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NETWORK
102

(57) ABSTRACT

Methods and systems are presented for auditing user feed-
back data corresponding to user communications received
via at least one interface of a service provider. The user
feedback data includes a first set of feedback categories
associated with a first classification of the user communi-
cations. A first feature representation of the communications
is generated from the user feedback data. The first feature
representation includes a first set of textual data features
extracted from the communications. A second feature rep-
resentation is generated from the first feature representation
using a first machine learning model. The second feature
representation includes a second set of textual data features
including semantic equivalents of the first set of features. A
second machine learning model is trained with the second
feature representation. A second classification of the user
communications according to a second set of feedback
categories is generated using the trained second machine
learning model.

v 100

120

A

125



Patent Application Publication = May 16, 2024 Sheet 1 of 5 US 2024/0161123 A1

120
125

v 100
B

FiG. 1

NETWORK
102




-

A =

e ¢ ‘O

-

Y-

=]

e

<

<

S

) gze¢ 49da

o) ))l
GiLe
1980

- 8z% o

M JORPNY MoRgpeS 9 “

2 L

7 97z

- isbeugy JUNODOY

S

(g\]

= rec PLZIND

> B0IAISS JUBWARY 07

<

—> «—>

= MIOMISN AR

= ozzz || gzze || eezz (s)uoneoiiddy sasn

= OSW || gem || 1dv

2 017 &21A8(] 493N

=2 cee

=

& S90BLSIU] UOHBDIUNWLWIOT) cer

g Wwaby

= (Z7 JOAI8S IBPIADId 80IAIBS 707

>

= {s)uoneoiddy weby @

: @,

= 08z edine(] usby

2 ooz *

[~™



Patent Application Publication = May 16, 2024 Sheet 3 of 5 US 2024/0161123 A1

User Feedback Auditor 300

Data Preprocessor 310
-—— 320

Feature Extractor 322

Semantic Analyzer 324

Clustering Engine 326

ML Engine 328

Report Generator 330

FiG. 3



Patent Application Publication = May 16, 2024 Sheet 4 of 5 US 2024/0161123 A1

¥ 400

Access user feedback data corresponding to user
communications received via at least one communications
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e 402

Y

Generate a first feature representation of the user 4 404
communications from the user feadback daia
\ 4
Generate a second feature representation of the user ~ 406

communications from the first feature representation using a
first machine learning model

Y

Train a second machine learning model using the second |~ 408
feature representation

\ 4

Generate, using the trained second machine learning model, a e 410

second classification of the user communications according to
a second set of feedback categories

FiG. 4



May 16, 2024 Sheet 5 of 5 US 2024/0161123 A1

Patent Application Publication

G o)
A
815 TOHLNOD
: — HOSHND
JOVLHILNI J
AT HOSSINONd ke
ININOJNOD
905 7 z1g 7 —> T Indino
/LOdNT OlanY
_ snd 508G /
A NO@ \ A
ININOJNOD
: : > [ ndinoinan:
IANA MSIA JOVHOLS AMOWIN 05 7
s 7 915 7 pig 7 >  Avidsia
g 7
00% A




US 2024/0161123 Al

AUDITING USER FEEDBACK DATA

TECHNICAL FIELD

[0001] The present application generally relates to data
analysis and classification using trained machine learning
models, and particularly, to the analysis and classification of
user feedback data using trained machine learning models.

BACKGROUND

[0002] An online service provider that provides electronic
services, such as electronic content access, electronic trans-
actions, etc., may offer numerous avenues for users to
interact with the online service provider. For example, users
may interact with the online service provider by accessing a
website or a mobile application associated with the online
service provider. In another example, the user may call a
customer support hotline, send emails to a designated email
address, or chat with an agent (or a chatbot) of the online
service provider via a chat application. These various
avenues provide convenient ways for users to communicate
with the online service provider for submitting transaction
claims (e.g., disputes, questions, or other requests) related to
products and services offered by the service provider. How-
ever, they also present technical problems for the service
provider due to the large volume of claims that need to be
processed and evaluated to effectively understand the rea-
sons for such claims and address any underlying issues to
help improve the associated product or service.

[0003] Conventional customer relationship management
(CRM) systems are not equipped to manage the large
amounts of data associated with the large volume of claims.
For example, each transaction claim may have accompany-
ing data, such as text, audio, picture(s), video(s), etc., that
the user has provided as feedback for the transaction. A text
comment in the transaction claim may contain, for example,
text information describing a problem encountered by a user
for a recent transaction or a reason why the user has
requested certain transaction changes or cancellation. The
service provider may receive numerous transaction claim
submissions (e.g., hundreds of transaction claims) from
different users every day. The transaction claims are often
manually classified by customer service agents of the service
provider, who also input the user feedback as text data
associated with each claim. In many cases, however, the
transaction claims are misclassified, and the associated text
data is inconsistent with the user’s actual comments.
Because of such classification errors and data inconsisten-
cies, conventional systems have proved ineffective in resolv-
ing many of the transactions claims received by a service
provider for its product or service and in addressing any
underlying issues associated with the product or service.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] The accompanying drawings, which are included
to provide further understanding and are incorporated in and
constitute a part of this specification, illustrate disclosed
embodiments and, together with the description, serve to
explain the principles of the disclosed embodiments. In the
drawings:

[0005] FIG. 1 is a block diagram of a distributed client-
server system in accordance with an embodiment of the
present disclosure;
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[0006] FIG. 2 is a block diagram of a network communi-
cation system for auditing user feedback data for improved
classification of user communications in accordance with an
embodiment of the present disclosure;

[0007] FIG. 3 is a block diagram of a user feedback
auditing tool in accordance with an embodiment of the
present disclosure;

[0008] FIG. 4 is a flow diagram of a process for auditing
user feedback data in accordance with an embodiment of the
present disclosure; and

[0009] FIG. 5 is a block diagram of a computer system in
which embodiments of the present disclosure may be imple-
mented.

[0010] It should be appreciated that like reference numer-
als are used to identify like elements illustrated in one or
more of the figures, wherein showings therein are for
purposes of illustrating implementations of the present dis-
closure and not for purposes of limiting the same.

DETAILED DESCRIPTION

[0011] Embodiments of the present disclosure are directed
to auditing user feedback data for improved classification of
user communications using machine learning models. While
the present disclosure is described herein with reference to
illustrative embodiments for particular applications, it
should be understood that embodiments are not limited
thereto. Other embodiments are possible, and modifications
can be made to the embodiments within the spirit and scope
of the teachings herein and additional fields in which the
embodiments would be of significant utility.

[0012] Further, when a particular feature, structure, or
characteristic is described in connection with one or more
embodiments, it is submitted that it is within the knowledge
of one skilled in the relevant art to implement such feature,
structure, or characteristic in connection with other embodi-
ments whether or not explicitly described. It would also be
apparent to one of skill in the relevant art that the embodi-
ments, as described herein, can be implemented in many
different embodiments of software, hardware, firmware,
and/or the entities illustrated in the drawings. Any actual
software code with the specialized control of hardware to
implement embodiments is not limiting of the detailed
description. Thus, the operational behavior of embodiments
will be described with the understanding that modifications
and variations of the embodiments are possible, given the
level of detail presented herein.

[0013] As will be described in further detail below,
embodiments of the present disclosure may be used to
provide an auditing service or tool for automated analysis
and classification of user feedback data corresponding to
user communications received via at least one communica-
tions interface of a service provider. In some embodiments,
the user feedback data may include a set of feedback
categories associated with an initial classification of the user
communications. The initial classification may be performed
by, for example, customer service agents (people or
machines, e.g., an ML based classifier) of the service pro-
vider based on user comments received via the communi-
cations interface. The communications interface may be, for
example, a customer service interface implemented using
any of various communication channels that users of the
service provider may utilize to submit feedback or requests
related to one or more of the service provider’s products or
services. Examples of user communications that may be
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submitted via such channels include, but are not limited to,
user emails directed to a dedicated e-mail address associated
with the service provider, user chat sessions via a chat
application or chat interface of a website associated with the
service provider, and user phone calls via a customer support
hotline associated with the service provider. Examples of the
types of user feedback or requests that may be received by
the service provider through these communications (e.g.,
e-mails, calls, and/or chat sessions) include, but are not
limited to, service complaints or feature requests, refund
requests, technical support requests, fraud claims, and other
types of transaction claims or disputes.

