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METHOD AND SYSTEM FOR PROACTIVE CLIENT RELATIONSHIP ANALYSIS

BACKGROUND

[0001] Outsourcing of non-core operations to third parties is a standard component of
most modern business and organizational models. Consequently, many organizations utilize
third party service providers to perform various functions and operations for the organization.
[0002] As a specific illustrative example, many organizations rely on multiple software
systems in their day-to day operations. In many cases, these organizations use one or more
Enterprise Application Software systems (EAS), also referred to as simply “enterprise software.”
EAS systems are designed to provide software capabilities to address the needs of the
organization, or enterprise, as a whole rather than individuals within the organization.

Therefore, EAS systems are typically highly complex systems. Given the complexity of these
software systems, organizations often turn to software service providers to support the various
software systems used by the organization. Typically, these organizations, or clients, of the
software service providers are dependent on the supported software to generate revenue and
manage expenses. Consequently, the services provided by the software service providers are
often critical to their clients and the implementation, maintenance, and problem resolution
services provided typically need to be performed very quickly and correctly.

[0003] In order to establish and maintain the trust of their clients, service providers
typically utilize one or more client service systems or client relationship management systems to
track and collect data about various jobs performed by the service provider. One specific
example of a client service system is Salesforce™. The data collected by traditional client
service systems allow an agent of the service provider, typically a human agent, to track job
progress so that the agent can manage the relationship with the client efficiently and effectively.
[0004] Using traditional client service systems, a case is created based on a client job or
issue. Each case is tracked, and data is collected, until the case is resolved or finished. As a case
is tracked, various case performance data is typically generated throughout the lifetime of the
case. Using traditional client service systems, the case performance data can then be analyzed to
determine the performance of the service provider in handling the case for the client using

various methods.
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[0005] Traditional client service systems can be quite effective and are a powerful tool
for tracking clients’ jobs and maintaining client relationships. However, traditional client
service systems are largely reactive systems that only alert an agent of the service provider to an
issue once that issue has already occurred, or at least become a serious or escalated issue. For
example, using traditional client service systems, only when a client reports a problem, or
significant deviations in the data indicates a problem, is an agent alerted. In other cases, using
traditional client service systems, managers typically only become aware of, and react to, the
performance of agents in their charge when monitoring historical analytics of actions performed
by agents. For example, a manager may study the average length of time it takes an agent to
resolve a problem and react when the manager notices that an agent’s average resolution time
exceeds the average of other agents. In this example, the reaction of the manager may be
providing such an agent additional training or transferring a case to a different agent if it is not
resolved in a timely fashion. As another example, a manager may become aware of a
dissatisfied client when that client submits a review of the service or the agent performing the
service.

[0006] This type of reactive operation of traditional client service systems is a serious
problem because using traditional client service systems an issue has typically already occurred,
or at least escalated to the point of significant client dissatisfaction, before the service provider
even becomes aware of the problem or the decline in the relationship with a client.
Consequently, before the issue can be resolved, the trust and confidence of the client can be
seriously damaged. Since as discussed above, in many cases, this trust and confidence is critical
to the client/service provider relationship, the reactive nature of traditional client service systems
often results in harm to the relationship. This, in turn, can often result in the client choosing a
different service provider.

[0007] Consequently, while traditional client management systems can be effective to
discover historical issues with client support performed by the service provider, the issues may
have caused such severe harm to client relationships that the damage is irreversible and there is
no time to correct the issues. Therefore, in these cases, the historical analysis with respect to the
lost client becomes moot, at least with respect to that client.

[0008] Consequently, there is a significant need for a technical solution to the long-
standing technical problem of providing client management systems the capability to identify or
predict client issues early on and before they become significant problems; thereby allowing the
service provider to proactively address the issues before the issues adversely affect the service

provider/client relationship.
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SUMMARY

[0009] Embodiments of the present disclosure provide a technical solution to the
technical problem of providing more predictive and proactive client management systems.
[0010] In one embodiment, the disclosed technical solution includes collecting historical
case data from one or more client service systems and using the historical case data to train one
or more machine learning anomaly detection models to detect anomalies in the case data
indicating potential client dissatisfaction. Once the one or more machine learning anomaly
detection models are trained, current case data is provided to the trained one or more machine
learning anomaly detection models and any anomalies in the current case data are identified.
When one or more anomalies are detected in the case data for a specific case, that case, and the
detected anomalies, are brought to the attention of a service provider agent or manager who can
then act proactively to address or correct the anomaly before client dissatisfaction escalates.
[0011] In one embodiment, the disclosed technical solution includes collecting case data
from client service systems, including unstructured conversational data representing
communications between the client and the service provider. Machine learning methods, such
as Natural Language Processing methods, are then used to identify client sentiments in
communications between the client and the service provider. The sentiments detected can
indicate client satisfaction or dissatisfaction with the handling of the case or the urgency of the
need to intervene in the case. Once one or more sentiments are detected in the case data for a
specific case, that case, and the detected sentiment are brought to the attention of a service
provider agent or manager who can then act proactively to address the detected sentiment before
client dissatisfaction escalates.

[0012] In one embodiment, the disclosed technical solution includes collecting historical
case data from client service systems and using the historical case data to train one or more
machine learning anomaly detection models to detect anomalies in the case data indicating
potential client dissatisfaction. Once the one or more machine learning anomaly detection
models are trained, current case data is provided to the trained one or more machine learning
anomaly detection models and any anomalies in the current case data are identified. In addition,
the current case data, including unstructured conversational data representing communications
between the client and the service provider, is also processed using machine learning language
processing methods to identify any client sentiments in conversational data.

