, retrofitting of the model may be accomplished by repetition of the steps with
additional collected features to further train the developed margin call model.

[00116] FIG. 9 is a flowchart 900 of an exemplary process for implementing a
method for identifying and capturing all relevant features involved in a margin call
process so that the root cause can be automatically identified by using machine
learning. As illustrated, flowchart 900 begins with a business problem that may be
solved using machine learning techniques. A machine learning problem framing
method may be used to frame the business problem to identify possible technical
solutions relating to machine learning techniques, which may be used to solve the
business problem. Once the business problem has been framed, implementation of the
machine learning techniques may begin with collection of data pertinent to the
business problem. The collected data may be integrated with other pertinent data,
cleaned, and prepared for data visualization and analysis. Feature engineering of the
analyzed and visualized data uses domain knowledge of the data to create features
relating to attributes or properties of the business problem.

[00117] The engineered features may then be used to train developed models
and tune parameters. The trained models may then be evaluated using known
outcomes to determine whether business goals relating to a solution to the business
problem are met. A determination that the business goals have not been met results in
a review of the engineered features, which may result in reimplementation of the
machine learning technique beginning with data collection. However, when a
determination that the business goals have been met, the developed model may be
deployed to predict and resolve the business problem. The model may be maintained
after deployment using monitoring and debugging techniques which may
continuously retrain the model using newly collected data.

[00118] FIG. 10 is a screenshot 1000 that illustrates a graphical user interface
of unclassified tickets that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment. As illustrated in FIG. 10, the unclassified tickets are displayed in a
margin call tool consistent with embodiments in the present application. The margin
call tool may include a table that contains a plurality of unclassified tickets and a

counter titled “Unreviewed” that counts the number of unclassified tickets.
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[00119] FIG. 11 is a screenshot 1100 that illustrates a graphical user interface
of an unclassified ticket dashboard that is usable for implementing a method for
identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning,
according to an exemplary embodiment. As illustrated in FIG. 11, the unclassified
ticket dashboard provides information for a plurality of tickets. In an exemplary
embodiment, the unclassified ticket dashboard shows tickets without artificial
intelligence classification and may also include historical margin calls that have
previously been classified.

[00120] FIG. 12 is a screenshot 1200 that illustrates a graphical user interface
of classification confirmation that is usable for implementing a method for identifying
and capturing all relevant features involved in a margin call process so that the root
cause can be automatically identified by using machine learning, according to an
exemplary embodiment. As illustrated in FIG. 12, a confirmation email may be
received within a specified amount of time to confirm successful classification of
selected data. The confirmation email may include information corresponding to the
selected data classified. As will be appreciated by a person of ordinary skill in the art,
the confirmation email may be received by any email client such as, for example, a
proprietary email client and a third-party developed email client.

[00121] FIG. 13 is a screenshot 1300 that illustrates a graphical user interface
of classified tickets that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment. As illustrated in FIG. 13, the classified tickets are displayed in a margin
call tool consistent with embodiments in the present application. The tickets
successfully classified by the artificial intelligence are displayed on the margin call
tool.

[00122] FIG. 14A is a screenshot 1400A that illustrates a graphical user
interface of artificial intelligence features that is usable for implementing a method for
identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning,
according to an exemplary embodiment. As illustrated in FIG. 14A, the classified

tickets are displayed in a margin call tool consistent with embodiments in the present
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application. The margin call tool may also provide available ticket details that
includes artificial intelligence classification features and attributes.

[00123] FIG. 14B is a screenshot 1400B that illustrates a graphical user
interface of ticket details that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment. As illustrated in FIG. 14B, the classified tickets are displayed in a
margin call tool consistent with embodiments in the present application. The margin
call tool may also provide available ticket details for a particular ticket such as, for
example, the ticket identifier, the determined cause of margin call the ticket, and
relevant attribute values that were used to determine the cause of margin call.