[0014] The user feedback data resulting from the initial
classification of the user communications in the above
example may include a first set of feedback categories that
were selected by the customer service agents from a set of
predefined or template categories. However, the user com-
munications may have been misclassified due to agent error
or predefined categories that do not accurately reflect the
users’ actual comments or reasons for initiating the com-
munications with the service provider. In some embodi-
ments, various machine learning models may be applied to
the user feedback data to reclassify the corresponding user
communications and thereby improve the initial classifica-
tion. The reclassification using the disclosed machine learn-
ing techniques may produce a second classification of the
user communications according to a second set of feedback
categories. The second set of feedback categories may
provide a more accurate representation of the user commu-
nications. Accordingly, the service provider may use the
reclassified user feedback data to gain valuable insight into
the underlying issues that concern its users and make any
necessary changes or improvements to its product(s) or
service(s). The auditing and reclassification of the user
feedback data may also be used by the service provider to
improve its customer service interface, e.g., by training its
customer service agents to produce more accurate classifi-
cations or by revising the predefined categories to include
additional categories that are more specific to the types of
issues reported by its customers.

[0015] The terms “online service,” “web service,” and
“web application” are used interchangeably herein to refer
broadly and inclusively to any type of website, application,
service, protocol, or framework accessible via a web
browser, or other client application executed by a computing
device, over a local area network, medium area network, or
wide area network, such as the Internet. In some embodi-
ments, the user feedback data auditing and classification
techniques disclosed herein may be implemented as a web
application or web service of an online service provider
alongside other network or online services offered by the
service provider. For example, an online payment service
provider may implement the disclosed techniques as part of
an auditing tool to gain useful insights into the types of
issues that users of its payment processing services are
facing and to make any necessary improvements accord-
ingly. While the examples of FIGS. 1-5 will be described
below in the context of payment processing services pro-
vided by an online payment service provider, it should be
appreciated that embodiments are not intended to be limited
thereto and that the disclosed techniques may be applied to
any type of web service or application provided by a
network or online service provider. Also, while various
embodiments will be described below in the context of user
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feedback data received via a customer service interface, it
should be appreciated that the disclosed feedback auditing
and classification techniques are not intended to be limited
thereto and that these techniques may be applied to any type
of feedback related to a service provider’s product or ser-
vice. Furthermore, the term “user feedback data” as used
herein may refer to feedback data corresponding to com-
munications received from any of various entities (e.g.,
individuals, merchants, or other online service providers) via
an appropriate communications interface (e.g., an email,
messaging, or web interface) of the service provider.

[0016] FIG. 1 is a block diagram of a distributed client-
server system 100 in accordance with an embodiment of the
present disclosure. System 100 includes a client device 110,
a server 120, and a client device 130, all of which are
communicatively coupled to one another via a network 102.
Each of devices 110 and 130 may be any type of computing
device with at least one processor, local memory, display,
and one or more input devices (e.g., a mouse, QWERTY
keyboard, touchscreen, microphone, or a T9 keyboard).
Examples of such computing devices include, but are not
limited to, a mobile phone, a personal digital assistant
(PDA), a computer, a cluster of computers, a set-top box, or
similar type of device capable of processing instructions.
Server 120 may be any type of computing device, e.g., a web
server or application server, capable of serving data to
devices 110 and 130 over network 102.

[0017] Network 102 may be any network or combination
of networks that can carry data communication. Such a
network may include, but is not limited to, a wired (e.g.,
Ethernet) or a wireless (e.g., Wi-Fi and 3G) network. In
addition, network 102 may include, but is not limited to, a
local area network, a medium area network, and/or a wide
area network, such as the Internet. Network 102 may support
any of various networking protocols and technologies
including, but not limited to, Internet or World Wide Web
protocols and services. Intermediate network routers, gate-
ways, or servers may be provided between components of
system 100 depending upon a particular application or
environment. It should be appreciated that the network
connections shown in FIG. 1 are illustrative and any means
of establishing a communications link between the comput-
ers may be used. The existence of any of various network
protocols such as TCP/IP, Ethernet, FTP, HTTP, and the like,
and of various wireless communication technologies such as
GSM, CDMA, Wi-Fi, and LTE, is presumed, and the various
computing devices described herein may be configured to
communicate using any of these network protocols or tech-
nologies.

[0018] In some embodiments, server 120 may be used by
a service provider to provide one or more online services.
For example, the service provider may provide a payment
processing service for processing payments in connection
with online transactions between different entities via net-
work 102. Such transactions may include, but are not limited
to, payments or money transfers between different users of
the service provider. In FIG. 1, for example, a user 115 of
device 110 may initiate a transaction for the purchase of one
or more items sold by a merchant (not shown) at a physical
store or via an online marketplace accessible over network
102. The online marketplace in this example may be
accessed by user 115 by visiting a corresponding website
through a web browser or other client application executable
at device 110. The online marketplace may provide a check-
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out option for user 115 to select the payment processing
service offered by the service provider at server 120 to
complete payment for the purchase. By selecting this option,
user 115 may initiate a payment transaction for transferring
funds to the merchant from a specified bank account, digital
wallet, or other funding source associated with an account of
user 115 with the service provider. The payment processing
service may assist with resolving electronic transactions
through validation, delivery, and settlement of account bal-
ances between user 115 and the merchant in this example,
where accounts may be directly and/or automatically debited
and/or credited using monetary funds in a manner accepted
by the banking industry.

[0019] To use the payment processing service, user 115
may need to provide authentication credentials associated
with an account of user 115 with the service provider, e.g.,
via a login page served by server 120 and displayed at device
110. Server 120 may check the credentials, as received from
user 115 and device 110 via network 102, against the
credentials associated with user 115’s account. The authen-
tication credentials may be stored along with other relevant
account information, e.g., a transaction history associated
with user 115°s account, in a database 125 coupled to or
otherwise accessible to server 120. Database 125 may be any
type of data store or recordable storage medium used to
maintain, store, retrieve, and update information for server
120.

[0020] Insomeembodiments, server 120 may also be used
by the service provider to implement an auditing tool for
user feedback data associated with the payment processing
service. The user feedback data may correspond to commu-
nications received from different users, including user 115,
of the service provider. Such user communications may be
received by the service provider via, for example, at least
one communications interface of server 120. The commu-
nications may include, for example, user feedback and
customer service requests related to the services offered by
the service provider. The user feedback may include, for
example, user complaints or reports of issues related to one
or more service features. Customer service requests may
include requests for assistance resolving issues related to the
users’ respective accounts or transactions. Examples of such
requests include, but are not limited to, technical support
requests (e.g., account login or access issues), refund
requests, fraud claims, and other types of transaction claims
or disputes (e.g., requests for canceling a specific transaction
or making appropriate changes to the transaction amount or
other relevant transaction details).

[0021] In some embodiments, the communications inter-
face may be one of various customer service interfaces that
allow users to communicate with the service provider via
different communication channels and submit their feedback
in different ways. Examples of such communication chan-
nels or interfaces include, but are not limited to, telephone,
email, and text or instant messaging (IM). Accordingly,
client device 110 may include, for example, voice, email,
and messaging (or chat) applications that allow user 115 to
send and receive calls, emails, texts, and other notifications
over network 102.