[0013] Once the current case data is processed using the machine learning anomaly

detection models and the machine learning language processing methods, any anomalies
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detected in the case data for a specific case, and/or any sentiments detected in the case data for
the specific case, are collected in a report and provided as notifications, alerts, signals, user
interface displays, and other report formats as discussed herein, or as known in the art at the time
of filing, or as developed, or becomes available, after the time of filing. The detected anomalies
and sentiments are brought to the attention of a service provider agent or manager who can then
act proactively to address the detected anomalies and/or sentiments before client dissatisfaction
escalates. It should be understood that anomalies and/or sentiments collected in a report can be
collected ad hoc, as a compilation over a time period or at other intervals depending upon the
application.

[0014] Using the disclosed embodiments, machine learning methods are used to monitor
a client’s level of satisfaction with support provided by a service provider in relative real time so
that any needed corrective actions can be taken before the client’s level of dissatisfaction rises to
an unacceptable level, as may be defined by key performance indicators or other organizational
metrics. Thus, the disclosed embodiments, represent a technical solution to the long-standing
technical problem of providing client management systems that can identify or predict client
issues before they escalate. Consequently, using the disclosed embodiments, the service provider
can proactively address the issues before the issues adversely affect the service provider/client

relationship.

BRIEF DESCRIPTION OF THE DRAWINGS

[0015] FIG. 1 is a high-level block diagram of an application environment for
implementing a proactive client relationship analysis system.

[0016] FIG. 2A is a block diagram of an application environment for proactive client
relationship analysis including a more detailed block diagram of a client service system and
vector collector module.

[0017] FIG. 2B shows an illustrative and non-exhaustive example user interface of case
data used for proactive client relationship analysis.

[0018] FIGS. 2C and 2D together show an illustrative and non-exhaustive listing of
vector data used for proactive client relationship analysis.

[0019] FIG. 3 is a block diagram of an application environment for proactive client
relationship analysis including a more detailed block diagram of a signal processor module.

[0020] FIG. 4 is a block diagram of an application environment for proactive client
relationship analysis including a more detailed block diagram of a validation and consolidation

module.
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[0021] FIG. 5A is a block diagram of an application environment for proactive client
relationship analysis including a more detailed block diagram of a user interface module.
[0022] FIG. 5B shows an illustrative example of a signal report generated by the user
interface module of FIG. SA.

[0023] FIG. 5C shows an illustrative example of a signal report generated by the user
interface module of FIG. SA.

[0024] FIG. 5D shows an illustrative and non-exhaustive example user interface of
sentiment report data identified based on sentiment signals and used for proactive client
relationship analysis.

[0025] FIG. 6 shows an illustrative and non-exhaustive example user interface of signal

report data used for proactive client relationship analysis.

[0026] FIG. 7 is an example table of vector controls for proactive client relationship
analysis.

[0027] FIG. 8 is a flow diagram of a process for proactive client anomaly detection.
[0028] FIG. 9 is a flow diagram of a process for proactive client sentiment detection.
[0029] FIG. 10 1s a flow diagram of a process for proactive client relationship analysis.
[0030] Common reference numerals are used throughout the figures and the detailed

description to indicate like elements. One skilled in the art will readily recognize that the above
figures are examples and that other architectures, modes of operation, orders of operation,
elements, and functions can be provided and implemented without departing from the

characteristics and features of the invention, as set forth in the claims.

DETAILED DESCRIPTION

[0031] Embodiments will now be discussed with reference to the accompanying figures,
which depict one or more exemplary embodiments. Embodiments may be implemented in many
different forms and should not be construed as limited to the embodiments set forth herein,
shown in the figures, and/or described below. Rather, these exemplary embodiments are
provided to allow a complete disclosure that conveys the principles of the invention, as set forth
in the claims, to those of skill in the art.

[0032] As discussed in more detail below, embodiments of the present disclosure
represent a technical solution to the technical problem of providing more predictive and
proactive client management systems. To this end, the disclosed embodiments include proactive
client signal detection by utilizing machine learning models to analyze vector data generated

from client support system data to detect client signals. In one embodiment, the vector data
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represents a list of data fields upon which vector algebra operations can be performed. Vector
data may be associated with inter-related objects such as, but not limited to, the cases, the clients
associated with cases, and the contacts of the clients associated with cases, such as contact
representative of the clients. It is to be understood that vector data may be associated with other
objects as discussed herein, or as known in the art at the time of filing, or as developed, or
becomes available, after the time of filing.

[0033] As discussed in more detail below, according to various embodiments, a client
signal may be either a negative signal or a positive signal. It is to be understood that when
proactive analysis is performed, it is not only beneficial to proactively detect negative signals
that prevent harm to a client relationship, but also to proactively detect positive signals that
enhance the client relationship. For example, a detected negative signal may indicate that
attention is needed either by an agent or a manager. A detected positive signal may indicate that
a best practice has been uncovered that can be shared with other agents and managers. It is to be
understood that proactively detecting both negative signals and positive signals according to the
disclosed embodiments allows managers to assess the overall condition of the service provider
organization in order to continue to strategically grow the organization.

[0034] As discussed in more detail below, in various embodiments, a signal may be
detected from anomalies within structured data. In one embodiment, an anomaly is a discovered
result that is different from the expected result. In one embodiment, an anomaly can be a point
anomaly, a trend anomaly, or other anomaly type as discussed herein, or as known in the art at
the time of filing, or as developed, or becomes available, after the time of filing. According to
the disclosed embodiments, a trend anomaly is discovered through analysis of historical data
when the historical data is discovered to be changing along a trendline over time. For example,
if a client logs on average thirty cases a week, and then in the current week, the client logs three
hundred cases, then a trend anomaly can be detected based on the change in the trend of the
data. According to the disclosed embodiments, a point anomaly is discovered through a single
data point that deviates from the statistics, such as average, of other data points. For example, a
client may provide a survey score of two of five, which may be a deviation from prior scores of
four of five.