[00124] FIG. 15 is a screenshot 1500 that illustrates a graphical user interface
of a classified ticket dashboard that is usable for implementing a method for
identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning,
according to an exemplary embodiment. As illustrated in FIG. 15, the classified
tickets are displayed in a dashboard consistent with embodiments in the present
application. The dashboard may display the artificial intelligence classified tickets
together with data corresponding to the analysis. The data may include a number of
valid margin calls, a number of invalid margin calls, and a number of total margin
calls. The dashboard may also present the data in graphical elements such as, for
example, a bar graph of causes of margin call per region.

[00125] FIG. 16 is a screenshot 1600 that illustrates a graphical user interface
of model accuracy that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment. As illustrated in FIG. 16, model analysis data are displayed in a
dashboard consistent with embodiments in the present application. The dashboard
may show artificial intelligence analysis accuracy for the current model on a given
cause of margin call, such as, for example, an accrued interest cause. The model
analysis data may include a number of valid margin calls, a number of invalid margin
calls, and a number of total margin calls. The dashboard may also present the data in
graphical elements such as, for example, a bar graph of causes of margin call per

region.
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[00126] FIG. 17 is a screenshot 1700 that illustrates a graphical user interface
of accuracy monitoring that is usable for implementing a method for identifying and
capturing all relevant features involved in a margin call process so that the root cause
can be automatically identified by using machine learning, according to an exemplary
embodiment. As illustrated in FIG. 17, historical model data are displayed in a
dashboard consistent with embodiments in the present application. The dashboard
may show graphical illustrations representing monitoring of accuracy improvements
as a function of time as more data is utilized for training by the model. The graphical
illustrations may include graphs such as, for example, a line graph and a bar graph
that tracks accuracy increases for the model as a function of time.

[00127] FIG. 18 is a show model 1800 illustrating feature interactions that is
usable for implementing a method for identifying and capturing all relevant features
involved in a margin call process so that the root cause can be automatically identified
by using machine learning, according to an exemplary embodiment. As illustrated in
FIG. 18, interactions between variables and characteristics may be highlighted in
chart form. As will be appreciated by a person of ordinary skill in the art, the variables
and the characteristics may be presented either on the X-axis or the Y-axis of a chart
such that an intersecting square indicates an interaction between a particular variable
and a particular characteristic.

[00128] FIG. 19A is a screenshot 1900A that illustrates a graphical user
interface of a user feedback form that is usable for implementing a method for
identifying and capturing all relevant features involved in a margin call process so
that the root cause can be automatically identified by using machine learning,
according to an exemplary embodiment. Screenshot 1900A provides for a graphical
user element such as, for example, a menu or other utility window that is presented to
a user.

[00129] As illustrated in FIG. 19A, the graphical user element may include a
user feedback form relating to the artificial intelligence classification outcome. In an
exemplary embodiment, the data gathered from the user feedback form may be used
to further train the margin call model by using techniques consistent with
embodiments in the present application to improve classification accuracy. The user
feedback form may include information corresponding to a particular ticket as well as

user selectable graphical elements to receive user input.
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[00130] FIG. 19B is a screenshot 1900B that illustrates an expanded graphical
user interface that is displayed based on user input in a user feedback form that is
usable for implementing a method for identifying and capturing all relevant features
involved in a margin call process so that the root cause can be automatically identified
by using machine learning, according to an exemplary embodiment. Screenshot
1900B provides for an expanded graphical user element such as, for example, a menu
or other utility window that is presented to a user. The expanded graphical user
element may be presented to a user based on a user input received from the graphical
user element in FIG. 19A.

[00131] As illustrated in FIG. 19B, the graphical user element may include an
expanded user feedback form relating to the artificial intelligence classification
outcome. In an exemplary embodiment, the data gathered from the expanded user
feedback form may be used to further train the margin call model by using techniques
consistent with embodiments in the present application to improve classification
accuracy. The expanded user feedback form may display information based on a user
selection in a previous graphical user element. The expanded user feedback form may
include additional information corresponding to a particular ticket as well as
additional user selectable graphical elements to receive user input.