[0022] Forexample, the customer service interface may be
in the form of a customer support line of the service
provider. Client device 110 in this example may be a smart
phone or other mobile communication device with appro-
priate hardware and software that user 115 may use to place
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a phone call to the support line. The call may be answered
by an automated telephony system, e.g., an interactive voice
response (IVR) system, implemented at server 120 or other
network device associated with the service provider. The
telephony system may obtain relevant information for iden-
tifying user 115 and account thereof before routing the call
via network 102 to a device of a customer service agent
associated with the service provider. The customer service
agent in this example may be a user 135 of client device 130.
In another example, user 135 may be a machine or software,
such as an Al or ML based chatbot application, operating
with or within client device 130. Client device 130 may
execute one or more applications for accessing information
associated with user 115’s account and capturing user feed-
back data including a record of user 115°s communications.
The record may include, for example, text input by user (or
agent) 135 based on comments made by user 115 during the
call and an audio recording of the call itself.

[0023] In some embodiments, the user feedback data may
also include a first set of feedback categories selected by
user/agent 135 (e.g., from a predefined list of categories) as
part of an initial classification of user 115’s communications
or feedback. The user feedback data, including the call
record and feedback categories, may be transmitted to server
120 via network 120. It should be appreciated that a similar
classification may be performed by customer service agents
of'the service provider for user communications received via
other types of communication channels or interfaces, e.g.,
user communications received via email and/or chat ses-
sions.

[0024] Moreover, it should be appreciated that the dis-
closed feedback auditing and classification techniques are
not intended to be limited to user communications received
via a customer service interface and that the disclosed
techniques may be applied to any type of feedback related to
the service provider’s product or service. Such feedback
may correspond to, for example, online communications or
information received or obtained by the service provider
from any of various sources associated with entities that may
or may not be affiliated with the service provider. Examples
of affiliated entities include, but are not limited to, mer-
chants, business partners, or other online service providers
in a contractual relationship with the service provider. Unat-
filiated entities may include, for example, any of various
third-party services or content providers (e.g., social media
service providers, online news providers, online bloggers, or
other public information sources), which publish informa-
tion (e.g., social media posts, news articles, blog posts,
public comments, or other online content) that includes
feedback related to the service provider’s product or service.

[0025] Examples of the types of feedback or communica-
tions available from either affiliated or unaffiliated entities
include, but are not limited to, product/service updates or
reports, new feature requests, marketing-related communi-
cations, public chat messages, and product or service rat-
ings. Given the ubiquity of online devices and the wide array
of feedback data available to the service provider, the
disclosed feedback auditing techniques may be used to
analyze and classify (or reclassify) user feedback data. The
results of this classification may provide useful insights for
the service provider and any affiliated entities (e.g., mer-
chants) to improve existing features of their respective
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products or services and/or predict market trends for adding
new product/service features tailored to different user groups
and markets.

[0026] In each of the above examples, server 120 may
store the user feedback data, including the set of feedback
categories, with other account information for user 115, e.g.,
within database 125, for later access and analysis by the user
feedback auditing tool of the service provider. As will be
described in further detail below with respect to FIGS. 2-4,
the analysis performed by the auditing tool may include
applying one or more machine learning models to the user
feedback data to reclassify the corresponding user commu-
nications according to a second set of feedback categories
that improves upon the initial classification.

[0027] FIG. 2 is a block diagram of a network communi-
cation system 200 for auditing user feedback data for
improved classification of user communications in accor-
dance with an embodiment of the present disclosure. For
discussion purposes, system 200 will be described using
system 100 of FIG. 1, as described above, but system 200 is
not intended to be limited thereto. As shown in FIG. 2,
system 200 includes a user device 210, a service provider
server 220, and an agent device 230. User device 210 and
agent device 230 may be implemented using, for example,
client devices 110 and 130 of FIG. 1, respectively, as
described above. Server 220 may be implemented using, for
example, server 120 of FIG. 1, as described above. Devices
210 and 230 along with server 220 may be communicatively
coupled to one another via a network 202. Network 202 may
be implemented using, for example, network 102 of FIG. 1,
as described above.

[0028] In some embodiments, user device 210 executes
one or more user applications 212 that a user 215 may use
to access the functionality of one or more web services via
network 202. Such web services may include, for example,
a payment service 224 provided by a service provider using
service provider server 220. In some embodiments, the
service provider may be an online payment service provider
or payment processor, and payment service 224 may include
various payment processing services for transactions
between different entities. Such transactions may include,
for example, transactions between user 215 and a merchant
(not shown) for the purchase of items sold by the merchant
via an online marketplace or physical point-of-sale location.
The payment processing services offered by the service
provider in this example may include, but are not limited to,
payment account establishment and management, fund
transfers, digital wallet services, and reimbursement or
refund services.

[0029] Insome embodiments, user application(s) 212 may
include any of various application programs executable at
user device 210 for accessing different features of payment
service 224 via a website hosted by service provider server
220. Examples of such application programs include, but are
not limited to, a web browser, a text messaging application,
an instant messaging (IM) application, a contacts applica-
tion, a calendar application, an electronic document appli-
cation, a database application, a media application (e.g.,
music, video, television), a location-based services (LBS)
application (e.g., GPS, mapping, directions, geolocation,
point-of-interest locator, etc.) that may utilize hardware
components such as an antenna, and a banking or other
financial application. In some implementations, application
(s) 212 may include a client-side payment service applica-

May 16, 2024

tion that interfaces with service provider server 220 over
network 202 to facilitate various transactions, e.g., online
payment or point-of-sale transactions, initiated by user 215
with user device 210. Such a client-side service application
may be used to implement security and programmatic fea-
tures for communicating over network 202 with various
communication interfaces 222 of service provider server
220, as will be described in further detail below, or other
executable applications of user device 210, e.g., email,
voice, texting, and IM applications that allow user 215 to
send and receive emails, calls, texts, and other notifications
through network 202.

[0030] User 215 may interact with a graphical user inter-
face (GUI) 214 of the respective user application(s) 212
using a user input device (e.g., mouse, keyboard, or touch-
screen) of user device 210 to perform various tasks related
to payment service 224. Such tasks may include, for
example, logging into an account of user 215 with the
service provider, viewing account information, initiating
payment transactions using funds associated with user 215’s
account, and communicating with the service provider to
submit feedback or request customer service assistance with
issues related to one or more features of payment service
224. Examples of such user communications include, but are
not limited to, bug reports, complaints, questions, sugges-
tions, feature requests, technical support requests, and cus-
tomer service requests. The customer service requests may
include, for example, transaction claims or disputes related
to a pending or completed transaction associated with user
215’s account.

[0031] In some embodiments, service provider server 220
may receive communications (e.g., complaints or transac-
tion claims/disputes) from user 215 and other users of
payment service 224 through various communication inter-
faces 222. Communication interfaces 222 may be used to
provide various communication channels over network 202
using the appropriate communication protocols supported
by different user applications 212. Communication inter-
faces 222 may include, for example, an application pro-
gramming interface (API) 222a, a web interface 2225, and
a messaging (MSG) interface 222¢. API 222a may be used
to provide a programmatic interface for receiving user
communications through one or more user application(s)
212, e.g., a client-side service application, as described
above. Web interface 22256 may be used to receive user
communications via appropriate World Wide Web protocols
supported by web-based applications e.g., a web browser or
a Voice over Internet Protocol (VoIP) telephone application.
Messaging interface 222¢ may be used to receive user
communications via email or other electronic messaging
applications using appropriate messaging protocols, e.g.,
Simple Mail Transfer Protocol (SMTP), instant message
(IM), short message service (SMS), multimedia messaging
service (MMS), Internet Relay Chat (IRC), and the like. It
should be appreciated that API 2224, web interface 2225,
and messaging interface 222¢ may be structured, arranged,
and/or configured to communicate with any of various types
of user devices 210 or user applications 212 over network
202 and that these interfaces may interoperate with each
other in some implementations. It should also be appreciated
that embodiments are not limited to the types of communi-
cation interfaces or channels illustrated in FIG. 2 and that
any of various interfaces may be used for sending and
receiving different types of communications to and from
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user devices and applications, as desired for a particular
implementation. Such communications may include, for
example, user discussions related to the service provider’s
product(s) or service(s) (e.g., payment service 224) from a
social media platform accessible to service provider server
220 via network 202.