[0035] As discussed in more detail below, according to the disclosed embodiments, a
signal may be detected from sentiments within unstructured data. In one embodiment, the
unstructured data is conversation data representing communications between a client and an
agent. For example, conversation data may represent text messages that are transmitted to and

from a client and an agent. In this example, each text message may be a paragraph of writing,
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which represents unstructured data. Such unstructured data contains sentiments that are
discovered based on a polarity score of plus one to minus one.

[0036] As discussed in more detail below, a positive polarity score indicates a positive
sentiment. For example, a positive sentiment may be discovered from the word “happy” within
the unstructured data. A negative polarity score indicates a negative sentiment. For example, a
negative sentiment may be discovered from the phrase “very frustrated” within the unstructured
data. According to the disclosed embodiments, words and phrases within unstructured data form
a corpus. In one embodiment, a corpus is a body of text that can be analyzed within a natural
language processing context, as is known in the art. In one embodiment, a sentiment may be an
urgency sentiment, in which the unstructured data is determined to contain an indication that a
case needs to be escalated to a more experienced agent, such as the phrase “critical to our
production environment.” Such a corpus is related to an urgency of a problem developing for a
client that indicates that an escalation will be required in the future. Accordingly, cases can be
classified based on the urgency of the defined corpus.

[0037] As discussed in more detail below, embodiments of the present disclosure
proactively detect signals of case data associated with cases currently being serviced by a
service provider. The service provider logs work done to solve the problems as case data within
a client service system of the service provider. The case data is received by a detection
management system of the service provider. Control data is generated that provides instructions
for processing the received case data into vector data and for validating signal data generated
from the vector data. The received case data is processed into vector data based on the
instructions for processing of the control data that provides for analyzing the vector data by
machine-learning based techniques.

[0038] As discussed in more detail below, in one embodiment, an anomaly signal
processor module detects anomaly data within the vector data and a sentiment signal processor
module detects sentiment data within the vector data. The anomaly data and the sentiment data
are validated based on the control data that includes validation rules. The validated signal data
is displayed to a user, such as a manager of the service provider, via a user interface.

[0039] For illustrative purpose, specific examples are provided herein where the client is
a business or organization utilizing one or more Enterprise Application Software (EAS) systems,
i.e., an enterprise software client, and the service provider is a software service provider tasked
with implementing and maintaining EAS systems for the client. However, those of skill in the
art will readily recognize that the disclosed embodiments can be utilized and employed with

other types of client/service provider relationships. Therefore, the specific illustrative example
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of enterprise software client/software service provider relationship is not limiting to the scope of
the invention as set forth in the claims.

[0040] In one embodiment, a client of the service provider is utilizing enterprise
software to manage the client’s business. In one embodiment, the client engages a service
provider that is experienced with support of the enterprise software to solve the client’s
problems. Because the client is dependent on the enterprise software functioning correctly, the
client has high expectations that the service provider will resolve the problem in a timely
manner, which often is measured in days due to the complexity of the enterprise software. To
assist the service provider in tracking all the issues of the clients for whom it provides services,
the service provider typically utilizes a client service system to track all the cases of the clients.
In a typical scenario, when the service provider is tasked with a job, or is alerted to an issue with
a client’s enterprise software, a case is logged in the client service system and one or more
agents, typically human, of the service provider are assigned to the case for resolution.

[0041] When an agent works to complete a case, new data is added to the case data of
the client service system. The case data may be structured in a format to populate a data field.
This structured data has a defined length and format that is organizable and storable in a
database, such as a relational database, by way of a non-limiting example. Such structured data
can often be subject to computation analysis and, in particular, machine learning-based anomaly
detection analysis, due to the consistent formatting of structured data.

[0042] As discussed in more detail below, structured data associated with a given case
can include data representing various case information such as, but not limited to: the number of
communications between the client and the service provider regarding the case; the lifetime of
the case; the response time associated with the case; the number of documents, or other requests,
made by the client in a given case; the number of updates requested by the client in a case; the
average case update time; the number of times a service provider agent handling a given case
has changed; the escalation history of the client associated with the case, i.e., how often a client
has had cases escalated due to dissatisfaction; the low and high range of reviews submitted by
the client associated with the case; the low and high range of reviews submitted by a specific
contact of a client in a case; the low and high range of client reviews of service provider agents
associated with the case; the priority of the case; the time to renewal of a service contract for a
client associated with the case; the start of service for the client associated with the case; the
strategic value and ability to reference the client associated with the case; and any other

structured data associated with a case deemed to be potentially indicative of the client
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satisfaction with services provided by the service provider, as discussed herein, or as known in
the art at the time of filing, or as developed, or becomes available, after the time of filing.
[0043] As discussed in more detail below, in addition to the structured data, information
about a case may be unstructured in a format to populate a comment field. An example of
unstructured data is any text-based conversation between a client and a service provider’s agent.
A typical client service system enables conversational interactions between clients and agents in
the form of text, email, transcribed recording, etc. These conversation interactions generate
unstructured conversational data. As discussed in more detail below, using the disclosed
embodiments, this unstructured conversational data can be analyzed using one or more types of
natural language processing (NLP) machine learning systems to detect the client sentiments and
escalation urgency associated with a case.

[0044] As discussed in more detail below, according to the disclosed embodiments, the
active or current case data of a client service system is analyzed using a detection management
system. In one embodiment, the detection management system may include anomaly detection
and/or NLP modules to determine if a client is receiving adequate service from the service
provider. Accordingly, the client service system delivers case data to the detection management
system of the service provider. In one embodiment, the detection management system processes
and formats the case data into vector data through integration and aggregation to be analyzed by
a machine learning model.