[00132] Accordingly, with this technology, an optimized process for identifying
and capturing all relevant features involved in a margin call process so that the root
cause can be automatically identified by using machine learning is provided.

[00133] Although the invention has been described with reference to several
exemplary embodiments, it is understood that the words that have been used are
words of description and illustration, rather than words of limitation. Changes may be
made within the purview of the appended claims, as presently stated and as amended,
without departing from the scope and spirit of the present disclosure in its aspects.
Although the invention has been described with reference to particular means,
materials and embodiments, the invention is not intended to be limited to the
particulars disclosed; rather the invention extends to all functionally equivalent
structures, methods, and uses such as are within the scope of the appended claims.
[00134] For example, while the computer-readable medium may be described
as a single medium, the term “computer-readable medium” includes a single medium
or multiple media, such as a centralized or distributed database, and/or associated

caches and servers that store one or more sets of instructions. The term “computer-
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readable medium” shall also include any medium that is capable of storing, encoding
or carrying a set of instructions for execution by a processor or that cause a computer
system to perform any one or more of the embodiments disclosed herein.

[00135] The computer-readable medium may comprise a non-transitory
computer-readable medium or media and/or comprise a transitory computer-readable
medium or media. In a particular non-limiting, exemplary embodiment, the
computer-readable medium can include a solid-state memory such as a memory card
or other package that houses one or more non-volatile read-only memories. Further,
the computer-readable medium can be a random-access memory or other volatile re-
writable memory. Additionally, the computer-readable medium can include a
magneto-optical or optical medium, such as a disk or tapes or other storage device to
capture carrier wave signals such as a signal communicated over a transmission
medium. Accordingly, the disclosure is considered to include any computer-readable
medium or other equivalents and successor media, in which data or instructions may
be stored.

[00136] Although the present application describes specific embodiments
which may be implemented as computer programs or code segments in computer-
readable media, it is to be understood that dedicated hardware implementations, such
as application specific integrated circuits, programmable logic arrays and other
hardware devices, can be constructed to implement one or more of the embodiments
described herein. Applications that may include the various embodiments set forth
herein may broadly include a variety of electronic and computer systems.
Accordingly, the present application may encompass software, firmware, and
hardware implementations, or combinations thereof. Nothing in the present
application should be interpreted as being implemented or implementable solely with
software and not hardware.

[00137] Although the present specification describes components and functions
that may be implemented in particular embodiments with reference to particular
standards and protocols, the disclosure is not limited to such standards and protocols.
Such standards are periodically superseded by faster or more efficient equivalents
having essentially the same functions. Accordingly, replacement standards and
protocols having the same or similar functions are considered equivalents thereof.
[00138] The illustrations of the embodiments described herein are intended to

provide a general understanding of the various embodiments. The illustrations are not
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intended to serve as a complete description of all the elements and features of
apparatus and systems that utilize the structures or methods described herein. Many
other embodiments may be apparent to those of skill in the art upon reviewing the
disclosure. Other embodiments may be utilized and derived from the disclosure, such
that structural and logical substitutions and changes may be made without departing
from the scope of the disclosure. Additionally, the illustrations are merely
representational and may not be drawn to scale. Certain proportions within the
illustrations may be exaggerated, while other proportions may be minimized.
Accordingly, the disclosure and the figures are to be regarded as illustrative rather
than restrictive.

[00139] One or more embodiments of the disclosure may be referred to herein,
individually and/or collectively, by the term “invention” merely for convenience and
without intending to voluntarily limit the scope of this application to any particular
invention or inventive concept. Moreover, although specific embodiments have been
illustrated and described herein, it should be appreciated that any subsequent
arrangement designed to achieve the same or similar purpose may be substituted for
the specific embodiments shown. This disclosure is intended to cover any and all
subsequent adaptations or variations of various embodiments. Combinations of the
above embodiments, and other embodiments not specifically described herein, will be
apparent to those of skill in the art upon reviewing the description.