[0032] In some implementations, communication inter-
faces 222 may correspond to different customer service
interfaces of the service provider for receiving user feedback
and customer service requests related to features of payment
service 224. User 215 may interact with one or more user
applications 212 at user device 210 to submit feedback or a
customer service request via one or more communications
interfaces 222 of service provider server 220. In one
example, user 215 may use an email application executable
at user device 210 to send an email including the feedback
or request to a dedicated email address for customer service
or support issues associated with payment service 224. The
email from user device 210 may be received by service
provider server 220 over network 202 via messaging inter-
face 222¢. In another example, user 215 may use a VoIP
telephone application at user device 210 to place a phone
call over network 202 to a dedicated customer support/
service line associated with payment service 224. The call
may be received by service provider server 120 via web
interface 2226 or other interface (e.g., APl 222q) that
provides various telephony (e.g., IVR and web-based tele-
phone) services and features at service provider server 120.
[0033] In some embodiments, the user communications
(e.g., email or phone call) received by service provider
server 220 via communication interfaces 222 may be routed
over network 202 to an agent device 230. Agent device 230
may execute one or more agent applications 232 that allows
a customer service representative or agent 235 (similar to
user 135), who may be one of various customer service
agents (not shown) associated with the service provider, to
receive or review the communications from user 215 (e.g.,
text and any audio or visual media included in a user email),
and input notes related to the communications (e.g., a text
summary of the email content or comments made by user
215 during the phone call).

[0034] In the phone call example above, agent application
(s) 232 may include VoIP functionality that lets agent 235
receive a notification of an incoming call from user 215 and
answer the call to communicate directly with user 215, e.g.,
via a virtual telephone using a microphone and speaker of
agent device 230 or a physical telephone connected to agent
device 230. It should be appreciated that agent device 230
may include any of various types of communication hard-
ware or software to facilitate voice communications with
user 215 and other remote users over network 202, as
necessary or desired for a particular implementation. Agent
235 in this example may interact with a GUI of agent
application(s) 232 to communicate with user 215, view
relevant information associated with the communications,
and input notes and other data related to the communications
(e.g., a text summary of comments made by user 215 during
a phone call with agent 235). The notes and other data may
be stored as part of a transaction record associated with user
215’s account. The transaction record may be stored along
with other account information for user 215 within a data-
base (DB) 225.

[0035] In some embodiments, the account information
stored in DB 225 may be managed by an account manager
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226 of service provider server 220. DB 225 may be any type
of data store for storing information accessible to service
provider server 220. DB 225 may be implemented using, for
example, database 125 of FIG. 1, as described above. In
some embodiments, account information for each registered
user of the service provider may be stored in DB 225 with
a unique identifier and other information relevant to each
user account. Such account information may include, for
example and without limitation, login credentials (e.g.,
username and password information), personal contact
information (e.g., mailing address and phone numbers),
banking information (e.g., bank account numbers and other
information related to one or more funding sources, such as
digital wallets), and other identity attributes that may be
used by account manager 226 to authenticate or verify the
identity of user 215 or other entity associated with an
account.

[0036] The account information may also include a trans-
action history that provides a chronological record of the
communications (e.g., transaction claims/disputes or other
customer service requests) associated with user 215°s
account with the service provider. The transaction history
may include metadata collected during one or more previous
transactions processed by the service provider for user 215,
including any previous communications received by the
service provider from user 215. Such metadata may include,
for example and without limitation, information passed to
service provider server 220 (and account manager 226) as
part of a login, purchase/payment transaction, transaction
claim, or customer service request initiated by user 215 via
user application(s) 212 at user device 210.

[0037] In some embodiments, the information collected
during the previous transaction(s) may be used to create a
profile of user 215 and any other entity who may be
associated with that account. In some cases, a single account
with the service provider may be associated with multiple
entities. Accordingly, the metadata included in the transac-
tion history stored in DB 225 for each account may also
include profile data collected for each entity associated with
the account. Such profile data may include, but is not limited
to, preferred account funding and payment options, a trans-
action history (e.g., payment information, receipts, other
details related to each previous transaction), device infor-
mation, and other information collected in response to
completed funding and/or payment transactions. The device
information may include, for example and without limita-
tion, Internet Protocol (IP) addresses, location data, and
other information identifying the device(s) used to complete
the previous transaction(s). Account manager 226 may use
the information stored in DB 225 for each account to match
profiles with individual users/entities associated with that
account. Account manager 226 may use the transaction
history and metadata thereof, including profile data and
attributes, associated with an account to verify the authen-
ticity of any requests received from a device (e.g., user
device 210) associated with the account.

[0038] In some embodiments, account manager 226 may
provide an interface for agent 235 to view and update
account information associated with user 215°s account via
a GUI of agent application(s) 232. Such information may
include the transaction record with the text summary of
communications received from user 215, as described
above. In some implementations, agent application(s) 232
and the interface provided by account manager 226 may be
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part of a customer relationship management (CRM) plat-
form associated with the service provider, e.g., as imple-
mented by service provider server 220 or other server (not
shown) that is communicatively coupled to service provider
server 220 via network 202. Such a CRM platform may be
used by the service provider to manage customer service
requests and other user communications received via com-
munication interfaces 222. The information collected by
agent 235 and other customer service agents of the service
provider may be used for product improvement and report-
ing purposes. In some cases, customer service metrics
generated from this information may be used to train and
improve the performance of individual customer service
agents, as will be described in further detail below.

[0039] In addition to collecting information (e.g., notes or
text summary) related to the user communications, agent
235 (and other agents) may use agent application(s) to
classify communications received from user 215 (and other
users) according to at least one category selected from a first
set of feedback categories. In some embodiments, the first
set of feedback categories may be a predefined list of
categories displayed via a GUI of agent application(s) 232 at
agent device 230. The classification of the user communi-
cations in this example may be stored along with the other
account information associated with user 215’s account in
DB 225, as described above. In some cases, the classification
of user 215’s communications by agent 235 (similar classi-
fication of other users’ communications by other agents of
the service provider) may not accurately reflect the respec-
tive users’ actual comments or reasons for their communi-
cations, e.g., due to human or machine error associated with
selecting an appropriate category or having a predefined list
that is limited to categories that may not accurately reflect
the users’ actual comments or reasons for initiating the
communications with the service provider.

[0040] Therefore, to improve the initial classification of
user communications performed by agent 235 (and other
agents of the service provider), a user feedback auditor 228
of service provider server 220 may apply machine learning
to the user feedback data to reclassify the corresponding user
communications, as will be described in further detail below
with respect to FIG. 3.

[0041] FIG. 3 is a block diagram of a user feedback
auditing tool (or user feedback auditor) 300 in accordance
with an embodiment of the present disclosure. User feed-
back auditor 300 may be used to implement, for example,
user feedback auditor 228 of service provider server 220 in
system 200 of FIG. 2, as described above. As shown in FIG.
3, user feedback auditor 300 includes a data preprocessor
310, a feature extractor 322, a semantic analyzer 324, a
clustering engine 326, a machine learning (ML) engine 328,
and a report generator 330. In some embodiments, feature
extractor 322, semantic analyzer 324, clustering engine 326,
and ML engine 328, and classifier 328 may correspond to
different components of a ML-based data classifier 320.
Classifier 320 may be used, for example, to reclassify user
feedback data corresponding to user communications that
were previously classified, e.g., by customer service agents,
like agent 235 of FIG. 2, as described above, of a service
provider.

[0042] In some embodiments, a service provider server
(e.g., service provider server 220 of FIG. 2, as described
above) may receive user communications (e.g., emails, text
messages, and/or phone calls) from different users over a
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network (e.g., network 202 of FIG. 2, as described above).
The user communications may include text input received
directly from users (e.g., including user 215 of FIG. 2) via
one or more applications executable at the respective users’
devices (e.g., including user device 210 of FIG. 2, as
described above). In some cases, a user may submit a
transaction claim including text comments to the service
provider server 220 via email, text message, or a chat session
through different communication channels or interfaces
(e.g., communication interfaces 222 of FIG. 2, as described
above). In other cases, the text input may be from a customer
service agent based on a phone call with the user, as
described above. The text comment may include a descrip-
tion of the user’s reasons for the transaction claim. In
addition to the text comments collected by the customer
service agent, an audio recording of the telephone conver-
sation with the user may be stored in a database (e.g., DB
225 of FIG. 2, as described above) with other information
associated with an account of the user with the service
provider. The user communications (including text and
audio communications) may be stored as user feedback data
including a first classification of the user communications
according to a first set of feedback categories, e.g., as
selected by the customer service agent from predefined
categories, as described above.