[0045] As discussed in more detail below, the detection management system may
include an anomaly detector machine learning model for analyzing structured data for anomalies
and a sentiment detector machine learning model for analyzing unstructured data for sentiments.
An anomaly is associated with structured data that is unexpected in relation to other structured
data. A sentiment is an expression in words that indicates that the service being provided by the
service provider is either positive because it is generally helpful or negative because it is
generally unhelpful.

[0046] The detection management system disclosed herein proactively determines
whether a client is becoming happy or unhappy, early on, and before significant harm is done to
the client/service provider relationship. This allows a manager, or other service provider agent,
to take proactive action based on this determination.

[0047] Consequently, the detection management system disclosed herein proactively
determines whether a client is becoming happy or unhappy, early on, and before significant
harm is done to the client/service provider relationship. This allows a manager, or other service

provider agent, to take proactive action based on this determination.
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[0048] FIG. 1 is a high-level block diagram of an application environment 100 for
proactive client relationship analysis. It is to be understood that the diagram of FIG. 1 is for
exemplary purposes and is not meant to be limiting. In FIG. 1, the application environment 100
includes a service provider computing environment 110 that includes a detection management
system 111. In one embodiment, the application environment 100 is a production environment.
In other embodiments, the application environment 100 is a development environment, quality
assurance environment, a combination of the foregoing environments, and any other
environment as discussed herein, or as known in the art at the time of filing, or as developed, or
becomes available, after the time of filing. The detection management system 111 includes a
vector collector module 120, a signal processor module 130, a validation and consolidation
module 140, and a user interface module 150.

[0049] In FIG. 1, the detection management system 111 includes a processor 115 and a
memory 116. The memory 116 includes a detection management database 190 that stores data
associated with services provided to customers. The detection management database 190
includes training data 191, control data 192, vector data 193, and signal data 194. The memory
116 includes instructions stored therein and which, when executed by the processor 115,
performs a process for proactive client relationship analysis.

[0050] The application environment 100 includes instructions representing processes of
the vector collector module 120, the signal processor module 130, the validation and
consolidation module 140, and the user interface module 150, and other processes. As
previously discussed, a training, testing or development environment may be utilized instead of
a production environment to carry out certain embodiments of the invention, depending upon the
desired detection of sentiments and anomalies used to determine signals for case, client and
contact objects.

[0051] In one embodiment, the training data 191 includes historical case data from one
or more client service systems. In one embodiment, the historical case data is used to train one
or more machine learning anomaly detection models to detect anomalies in the case data
indicating potential client dissatisfaction.

[0052] Any of the various known anomaly detection models, or any other known
supervised models, can be utilized as machine learning-based anomaly detection models. As
specific illustrative examples, the machine learning-based anomaly detection models can be one
or more of Gaussian Distribution, Interquartile Range (IQR) or Support Vector Machine (SVM)

machine learning-based anomaly detection models. In other cases, the machine learning-based
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anomaly detection models can be any anomaly detection models as discussed herein or known in
the art at the time of filing, or as become known after the time of filing.

[0053] In one embodiment, the training data 191 includes corpus data utilized to train a
machine learning-based natural language processing model. As discussed in more detail below,
such corpus data includes data representing key words, phrases, or stems, used to detect positive
and negative sentiments. As discussed below, in one embodiment, the user interface module
150 enables an agent or manager of the service provider to provide feedback to refine and retrain
the machine learning models in a feedback loop to achieve more accurate results in anomaly
and/or sentiment detection.

[0054] The machine learning models discussed herein may be trained utilizing
supervised learning methodologies (e.g., classification and/or regression), unsupervised learning
methodologies (e.g., clustering and/or association), semi-supervised learning methodologies
(e.g., supervised and unsupervised), and other learning methodologies.

[0055] As discussed in more detail below with respect to FIG. 2A, the vector collector
module 120 collects case data from one or more case data sources, such as a client service
system 180. It is to be understood that although one client service system 180 is depicted in
FIG. 1, there may be any number of client service systems 180 coupled to the detection
management system 111 via one or more communication channels, such as communication
channel 118. The client service system 180 includes case data about a case or job being handled
by the service provider on behalf of the client, and the various interactions that the agents of a
service provider have had with the client to resolve the problem.

[0056] As is known in the art, a client service system 180, sometimes known as a
customer relationship management (CRM) system, is typically a software as a service (SAAS)
offered in the cloud utilizing cloud computing technologies. Accordingly, case data can be
available to all service provider users of the client service system 180. Therefore, coordinated
escalation of cases within an organization of agents offering support services can be provided.
Furthermore, case data is available to the detection management system 111 either in a
processed format, such as summarized data, or in an unprocessed format, such as raw data.
[0057] As discussed in more detail below with respect to FIG. 3, the signal processor
module 130 includes machine learning-based models or algorithms used to process the vector
data collected by the vector collector module 120. In one embodiment, the models or algorithms
of the signal processor module 130 are utilized to detect signal data such as anomaly data in the

current case data. In one embodiment, if several anomalies are detected for an object such as a
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case, a contact, or a client, then the signal processor module 130 ranks and/or normalizes the
anomalies.

[0058] As discussed in more detail below with respect to FIG. 3, in one embodiment, the
models or algorithms of the signal processor module 130 include machine learning-based
language/text processing models or algorithms. In one embodiment, the machine learning-based
language/text processing models or algorithms are used to detect signal data, such as client
sentiment data, in unstructured conversation data representing communications between the
client and the service provider.

[0059] As discussed in more detail below with respect to FIG. 3, in one embodiment, the
models or algorithms of the signal processor module 130 include both anomaly data machine
learning-based language/text processing models or algorithms and machine learning-based
language/text processing models or algorithms to detect both anomaly signal data and client
sentiment signal data.