[00140] The Abstract of the Disclosure is submitted with the understanding that
it will not be used to interpret or limit the scope or meaning of the claims. In addition,
in the foregoing Detailed Description, various features may be grouped together or
described in a single embodiment for the purpose of streamlining the disclosure. This
disclosure is not to be interpreted as reflecting an intention that the claimed
embodiments require more features than are expressly recited in each claim. Rather,
as the following claims reflect, inventive subject matter may be directed to less than
all of the features of any of the disclosed embodiments. Thus, the following claims
are incorporated into the Detailed Description, with each claim standing on its own as
defining separately claimed subject matter.

[00141] The above disclosed subject matter is to be considered illustrative, and
not restrictive, and the appended claims are intended to cover all such modifications,
enhancements, and other embodiments which fall within the true spirit and scope of

the present disclosure. Thus, to the maximum extent allowed by law, the scope of the
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present disclosure is to be determined by the broadest permissible interpretation of the
following claims, and their equivalents, and shall not be restricted or limited by the

foregoing detailed description.
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What is claimed is:

1. A method for providing information that relates to triggering a margin
call with respect to a first securities portfolio, the method being implemented by at
least one processor, the method comprising:

obtaining, by the at least one processor, a plurality of data relating to a
plurality of securities portfolios;

automatically determining, by the at least one processor using the plurality of
data, at least one data pattern relating to triggering a margin call and at least one
corresponding characteristic contributing to triggering the margin call;

automatically generating, by the at least one processor, at least one margin call
model based on the at least one data pattern and the at least one characteristic; and

evaluating, by the at least one processor, the first securities portfolio using the
at least one margin call model to determine a first information relating to whether to

trigger a first margin call with respect to the first securities portfolio.

2. The method of claim 1, wherein the evaluating further comprises:

selecting, by the at least one processor, a first one of the at least one data
pattern and a first one of the at least one corresponding characteristic relating to
triggering the first margin call for the first securities portfolio; and

displaying, by the at least one processor via a display, the first information on
a graphical user interface together with the selected first one of the at least one data

pattern and the selected first one of the at least one corresponding characteristic.

3. The method of claim 1, wherein the at least one margin call model is

generated automatically using machine learning analysis of the plurality of data.

4. The method of claim 1, wherein the at least one margin call model includes
at least one from among a data model, a mathematical model, a process model, and a

machine learning model.
5. The method of claim 1, further comprising:

evaluating, by the at least one processor, a second securities portfolio using the

at least one margin call model to determine a second information relating to whether
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to trigger a future second margin call with respect to the second securities portfolio;
and
displaying, by the at least one processor via a display, the second information

on a graphical user interface.

6. The method of claim 5, wherein the graphical user interface includes at least
one dashboard that displays at least one from among monitoring information relating
to the first securities portfolio and classification information relating to the at least

one characteristic.

7. The method of claim 1, wherein the at least one characteristic includes at
least one from among a securities appreciation characteristic, a securities depreciation
characteristic, an assets market value difference characteristic, a securities market
value difference characteristic, a securities market value buy characteristic, an
exposure difference characteristic, a cash market value difference characteristic, a
collateral difference characteristic, a cash market value sell characteristic, a haircut
difference characteristic, a securities market value sell characteristic, a securities
liquidation value buy characteristic, a cash market value appreciation characteristic, a
cash market value depreciation characteristic, a pledge market value out
characteristic, a pledge market value difference characteristic, a cash market value
buy characteristic, a derivative exposure delta characteristic, a derivative initial
margin exposure delta characteristic, a pledge liquidation value in characteristic, an
accrued interest accumulation characteristic, a pledge market value in characteristic, a
pledge market value appreciation characteristic, a pledge market value depreciation
characteristic, a derivative negative mark-to-market delta characteristic, a lending
value fluctuation due to foreign exchange movements characteristic, private equity
calls or accrued interest debited with a future value date characteristic, and an

unlimited pledge difference characteristic.