[0043] In some embodiments, the service provider server
may access and retrieve the user feedback data including any
text and audio communications from the database for pre-
processing by data preprocessor 310. Data preprocessor 310
may perform various data conversion or preprocessing
operations on the user feedback data to prepare the data for
processing by the components of ML-based data classifier
320 and use by ML models thereof. The data preparation
may include, for example, generating an input file including
the user communications in a data format associated with
one or more ML models, as will be described in further
detail below. The data format may be a text data format, and
the operations performed by data preprocessor 310 may
include performing voice-to-text transcription to convert
any audio communications into text. The voice-to-text tran-
scription may include, for example, using automatic speech
recognition (ASR) software to convert one or more audio
files, including the recorded voice communications from
phone calls with customer service agents, into transcribed
text (e.g., plain text file, text file).

[0044] In some embodiments, data preprocessor 310 may
also perform one or more cleaning operations on the tran-
scribed text to remove noise or unwanted information. The
noise or information removed from the clean text data may
include, for example and without limitation, punctuation
marks, stop words (e.g., “a”, “the”, “is”, are”, etc.), white
spaces, contractions, special characters, accented words, and
other non-substantive data. In some implementations,
removing noise may also include additional operations, such
as lowercasing (e.g., lowercasing the text of the text file),
stemming (e.g., reducing inflection in words to their root
form (e.g., “troubled” and “troubles” to “trouble™)), lemma-
tization (e.g., transforming words to their root word (e.g.,
“trouble”, “troubling”, “troubled”, and “troubles” would be
mapped to “trouble™)), and normalization (e.g., transforming
text into a standard form (e.g., “2moro” to “tomorrow”)). In
some cases, the noise may be removed from the text data to
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improve the prediction accuracy of the machine learning
models used by classifier 320, as will be described in further
detail below.

[0045] In some embodiments, the preprocessed user feed-
back data may be provided as input to feature extractor 322.
Feature extractor 322 may extract textual data features from
the preprocessed feedback data to produce a first feature
representation of the user feedback data. The operations
performed by feature extractor 322 may include, for
example, vectorizing the text data using sentence/word
embedding algorithms to extract textual data features of the
user communications, which may be used to identify pat-
terns in the text data. Examples of sentence/word embedding
algorithms that may be used for the text vectorization
include, but are not limited to, such as binary term fre-
quency, bag of words, term frequency-inverse document
frequency (TF-IDF), continuous bag of words (CBOW),
skip-gram (SG), one-hot encoding or count vectorization,
word2vec, glove, fastText, embedding from language mod-
els (ELMo), transformers, etc.

[0046] In some implementations, feature extractor 322
may utilize a transformers-based word embedding algorithm
to convert the preprocessed text, from the data preprocessor
310, into a vector(s) representing input features for training
one or more machine learning models. The transformers-
based word embedding algorithm may be context sensitive
and use an attention mechanism to describe the connections
and dependencies of each word in relation to other words in
a sentence. Alternatively, feature extractor 322 may convert
the preprocessed text into the vector(s) by using Bidirec-
tional Encoder Representations from Transformers (BERT)
word embedding techniques. In some cases, feature extrac-
tor 322 may combine textual data features and patterns to
yield combined features, which may be inputted to the
machine learning model(s).

[0047] The first feature representation of the user commu-
nications, including the extracted textual data features, gen-
erated by feature extractor 322 may be provided as input to
semantic analyzer 324. In some embodiments, semantic
analyzer 324 may be used to find the most common or
frequently used words and/or phrases in the user communi-
cations. For example, semantic analyzer 324 may convert
text strings identified in the first textual representation of the
user communications into a plurality of N-grams (where “N”
may be any positive integer). The N-grams may be, for
example, a contiguous sequence of N words from the text
string. The N-grams may then be used to find the most
frequently used words/phrases in the user communications.
The words/phrases may be organized or sorted according to
their frequency, e.g., from a maximum to minimum fre-
quency.

[0048] Semantic analyzer 324 may then perform a seman-
tic search for additional words/phrases in the user commu-
nications that are semantically equivalent to some predeter-
mined number of the most frequently used words/phrases
(e.g., top 10, 15, or 100 words/phrases, based on the total
number of words or N-grams). The semantic search may be
performed using, for example, a machine learning frame-
work (e.g., a deep neural network), which may be used to
rank and sort individual words/phrases in the user commu-
nications according to their cosine similarity with the most
frequent words/phrases. The results of the semantic search
may be used to generate a second feature representation of
the user communications from the first representation pro-
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duced by feature extractor 322. The second feature repre-
sentation may include a second set of textual data features
(also referred to herein as “semantic features”) extracted
from the user communications, which include semantic
equivalents of the first set of textual data features in the first
representation.

[0049] In some embodiments, clustering engine 326 may
cluster the user communications into a plurality of clusters
based on the second set of textual data features in the second
feature representation produced by semantic analyzer 324.
Clustering engine 326 may use one or more clustering
algorithms or models to generate the clusters. An example of
such a clustering algorithm/model is Latent Dirichlet allo-
cation (LDA). In some implementations, an LDA model
may be used to perform a text analysis of the second set of
textual data features to identify patterns in the user commu-
nications that correspond to a second set of feedback cat-
egories. The number of feedback categories identified by the
LDA model may be based on, for example, a tuning param-
eter representing a predetermined maximum number of
clusters. The second set of feedback categories may include,
for example, additional categories that may be different from
the first set of (predefined) feedback categories previously
used to classify the user communications (e.g., based on the
first classification with categories selected by customer
service agents of the service provider, as described above).

[0050] ML engine 328 may then be used to reclassify the
user communications to generate a second classification of
the user communications according to the second set of
feedback categories that correspond to the plurality of
clusters generated by clustering engine 326. In some imple-
mentations, ML engine 328 may determine an intent of each
of the user communications from extracted features associ-
ated with each of the interactions using the machine learn-
ing-trained classifier. In turn, ML engine 328 may classify
each of the communications as corresponding to a respective
category of the second set of feedback categories based at
least in part on the intent of that communication. In some
embodiments, ML engine 328 may select one of a plurality
of ML models corresponding to different ML-trained clas-
sifiers for the ML-based data classifier 320. In some embodi-
ments, ML engine 328 train each ML model in the plurality
of machine learning models to reclassify the user commu-
nications based on the second feature representation.

[0051] In some implementations, ML engine 328 may
generate multiple ML, models that are based on or corre-
spond to the second set of feedback categories. ML engine
328 may be adapted to train each of the ML models with
respective training datasets to form different ML-trained
classifiers. The respective training datasets may facilitate,
for example, supervised learning by including labeled inter-
action data indicating what information in the user commu-
nications pertains to which of the feedback categories. When
generating each ML-trained classifier, the features in the
training datasets may be used to generate different layers of
the ML model used for the classification, which may include
different nodes, values, weights, and the like. ML engine 328
may utilize a supervised machine learning algorithm, func-
tion, or technique that utilizes continuous and/or iterative
learning to generate the model. In some implementations,
the ML model may be implemented as a deep learning
network, including a convolution neural network, a recurrent
neural network, or a deep neural network.
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[0052] In some implementations, the ML, models may be
trained using one or more statistical modeling techniques to
produce ML-trained statistical models. Examples of such
statistical modeling techniques include, but are not limited
to, linear regression, logistic regression, random forests,
support vector machines (SVMs), decision trees, and Bayes-
ian networks. For example, SVMs may be used by ML
engine 328 to implement one or more of the ML, models.
SVMs are a set of related supervised learning methods used
for classification and regression. An SVM-based training
algorithm (e.g., a non-probabilistic binary linear classifier)
may build a model that predicts whether a new example falls
into one category or another. As another example, Bayesian
networks may be used to implement machine learning. A
Bayesian network is an acyclic probabilistic graphical model
that represents a set of random variables and their condi-
tional independence with a directed acyclic graph (DAG).
The Bayesian network could present the probabilistic rela-
tionship between one variable and another variable.