[0060] As discussed in more detail below with respect to FIG. 4, in one embodiment, the
validation and consolidation module 140 validates and consolidates the detected anomaly and/or
client sentiment signal data. In one embodiment, if an anomaly is determined by the signal
processor module 130, the validation and consolidation module 140 validates that the detected
anomaly is a true anomaly. For example, if a case is being managed on a twenty-four-hour
basis, then the validation and consolidation module 140 would validate that it is proper for the
case to be assigned to various agents as it is being worked around the clock, and that it has not
been transferred between too many agents.

[0061] After the signal data 194 is handled by the validation and consolidation module
140, it is presented to a user via the user interface module 150.

[0062] As discussed in more detail below with respect to FIG. SA through 5C, in one
embodiment, the user interface module 150 provides various data and/or reports to agents and
managers of the service provider including, but not limited to, data and/or reports indicating
anomalies detected in the case data for specific cases and data and/or reports indicating any
sentiments detected in the case data for specific cases. In addition, as discussed above, in one
embodiment, the user interface module 150 enables an agent or manager of the service provider
to provide feedback to refine and retrain the machine learning models in a feedback loop to
achieve more accurate results in anomaly and sentiment detection.

[0063] As discussed in more detail below with respect to FIG. SA through 5C, in one

embodiment, the user interface module 150 includes a dashboard module 510 of signal
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information, a notification module 520 of signal information, and an indicator module 530
within the client service system 180 of signal information.

[0064] FIG. 2A shows the application environment 100 for proactive client relationship
analysis, including a more detailed block diagram of client service system 180 and vector
collector module 120 of detection management system 111. It is to be understood that the
diagram of FIG. 2A is for exemplary purposes and is not meant to be limiting. Referring to
FIGS. 1 and 2A together, the application environment 100 includes the service provider
computing environment 110, which includes the client service system 180 and the detection
management system 111.

[0065] The client service system 180 includes a client service module 281 that provides
for the creation of case data 282. The case data 282 includes field data about the client, field
data about the case, field data about customer surveys, text data about customer surveys, and
conversation data representing conversations between the clients and the agents of the service
provider. The case data 282 includes structured data and unstructured data. The structured data
includes data fields that are used to categorize characteristics about a case. Structured data also
includes information used to categorize characteristics about a client, such as a client that has
provided positive references for the service provider in the marketplace, the breadth of the
client’s EAS system implementation across countries, regions, and modules and the contractual
value associated with a particular client. The unstructured data includes textual comments
associated with a case such as text conversations, customer survey comments, and other textual
comments as discussed herein, or as known in the art at the time of filing, or as developed, or
becomes available, after the time of filing.

[0066] FIG. 2B shows an illustrative and non-exhaustive example user interface 240 of
case data 282 used for proactive client relationship analysis.

[0067] As seen in FIG. 2B, the user interface 240 depicts case data 282 including contact
information 241, case information 242, and conversational information 243. Those of ordinary
skill in the art will readily recognize that FIG. 2B is but a specific illustrative example of case
data 282, and that numerous other types and arrangement of such data are possible and
contemplated by the inventors. Consequently, the specific illustrative example of the type and
arrangement of the case data 282 of FIG. 2B should not be read to limit the embodiments as set
forth in the claims.

[0068] Returning to FIG. 2A, the case data 282 is received by the vector collector
module 120. In one embodiment, the client service system 180 delivers the case data 282 in a

raw format. In another embodiment, the client service system 180 delivers the case data 282 in a
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consolidated format. For example, the case data 282 in a consolidated format may be the
average of a plurality of values of a structured field, such as the average for the past 6 months.
For further example, the case data 282 in a consolidated format may be the number of
documents associated with a case or the average of customer survey scores. In this example, the
actual documents are not received by the detection management system 111. It isto be
understood that case data 282 may be received from any system that includes information
regarding a client.

[0069] The data acquisition module 230 of vector collector module 120 acquires the case
data 282 from the client service system 180. The data acquisition module 230 uses the control
data 192 that includes instructions for the receipt of the case data 282 in the desired format.
Structured case data 282 may contain point anomalies of a single instance of a data point that is
too far off from the rest of the data, contextual anomalies of data that is contextual typically in
time-series data, collective anomalies that collectively demonstrate a problem such as a high
number of cases logged by a client, and other anomalies that can be modeled as discussed
herein, or as known in the art at the time of filing, or as developed, or becomes available, after
the time of filing. For example, the case data 282 may, in various circumstances, be received as
raw data, as analyzed data, as computed data, and as other forms of data as discussed herein, or
as known in the art at the time of filing, or as developed, or becomes available, after the time of
filing. It is to be understood that the format of the received case data 282 is determined based on
the desired signal. In one embodiment, the case data 282 is selected from or received as raw
data from the client service system 180 and may be utilized as historical case vector data and
current case vector data, respectively.

[0070] The vector collector module 120 also includes a vector data integrator module
210 that integrates the collected case data 282 and includes a vector data aggregator module 220
that analyzes the integrated collected case data 282 for use as vector data 193. The vector
collector module 120 also includes a control configuration module 235 that provides for the
modification of control data 192 for machine learning model training, as described further
below. It is to be understood that although the control configuration module 235 is depicted in
the vector collector module 120, it may also be included in the signal processor module 130
and/or the validation and consolidation module 140.

[0071] The vector data integrator module 210 receives the formatted case data 282 via
the data acquisition module 230. The vector data integrator module 210 integrates the case data
282 into an integrated format. Examples of integrations performed using hypertext preprocessor

(PHP) scripts by the vector data integrator module 210 are case history data integration, case
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owner change data integration, case attachment data integration, case comments count data
integration, case comment data integration, case status history data integration, case last three
consecutive customer survey report data, and other integrations as discussed herein, or as known
in the art at the time of filing, or as developed, or becomes available, after the time of filing,
Such integrations may be performed every hour, every day, and other scheduled time as desired,
or discussed herein, or as known in the art at the time of filing, or as developed, or becomes
available, after the time of filing.