8. The method of claim 1, further comprising:

receiving, by the at least one processor via a graphical user interface, feedback
information from at least one user; and

updating, by the at least on processor, the at least one margin call model based

on the feedback information.
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9. The method of claim 8, wherein the feedback information includes at least
one from among a first information accuracy ranking, a second information accuracy

ranking, and a characteristic accuracy ranking.

10. The method of claim 1, further comprising:

parsing, by the at least one processor, the plurality of data;

identifying, by the at least one processor in the parsed plurality of data,
personally identifiable information; and

anonymizing, by the at least one processor, the plurality of data by removing

the identified personally identifiable information.

11. A computing device configured to implement an execution of a method
for providing information that relates to triggering a margin call with respect to a first
securities portfolio, the computing device comprising:

a processor;

a memory; and

a communication interface coupled to each of the processor and the memory,

wherein the processor is configured to:

obtain a plurality of data relating to a plurality of securities portfolios;

automatically determine, by using the plurality of data, at least one
data pattern relating to triggering a margin call and at least one corresponding
characteristic contributing to triggering the margin call;

automatically generate at least one margin call model based on the at
least one data pattern and the at least one characteristic; and

evaluate the first securities portfolio using the at least one margin call
model to determine a first information relating to whether to trigger a first

margin call with respect to the first securities portfolio.

12. The computing device of claim 11, wherein, for the evaluating, the
processor is further configured to:

select a first one of the at least one data pattern and a first one of the at least
one corresponding characteristic relating to triggering the first margin call for the first

securities portfolio; and
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display, via a display, the first information on a graphical user interface
together with the selected first one of the at least one data pattern and the selected first

one of the at least one corresponding characteristic.

13. The computing device of claim 11, wherein the processor is further
configured to automatically generate the at least one margin call model by using

machine learning analysis of the plurality of data.

14. The computing device of claim 11, wherein the at least one margin call
model includes at least one from among a data model, a mathematical model, a

process model, and a machine learning model.

15. The computing device of claim 11, wherein the processor is further
configured to:

evaluate a second securities portfolio using the at least one margin call model
to determine a second information relating to whether to trigger a future second
margin call with respect to the second securities portfolio; and

display, via a display, the second information on a graphical user interface.

16. The computing device of claim 15, wherein the graphical user interface
includes at least one dashboard that displays at least one from among monitoring
information relating to the first securities portfolio and classification information

relating to the at least one characteristic.

17. The computing device of claim 11, wherein the at least one characteristic
includes at least one from among a securities appreciation characteristic, a securities
depreciation characteristic, an assets market value difference characteristic, a
securities market value difference characteristic, a securities market value buy
characteristic, an exposure difference characteristic, a cash market value difference
characteristic, a collateral difference characteristic, a cash market value sell
characteristic, a haircut difference characteristic, a securities market value sell
characteristic, a securities liquidation value buy characteristic, a cash market value
appreciation characteristic, a cash market value depreciation characteristic, a pledge

market value out characteristic, a pledge market value difference characteristic, a cash
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market value buy characteristic, a derivative exposure delta characteristic, a derivative
initial margin exposure delta characteristic, a pledge liquidation value in
characteristic, an accrued interest accumulation characteristic, a pledge market value
in characteristic, a pledge market value appreciation characteristic, a pledge market
value depreciation characteristic, a derivative negative mark-to-market delta
characteristic, a lending value fluctuation due to foreign exchange movements
characteristic, private equity calls or accrued interest debited with a future value date

characteristic, and an unlimited pledge difference characteristic.

18. The computing device of claim 11, wherein the processor is further
configured to:

receive, via a graphical user interface, feedback information from at least one
user; and

update the at least one margin call model based on the feedback information.

19. The computing device of claim 18, wherein the feedback information
includes at least one from among a first information accuracy ranking, a second

information accuracy ranking, and a characteristic accuracy ranking.

20. The computing device of claim 11, wherein the processor is further
configured to:

parse the plurality of data;

identify, in the parsed plurality of data, personally identifiable information;
and

anonymizing the plurality of data by removing the identified personally

identifiable information.
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