[0053] ML engine 328 may then select at least one of the
trained ML models based on a comparison of performance
metrics between each of the ML-trained classifiers. The
performance metrics may include, for example, confidence
scores computed by ML engine 328 for respective classifi-
cations of the user communications generated by the plu-
rality of trained ML models.

[0054] When training each ML model, ML engine 328
may utilize feedback and annotations or labeling from an
agent device (e.g., agent device 230 of FIG. 2, as described
above) or the device of a customer agent supervisor (not
shown) to iteratively train the model. For example, user
communications in the training data set and/or other data
sets may be flagged using the machine learning technique to
identify different categories of relevant feedback data, where
the supervisor’s device may send an indication that the
flagged communications were previously misclassified. The
identification of such misclassified communications may be
used to retrain the ML model in a continuous or iterative
training process so that incorrect classifications may be
reduced and/or eliminated, and the ML model may more
accurately classify user communications. Thus, the ML
model may be trained for classification of new user com-
munications, as well as review previous classifications per-
formed by customer service agents or existing ML models.
[0055] Insome embodiments, report generator 330 may be
used to generate a report that can include statistics on the
number of user communications that were classified differ-
ently in the second classification by the trained ML model
(as selected by ML engine 328) relative to the first classi-
fication by the customer service agents. The report may be
transmitted to the customer agent supervisor’s device as part
of a set of performance metrics for the individual customer
service agents. The report may include, for example, an
agent identifier for each customer service agent along with
statistics on the number of user communications previously
classified by the agent that were reclassified by the ML
model. The report may be used by the supervisor to identify
which agents are misclassifying user communications and
the frequency of such misclassifications. Such statistics may
then be used for agent training, e.g., by providing feedback
to those customer service agents who frequently misclassify
user communications, to improve customer service overall.
[0056] In some implementations, report generator 330
may generate a different report indicating common user
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complaints or issues reported by users, based on the classi-
fication by ML engine 328 of user communications. Such a
report may be generated, for example, when a predetermined
number of complaints or communications (e.g., exceeding a
threshold) associated with a particular feedback category is
identified. The information included in the report may then
be used by the service provider to identify and resolve any
underlying issues or areas for improvement with respect to
one or more features of its products and/or services.

[0057] As described above, user feedback auditor 300 may
be used to implement user feedback auditor 228 of service
provider server 220 in FIG. 2, e.g., as another service that
operates alongside payment service 224 for reclassifying
user feedback data relating to issues reported by users of
payment service 224 via a customer service interface. In
some embodiments, user feedback auditor 300 may be
implemented as a standalone platform, e.g., at server 220 or
another server communicatively coupled thereto, for audit-
ing various types of user feedback data. In some implemen-
tations, such a platform may be used to provide an auto-
mated feedback analysis and classification functionality to
an existing CRM framework or system associated with the
service provider. The CRM system of the service provider
may receive, for example, a large amount of user commu-
nications related to its products or services. As described
above, such communications may include emails that are
directed to a dedicated customer service email address
associated with the service provider, phone calls received
via a support hotline, and chat sessions initiated via a
website of the service provider, etc. Processing through such
a high volume of user communications manually is not
feasible in terms of both time and resources. Thus, user
feedback auditor 300 may be used to provide an automated
feedback analysis and classification platform to automati-
cally analyze and classify user communications (e.g., email,
phone, chat, etc.) for producing actionable insights related to
product/service issues, complaints, or general user com-
ments.

[0058] In some embodiments, user feedback auditor 300
may be used to analyze and classify the user communica-
tions received by the service provider through various
communication channels, as described above. Such commu-
nications may include, for example, conversations between
users and customer service agents of the service provider.
The conversations may be related to transaction claims or
disputes submitted by the respective users. Each transaction
claim may include a user’s comment (e.g., text-based input,
text-based electronic data) or reason for submitting the
claim/dispute. For example, the comment may include text
describing that items purchased from a merchant were never
delivered, the items are defective, the items are substantially
different than the merchant’s description, the items were
perished upon delivery, the items were not delivered on time,
etc. The classification of such user comments may produce
feedback categories representing the most common cus-
tomer issues, which may not be evident from any manual or
existing automated classification performed by the default
CRM system.

[0059] To identify such hidden customer issues, user feed-
back auditor 300 may first preprocess the data using data
preprocessor 310, e.g., by converting all audio or recorded
voice communications into text using voice-to-text tran-
scription and performing any data cleaning operations, as
described above. User feedback auditor 300 may analyze the
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preprocessed data to find the most common words and
phrases (e.g., using feature extractor 322 and semantic
analyzer 324, as described above). Given that a transaction
claim is about a particular topic, specific words can be
expected to appear in the associated user communications
more or less frequently. As an example, the words “dog” and
“bone” may appear more often in user communications
about dogs, “cat” and “meow” may appear more often in
communications about cats, and “the” and “is” may appear
equally in both sets of communications. User communica-
tions may also concern multiple topics in different propor-
tions, for example, in a conversation that is 10% about dogs
and 90% about cats, there would probably be about 9 times
more cat-related words than dog-related words.

[0060] The common words/phrases may then be used to
perform a semantic search for specific topics and topic
groups (e.g., using clustering engine 326). In some embodi-
ments, user feedback auditor 300 may employ topic mod-
eling, which includes a type of statistical modeling using
machine learning for discovering the “topics™ that occur in
a collection of input documents or files, based on the
common words or phrases. The “input documents” or “input
files” in this example may be text-based files including user
input and comments. The topics may correspond to new set
of feedback categories that are discovered from analyzing
the user communications. Thus, topic modeling can be used
as a text-analysis tool for discovering latent semantic struc-
tures in a text body. The “topics™ produced by topic mod-
eling techniques may include clusters of similar words. A
topic model captures this information in a mathematical
framework, which allows for analyzing a set of input docu-
ments and discovering, based on the statistics of the words
in each, what the topics might be and what each document’s
balance of topics is. As described above, Latent Dirichlet
allocation (LDA) is an example of a topic model. As will be
described in further detail below with respect to FIG. 4, the
topics or new feedback categories discovered by user feed-
back auditor 300 may be used to train a machine learning
model (e.g., using ML engine 328) and use the trained model
to audit user feedback data by reclassifying the correspond-
ing user communications according to the new set of feed-
back categories.

[0061] FIG. 4 is a flow diagram of a process 400 for
auditing user feedback data in accordance with an embodi-
ment of the present disclosure. For discussion purposes,
process 400 will be described using system 200 of FIG. 2
and user feedback auditor 300 of FIG. 3, as described above.
However, process 400 is not intended to be limited thereto.
Process 400 may be performed by, for example, user feed-
back auditor 228 of service provider server 220 in system
200 of FIG. 2 or user feedback auditor 300 of FIG. 3, as
described above.

[0062] As shown in FIG. 4, process 400 begins in block
402, which includes accessing user feedback data corre-
sponding to user communications (e.g., email, text, or phone
calls) received via at least one customer service interface of
a service provider (e.g., communication interfaces 222 of
service provider server 220 of FIG. 2, as described above).
The user feedback data may include, for example, a first set
of feedback categories associated with a first classification
of the user communications. In some embodiments, the first
classification may be a manual classification of the user
communications performed by customer service agents,
such as agent 235 of FIG. 2, of the service provider via their
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respective agent devices. The at least one customer service
interface may include, for example, a customer support line
for receiving phone calls from one or more users of the
service provider. The user feedback data in this example
may include audio files corresponding to voice communi-
cations between the user(s) and the customer service agents
of the service provider via the customer support line inter-
face.