[0072] The vector data aggregator module 220 receives the integrated case data 282
from the vector data integrator module 210 and aggregates the integrated case data 282 to
generate vector data 193. Examples of aggregations performed using procedures, such as by
way of non-limiting examples, SQL procedures and other query language procedures, performed
by the vector data aggregator module 220 is a vectors aggregation process and other
aggregations as discussed herein, or as known in the art at the time of filing, or as developed, or
becomes available, after the time of filing. Such aggregations may be performed every hour,
every day, and other scheduled times as discussed herein, or as known in the art at the time of
filing, or as developed, or becomes available, after the time of filing. It is to be understood that
vector data 193 can be generated from only the vector data integrator module 210, from only the
vector data aggregator module 220, and from both the vector data integrator module 210 and the
vector data aggregator module 220.

[0073] FIGS. 2C and 2D together show a specific illustrative and non-exhaustive listing
250 of vector data 193 used for proactive client relationship analysis.

[0074] As seen in FIGS. 2C and 2D, the listing 250 of vector data 193 includes vector
name 251, data type 252, anomaly type 253, escalation impact 254, and description 255.
[0075] The vector 261 has a vector name 251 of “Case Sentiments — General,” a data
type 252 of “Unstructured / NLP,” an anomaly type 253 of “Point Anomaly,” an escalation
impact 254 of “Both,” and a description 255 of “Measure negative-positive sentiments (NLP).”
[0076] The vector 262 has a vector name 251 of “Case Sentiments —
Urgency/Escalation,” a data type 252 of “Unstructured / NLP,” an anomaly type 253 of “Point
Anomaly,” an escalation impact 254 of “Both,” and a description 255 of “Measure negative-
positive sentiments (NLP).”

[0077] The vector 263 has a vector name 251 of “Case Back-Forth, Number of updates
from Client and Agent,” a data type 252 of “Structure / Number Count,” an anomaly type 253 of
“Contextual Anomaly,” an escalation impact 254 of “Both,” and a description 255 of “Back and

forth count between Agent and Client on the case.” The vector 263 represents a count of the
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number of communications being conducted back and forth between a client and the agents
assigned to the client’s case. For example, with a complex support case for an enterprise client,
a typical back and forth count may be fifty. In this example, if a case has a back and forth count
of one hundred and seventy-five times, then the anomaly signal processor module (discussed
below) may proactively determine that there is an anomaly that has been signaled that a manager
can address.

[0078] The vector 264 has a vector name 251 of “Chasing (Repetitive Requests for
Updates),” a data type 252 of “Unstructured / NLP,” an anomaly type 253 of “Contextual
Anomaly,” an escalation impact 254 of “Both,” and a description 255 of “Client chasing or
Engineer chasing for an update.”

[0079] The vector 265 has a vector name 251 of “Case Life,” a data type 252 of
“Structure / Number of Days,” an anomaly type 253 of “Point Anomaly,” an escalation impact
254 of “Both,” and a description 255 of “Number of days the case is opened.”

[0080] The vector 266 has a vector name 251 of “Case Average Update Time,” a data
type 252 of “Structure / Number of Days,” an anomaly type 253 of “Point or Contextual
Anomaly,” an escalation impact 254 of “Both,” and a description 255 of “Average time for
update and response — meaningful response.”

[0081] The vector 267 has a vector name 251 of “Number of Documents Loaded,” a data
type 252 of “Structure / Number,” an anomaly type 253 of “Point Anomaly,” an escalation
impact 254 of “Case,” and a description 255 of “Total documents loaded in the case.” The
vector 267 represents the number of documents that have been uploaded for a case. For
example, a typical case for an enterprise client involves the upload of less than ten documents,
and if fifty documents are uploaded, then the anomaly signal processor module (discussed
below) may proactively determine that there is an anomaly that has been signaled that a manager
can address.

[0082] The vector 268 has a vector name 251 of “Number of Owner changes,” a data
type 252 of “Structure / Number,” an anomaly type 253 of “Point Anomaly,” an escalation
impact 254 of “Case,” and a description 255 of “Total number of Owner changes — Adaptive as
we have FTS (Follow The Sun).” The vector 268 represents a count of times there has been a
change of an agent being responsible for a case. Typically with an enterprise case, the count of
case owner changes in the past three months may be three changes, and if there is a count of ten
changes, then the anomaly signal processor module (discussed below) may proactively

determine that there is an anomaly that has been signaled that a manager can address.
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[0083] The vector 269 has a vector name 251 of “Escalation History of the Client,” a
data type 252 of “Structure / Number,” an anomaly type 253 of “Contextual Anomaly,” an
escalation impact 254 of “Both,” and a description 255 of “Does this Client have previous
history of Escalation.”

[0084] The vector 270 has a vector name 251 of “Client CSR Low-High,” a data type
252 of “Structure / Number,” an anomaly type 253 of “Point Anomaly,” an escalation impact
254 of “Client,” and a description 255 of “How is the Customer Survey Result for negative and
positive anomaly detection.”

[0085] The vector 271 has a vector name 251 of “Client Contact CSR Low-High,” a data
type 252 of “Structure / Number,” an anomaly type 253 of “Point Anomaly,” an escalation
impact 254 of “Client,” and a description 255 of “How is the Customer Survey Result for
negative and positive anomaly detection.”

[0086] The vector 272 has a vector name 251 of “Case Owner’s & Lead Engineer CSR
Low-High,” a data type 252 of “Structure / Number,” an anomaly type 253 of “Point Anomaly,”
an escalation impact 254 of “Case,” and a description 255 of “Is Case Owner / Lead Engineer
Customer Survey Result low?”