[0063] Process 400 may then proceed to block 404, which
includes generating a first feature representation of the user
communications from the user feedback data. The first
feature representation may include a first set of textual data
features extracted from the user communications. In some
implementations, the user feedback data may be prepro-
cessed, e.g., by data preprocessor 310 of FIG. 3, as described
above, prior to generating the first feature representation.
The preprocessing may include, for example, converting
each of the audio files into a text file including a transcrip-
tion of the corresponding voice communications received
from the user(s), e.g., as recorded during the phone calls
with the service agents via the customer support line inter-
face. The text file in this example may then be vectorized
using a word embedding algorithm. The first set of textual
data features may then be extracted from the vectorized text
file. The vectorization and feature extraction operations may
be performed by, for example, feature extractor 322 of FIG.
3, as described above.

[0064] Inblock 406, a second feature representation of the
user communications may be generated from the first feature
representation using a first machine learning (ML) model.
The second feature representation may include, for example,
a second set of textual data features extracted from the user
communications. The second set of textual data features may
include semantic equivalents of the first set of textual data
features. In some embodiments, the first ML model may use
a deep learning framework to identify the semantic equiva-
lents of the first set of textual data features within the user
communications. The second set of textual data features,
including the identified semantic equivalents, may then be
extracted from the user communications. The operations in
block 406 may be performed by, for example, semantic
analyzer 324 of FIG. 3, as described above.

[0065] In block 408, a second machine learning model is
trained using the second feature representation generated
from the first machine learning model. In some embodi-
ments, block 408 may include clustering the user commu-
nications into a plurality of clusters using one or more
clustering algorithms. Each of the plurality of clusters may
correspond to a different one of the feedback categories in
the second set based on a unique pattern of the second set of
textual features within the user communications. The clus-
tering operations in block 408 may be performed by, for
example, clustering engine 326 of FIG. 3, as described
above. The training operations may be performed by, for
example, ML engine 328 of FIG. 3, as described above.
[0066] In block 410, the trained second machine learning
model may be used to generate a second classification of the
user communications according to a second set of feedback
categories. Examples of such feedback categories include,
but are not limited to, customer complaints or reports about
various product or service features not working properly,
queries for information regarding products and/or services
associated with the service provider, and feature requests or
suggestions to improve features of products and/or services
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associated with the service provider, which may serve as
feedback for the service provider to identify any underlying
issues or areas for improvement in its products and/or
services.

[0067] In some embodiments, the second machine learn-
ing model used to generate the second classification in block
410 may be selected from among a plurality of machine
learning models. Each machine learning model may be
trained to reclassify the user communications based on the
second feature representation generated in block 406. A
comparison of confidence scores computed for respective
classifications of the user communications generated by the
plurality of trained machine learning models may be per-
formed. At least one of the trained machine learning models
may then be selected as the second machine learning model
based on the comparison. The at least one trained machine
learning model that is selected may be used to generate the
second classification of the user communications. The con-
fidence score of the second classification may be the highest
among the confidence scores of the respective classifications
generated by the plurality of trained machine learning mod-
els.

[0068] FIG. 5is ablock diagram of a computer system 500
in which embodiments of the present disclosure may be
implemented. Computer system 500 may be suitable for
implementing, for example, one or more components of the
devices and servers in systems 100 and 200 of FIGS. 1 and
2, respectively, according to various implementations of the
present disclosure. In various implementations, a client or
user device may comprise a personal computing device e.g.,
smart phone, a computing tablet, a personal computer,
laptop, a wearable computing device such as glasses or a
watch, Bluetooth device, key FOB, badge, etc.) capable of
communicating with a service provider over a network, e.g.,
network 102 or 202 of system 100 or 200, respectively. The
service provider may utilize a network computing device
(e.g., a network server) capable of communicating with the
network. It should be appreciated that each of the devices
utilized by users and service providers may be implemented
as computer system 500 in a manner as follows.

[0069] Computer system 500 includes a bus 502 or other
communication mechanism for communicating information
data, signals, and information between various components
of computer system 500. Components include an input/
output (I/O) component 504 that processes a user action,
such as selecting keys from a keypad/keyboard, selecting
one or more buttons, image, or links, and/or moving one or
more images, etc., and sends a corresponding signal to bus
502. I/O component 504 may also include an output com-
ponent, such as a display 511 and a cursor control 513 (such
as a keyboard, keypad, mouse, etc.). An optional audio
input/output component 505 may also be included to allow
a user to use voice for inputting information by converting
audio signals. Audio I/O component 505 may allow the user
to hear audio. A transceiver or network interface 506 trans-
mits and receives signals between computer system 500 and
other devices, such as another communication device, ser-
vice device, or a server (e.g., service provider server 220 of
FIG. 2, as described above) via a network (e.g., network 202
of FIG. 2, as described above). In some implementations, the
signal transmission may be wireless, although other trans-
mission mediums and methods may also be suitable. One or
more processors 512, which can be a micro-controller,
digital signal processor (DSP), or other processing compo-
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nent, processes these various signals, such as for display on
computer system 500 or transmission to other devices via a
communication link 518. Processor(s) 512 may also control
transmission of information, such as cookies or IP addresses,
to other devices.

[0070] Components of computer system 500 also include
a system memory component 514 (e.g., RAM), a static
storage component 516 (e.g., ROM), and/or a disk drive 517.
Computer system 500 performs specific operations by pro-
cessor(s) 512 and other components by executing one or
more sequences of instructions contained in system memory
component 514. Logic may be encoded in a computer
readable medium, which may refer to any medium that
participates in providing instructions to processor(s) 512 for
execution. Such a medium may take many forms, including
but not limited to, non-volatile media, volatile media, and
transmission media. In various implementations, non-vola-
tile media includes optical or magnetic disks, volatile media
includes dynamic memory, such as system memory compo-
nent 514, and transmission media includes coaxial cables,
copper wire, and fiber optics, including wires that comprise
bus 502. In one implementation, the logic is encoded in
non-transitory computer readable medium. In one example,
transmission media may take the form of acoustic or light
waves, such as those generated during radio wave, optical,
and infrared data communications.

[0071] Some common forms of computer readable media
includes, for example, floppy disk, flexible disk, hard disk,
magnetic tape, any other magnetic medium, CD-ROM, any
other optical medium, punch cards, paper tape, any other
physical medium with patterns of holes, RAM, PROM,
EEPROM, FLASH-EEPROM, any other memory chip or
cartridge, or any other medium from which a computer is
adapted to read.

[0072] In various implementations of the present disclo-
sure, execution of instruction sequences to practice the
present disclosure may be performed by computer system
500. In various other implementations of the present disclo-
sure, a plurality of computer systems 500 coupled by com-
munication link 518 to the network (e.g., such as a LAN,
WLAN, PTSN, and/or various other wired or wireless
networks, including telecommunications, mobile, and cel-
Iular phone networks) may perform instruction sequences to
practice the present disclosure in coordination with one
another.

[0073] Although the various components of computer
system 500 are described separately, it should be appreciated
that the functionality of the various components may be
combined and/or performed by a single component and/or
multiple computing devices in communication with one
another, as desired for a particular implementation.