[0087] The vector 273 has a vector name 251 of “Case Priority,” a data type 252 of
“Structure / Number,” an anomaly type 253 of “Factor for Consideration,” an escalation impact
254 of “Case,” and a description 255 of “Is Case Priority High?”

[0088] The vector 274 has a vector name 251 of “Renewal Time Approaching,” a data
type 252 of “Structured / Days Remaining,” an anomaly type 253 of “Factor for Consideration,”
an escalation impact 254 of “Both,” and a description 255 of “Clients tend to escalate the case
when renewal time is approaching.”

[0089] The vector 275 has a vector name 251 of “T&R, FSS TSS Utilization in Cases,” a
data type 252 of “Structured / Lead Engineer,” an anomaly type 253 of “Factor for
Consideration,” an escalation impact 254 of “Both,” and a description 255 of “Such cases
usually have more time sensitivity involved (Example compliance date).” By way of non-
limiting examples, such cases may involve tax, legal and regulatory updates that require timely
action to account for changes in applicable laws or regulations so that the proper output
documents can be generated from the EAS system. An update may include a tax update that is a
change to the sales tax rate of a municipality from a first year to a second year or another
relevant time period.

[0090] The vector 276 has a vector name 251 of “Onboarding / New Client,” a data type

252 of “Structured / Start of Service,” an anomaly type 253 of “Factor for Consideration,” an
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escalation impact 254 of “Both,” and a description 255 of “Is this a New Client — also
considering onboarding score.”

[0091] The vector 277 has a vector name 251 of “Increase in Case Volume from Client,”
a data type 252 of “Structured / Number,” an anomaly type 253 of “Collective Anomaly,” an
escalation impact 254 of “Both,” and a description 255 of “Client going live on a Country,
deploying new products / features.”

[0092] The vector 278 has a vector name 251 of “Environment Access Issues,” a data
type 252 of “Structured / Number,” an anomaly type 253 of “Factor for Consideration,” an
escalation impact 254 of “Both,” and a description 255 of “Engineers are having issues to login
to the client environment.”

[0093] Other examples of a vector 278 utilized by the anomaly signal processor module
include vectors that characterize client data such as a strategic or contractual value associated
with a client at a particular stage of the relationship and the history of the client as having
provided positive external references for the service provider. The client-related vector may
have a data type 252 of “Structure/Strategic Client” or “Structure/Referenceable Client.” The
client-related vectors may have an anomaly type of “Factor for Consideration” and escalation
impact of “Client” although the case-related and contact-related vectors may impact the case as
well.

[0094] Those of ordinary skill in the art will readily recognize that FIGS. 2C and 2D are
but a specific illustrative example of vector data 193, and that numerous other types and
arrangement of such data are possible and contemplated by the inventors. Consequently, the
specific illustrative example of the type and arrangement of the vector data 193 of FIGS. 2C and
2D should not be read to limit the embodiments as set forth in the claims.

[0095] FIG. 3 shows the application environment 100 for proactive client relationship
analysis, including a more detailed block diagram of signal processor module 130. It is to be
understood that the diagram of FIG. 3 is for exemplary purposes and is not meant to be limiting.
Referring to FIGS. 1, 2A, and 3 together, the application environment 100 includes the service
provider computing environment 110, which includes the detection management system 111.
The detection management system 111 includes the vector collector module 120, the signal
processor module 130, and the validation and consolidation module 140. The signal processor
module 130 receives the vector data 193 from the vector collector module 120. In various
embodiments, the signal processor module 130 can include only an anomaly signal processor
module 310. In various embodiments, the signal processor module 130 can include only a

sentiment signal processor module 320. In various embodiments, signal processor module 130
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can include both an anomaly signal processor module 310 and a sentiment signal processor
module 320. As seen in FIG. 3, signal processor module 130 also includes a normalization
module 330, and a prioritization module 340.

[0096] The anomaly signal processor module 310 processes the vector data 193 to detect
anomaly data 395 of the signal data 194. The sentiment signal processor module 320 processes
the vector data 193 to detect sentiment data 396. It is to be understood that the signal data 194
includes anomaly data 395 detected by the anomaly signal processor module 310 and/or
sentiment data 396 detected by the sentiment signal processor module 320.

[0097] The anomaly signal processor module 310 detects anomalies within the
structured data of the vector data 193 with an anomaly detector model 311, which is a machine
learning model. In one embodiment, the anomaly detector model 311 utilizes the TensorFlow
platform and other machine learning platforms as discussed herein, or as known in the art at the
time of filing, or as developed, or becomes available, after the time of filing. A machine
learning platform provides various statistical methods for anomaly detection. In one
embodiment, a machine learning model is trained with the execution of an anomaly detection
and consolidation process Python programming language script and other scripts as discussed
herein, developed in other programming languages, or as known in the art at the time of filing,
or as developed, or becomes available, after the time of filing,