[0074] Where applicable, various implementations pro-
vided by the present disclosure may be implemented using
hardware, software, or combinations of hardware and soft-
ware. Also, where applicable, the various hardware compo-
nents and/or software components set forth herein may be
combined into composite components that include software,
hardware, and/or both without departing from the spirit of
the present disclosure. Where applicable, the various hard-
ware components and/or software components set forth
herein may be separated into sub-components that include
software, hardware, or both without departing from the
scope of the present disclosure. In addition, where appli-
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cable, it is contemplated that software components may be
implemented as hardware components and vice-versa.
[0075] Software, in accordance with the present disclo-
sure, such as program code and/or data, may be stored on
one or more computer readable mediums. It is also contem-
plated that software identified herein may be implemented
using one or more general purpose or specific purpose
computers and/or computer systems, networked and/or oth-
erwise. Where applicable, the ordering of various steps
described herein may be changed, combined into composite
steps, and/or separated into sub-steps to provide features
described herein.
[0076] The various features and steps described herein
may be implemented as systems that include one or more
memories storing various information described herein and
one or more processors coupled to the one or more memories
and a network, wherein the one or more processors are
operable to perform steps as described herein, as non-
transitory machine-readable medium that includes a plural-
ity of machine-readable instructions which, when executed
by one or more processors, are adapted to cause the one or
more processors to perform a method that includes steps
described herein, and methods performed by one or more
devices, such as a hardware processor, user device, server,
and other devices described herein.
[0077] Although the subject matter has been described in
language specific to structural features and/or methodologi-
cal acts, it is to be understood that the subject matter defined
in the appended claims is not necessarily limited to the
specific features or acts described above. Rather, the specific
features and acts described above are described as example
implementations of the following claims.
What is claimed is:
1. A system comprising:
one or more hardware processors; and
a non-transitory memory having stored therein instruc-
tions that are executable by the one or more hardware
processors to cause the system to perform operations
comprising:
accessing user feedback data corresponding to user com-
munications received via at least one customer service
interface of a service provider, the user feedback data
including a first set of feedback categories associated
with a first classification of the user communications;
generating a first feature representation of the user com-
munications from the user feedback data, the first
feature representation including a first set of textual
data features extracted from the user communications;
generating, using a first machine learning model, a second
feature representation of the user communications from
the first feature representation, the second feature rep-
resentation including a second set of textual data fea-
tures extracted from the user communications, and the
second set of textual data features including semantic
equivalents of the first set of textual data features;
training a second machine learning model with the second
feature representation generated from the first machine
learning model; and
generating, using the trained second machine learning
model, a second classification of the user communica-
tions according to a second set of feedback categories.
2. The system of claim 1, wherein the operations further
comprise:
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identifying, from the first machine learning model using
a deep learning framework, the semantic equivalents of
the first set of textual data features within the user
communications; and

extracting, from the user communications, the second set

of textual data features including the identified seman-
tic equivalents.

3. The system of claim 1, wherein the operations further
comprise:

clustering the user communications into a plurality of

clusters using one or more clustering algorithms, each
of the plurality of clusters corresponding to a different
one of the feedback categories in the second set based
on a unique pattern of the second set of textual features
within the user communications.

4. The system of claim 1, wherein the second machine
learning model is selected from among a plurality of
machine learning models, and wherein the operations further
comprise:

training each machine learning model in the plurality of

machine learning models to reclassify the user com-
munications based on the second feature representa-
tion;

comparing confidence scores for respective classifications

of the user communications generated by the plurality
of trained machine learning models; and

selecting, from among the plurality of trained machine

learning models, at least one trained machine learning
model as the second machine learning model based on
the comparison, wherein the at least one trained
machine learning model is used to generate the second
classification of the user communications, and the
second classification has a highest confidence score
from among the respective classifications generated by
the plurality of trained machine learning models.

5. The system of claim 1, wherein the at least one
customer service interface of the service provider is a
customer support hotline for receiving phone calls from one
or more users of the service provider, and wherein the user
feedback data further includes audio files corresponding to
voice communications between the one or more users and
customer service agents of the service provider via the
customer support hotline.

6. The system of claim 5, wherein the operations further
comprise:

preprocessing the voice communications for use by at

least one of the first machine learning model or the
second machine learning model.

7. The system of claim 6, wherein the preprocessing
comprises:

converting each of the audio files into a text file including

a transcription of the corresponding voice communica-
tions.

8. The system of claim 7, wherein the preprocessing
further comprises:

vectorizing the text file using a word embedding algo-

rithm; and

extracting the first set of textual data features from the

vectorized text file.

9. A method comprising:

accessing, by a computing device from a database, user

feedback data corresponding to user communications
received via at least one communications interface of a
service provider, the user feedback data including a first
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set of feedback categories associated with a first clas-
sification of the user communications;

generating, by the computing device, an input file includ-

ing the user communications in a data format associ-
ated with a first machine learning model;

extracting, using the first machine learning model, a

plurality of semantic features of the user communica-
tions from the generated input file;

determining a second set of feedback categories for the

user communications using a second machine learning
model trained with the extracted plurality of semantic
features; and

reclassifying the user communications according to the

second set of feedback categories.

10. The method of claim 9, wherein the data format of the
user communications in the input file is a text format, and
wherein the input file includes a first feature representation
of the user communications that includes a first set of textual
data features extracted from the user communications.

11. The method of claim 10, wherein extracting the
plurality of semantic features comprises:

generating a second feature representation of the user

communications using the first machine learning model
with the first feature representation, the second feature
representation including a second set of textual data
features extracted from the user communications, and
the second set of textual data features including seman-
tic equivalents of the first set of textual data features.

12. The method of claim 9, wherein the user communi-
cations include audio files corresponding to voice commu-
nications between one or more users and customer service
agents associated with the service provider.

13. The method of claim 12, wherein generating the input
file further comprises:

converting each of the audio files into a text file including

a transcription of the corresponding voice communica-
tions; and

preprocessing the text file for use by the first machine

learning model.

14. The method of claim 13, wherein the preprocessing
comprises:

removing noise or unwanted information from the text

file.

15. The method of claim 14, further comprising:

vectorizing the text file using a word embedding algo-

rithm; and

extracting the first set of textual data features from the

vectorized text file.

16. A non-transitory machine-readable medium having
stored thereon machine-readable instructions executable to
cause a machine to perform operations comprising:

accessing user feedback data corresponding to user com-

munications received via at least one communications
interface of a service provider, the user feedback data
including a first set of feedback categories associated
with a first classification of the user communications;
generating a first feature representation of the user com-
munications from the user feedback data, the first
feature representation including a first set of textual
data features extracted from the user communications;
generating a second feature representation of the user
communications from a first machine learning model
based on the first feature representation, the second
feature representation including a second set of textual
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data features extracted from the user communications,
and the second set of textual data features including
semantic equivalents of the first set of textual data
features;

determining a second set of feedback categories for the

user communications using a second machine learning
model trained with the second feature representation;
and

generating, using the trained second machine learning

model, a second classification of the user communica-
tions according to the second set of feedback catego-
ries.

17. The non-transitory machine-readable medium of
claim 16, wherein the user feedback data further includes
audio files corresponding to voice communications between
users of the service provider and customer service agents
associated with the service provider, and wherein the opera-
tions further comprise:

converting each of the audio files into a text file including

a transcription of the corresponding voice communica-
tions;

vectorizing the text file using a word embedding algo-

rithm; and

extracting the first set of textual data features from the

vectorized text file.

18. The non-transitory machine-readable medium of
claim 16, wherein the operations further comprise:

identifying, from the first machine learning model using

a deep learning framework, the semantic equivalents of
the first set of textual data features within the user
communications; and

extracting, from the user communications, the second set

of textual data features including the identified seman-
tic equivalents.

19. The non-transitory machine-readable medium of
claim 16, wherein the operations further comprise:

clustering the user communications into a plurality of

clusters using one or more clustering algorithms, each
of the plurality of clusters corresponding to a different
one of the feedback categories in the second set based
on a unique pattern of the second set of textual features
within the user communications.

20. The non-transitory machine-readable medium of
claim 16, wherein the second machine learning model is
selected from among a plurality of machine learning models,
and wherein the operations further comprise:

training each machine learning model in the plurality of

machine learning models to reclassify the user com-
munications based on the second feature representa-
tion;

comparing confidence scores for respective classifications

of the user communications generated by the plurality
of trained machine learning models; and

selecting, from among the plurality of trained machine

learning models, at least one trained machine learning
model as the second machine learning model based on
the comparison, wherein the at least one trained
machine learning model is used to generate the second
classification of the user communications, and the
second classification has a highest confidence score
from among the respective classifications generated by
the plurality of trained machine learning models.
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