[0098] In one embodiment, the anomaly detector model 311 is trained using training data
191 with supervised learning. As noted, training data 191 can include data related to any of the
vectors listed in FIGs. 2C and 2D, or any vectors desired, discussed herein, known in the art, or
as become known. Returning to FIG. 3, the anomaly detector model 311 utilizes machine
learning algorithms which are trained based on a determination of a trend. For example, a
vector of case life is based on structured vector data 193, in which the vector represents the days
that a case has been open. In this example, if a case life is more than sixty-three days, then that
is determined to be an anomaly and if a case life is less than half a day, then that is also
determined to be an anomaly. In this example, thresholds are determined of a minimum
threshold and a maximum threshold. In this example, the anomaly detector model 311 is trained
by a data scientist based on such thresholds that override the machine learning algorithm.
[0099] In one embodiment, the anomaly signal processor module 310 utilizes IQR to
determine anomalies that are outliers, as is known in the art. For example, under IQR, an outlier
is a data value that is much smaller or much larger than the other values in the data set. In one
embodiment, the anomaly signal processor module 310 utilizes a Gaussian distribution

algorithm, as is known in the art. For example, with a Gaussian distribution algorithm,
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anomalies are detected by testing a data value against other data values that are distributed with
a mean Mu and a variance Sigma squared. It is to be understood that other data anomaly
detection methods may be utilized such as K-Nearest Neighbor (KNN), K-Mean based
clustering, Support Vector Machine (SVM), and other anomaly detection methods and machine
learning algorithms to find the most positive and negative anomalies and signals for potential
consolidation, as discussed herein, or as known in the art at the time of filing, or as developed,
or becomes available, after the time of filing.

[0100] The sentiment signal processor module 320 detects sentiments within the
unstructured data of the vector data 193 with a sentiment detector model 321, which is a
machine learning model. In one embodiment, the sentiment detector model 321 utilizes the
Natural Language Toolkit (NLTK) platform and other natural language platforms as discussed
herein, or as known in the art at the time of filing, or as developed, or becomes available, after
the time of filing. In one embodiment, a natural language module is trained with the execution
of a sentiment detection and consolidation process python script and other scripts as discussed
herein, or as known in the art at the time of filing, or as developed, or becomes available, after
the time of filing.

[0101] The sentiment detector model 321 is trained using training data 191 with
supervised learning. The training data 191 is generated from information collected from
managers about previously determined sentiments. In one embodiment, the manager reviews a
determined sentiment in the form of a corpus, which is a word or phrase. For example, a corpus
may be “unhappy” that the sentiment detector model 321 had determined is a negative signal.
However, when the manager reviews the comment within which the corpus “unhappy” is used,
the manager sees that the term “unhappy” is directed to something other than a service provided
by the service provider, such as unhappiness about what a contact had for lunch. In this
example, the manager associates this corpus with a false positive indication. The user interface
module 150 enables the manager of the service provider to provide this type of feedback to
refine and retrain the machine learning models in a feedback loop to achieve more accurate
results in anomaly and/or sentiment detection. After the corpus is associated with a false positive
indication, a data scientist or agent adds to the training data 191 that the corpus “unhappy” and
“lunch” when found together are not negative signals and are to be ignored. After the sentiment
detector model 321 is trained with this new training data 191, the sentiment detector model 321
will not determine that such corpus of “unhappy” and “lunch” are negative signals. It should be

understood that the agent can be a subject matter expert or programmed job or a machine
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learning model previously described to act on the false positives and continue to improve the
training data and the subsequent outcome of anomaly and sentiment signal detection.

[0102] The user interface module 150 enables the manager of the service provider to
provide this type of feedback to refine and retrain the machine learning models in a feedback
loop to achieve more accurate results in anomaly and/or sentiment detection. After the corpus is
associated with a false positive indication, false positive data is generated indicating that the
corpus “unhappy” and “lunch” when found together are not negative signals and are to be
ignored. This false positive data is then added to the training data 191 by human and/or non-
human agents such as, but not limited to, data scientists, programmers, bots, runtime and/or
offline machine learning training modules and systems, and/or any other agents capable of
providing updates and modifications to machine learning based systems and/or databases. After
the sentiment detector model 321 is trained with this new training data 191, the sentiment
detector model 321 will not determine that such corpus of “unhappy” and “lunch” are negative
signals going forward.

[0103] In one embodiment, the sentiment signal processor module 320 utilizes
sentiments analysis in which the sentiments are ranked negatively and positively based on a
polarity scale of minus one to positive one, as is known in the art. For example, the word
“disaster” might be assigned -1.0 while the word “unhappy” might be assigned -0.7. The
sentiment signal processor module 320 utilizes tokenization in which sentence and words are
tokenized with a lexicon analyzer, as is known in the art. The sentiment signal processor
module 320 utilizes text classification in which named entities such as places, people and
organizations are recognized as a noun, as is known in the art. For example, the word “joy” is
both a sentiment word and is a first name of a person. The sentiment signal processor module
320 utilizes stemming and lemmatization in which different versions of words are consolidated,
such as consolidating “frustrated” and “frustrating” to “frustrate,” as is known in the art. The
sentiment signal processor module 320 utilizes speech tagging in which the context of the
speech is determined, as is known in the art. The sentiment signal processor module 320 utilizes
stop word removal in which unimportant words are removed, as is known in the art.

[0104] A sentiment may be categorized as either a general sentiment or a friction
sentiment. A general sentiment is an indication that a client is either expressing a negative
sentiment within conversational text or expressing a positive sentiment within conversational
text. A friction sentiment is an indication that there is an issue with the resolution of a case that
a manager should be made aware of, in that the friction sentiment indicates that escalation of the

case is imminent.
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[0105] The normalization module 330 is utilized when a plurality of anomalies is
detected for an object, such as a case, a contact, or a client. For example, if five different
anomalies are detected, the normalization module 330 performs normalization computation on
the plurality of anomalies. The control data 192 includes normalization rules that provide
instructions for the normalization computation. For example, a normalization rule may be to
sum the number of detected anomalies based on a weight determined by the prioritization
module 340. For further example, a normalization may include a range having minimum and
maximum thresholds, such as a minimum of one day to resolve a case and a maximum of ninety
days to resolve a case, and a normalization algorithm can determine a normalized value based on
a minimum and maximum scale. Such a normalized value can be determined based on a
Euclidean distance algorithm and other normalization algorithms as discussed herein, or as
known in the art at the time of filing, or as developed, or becomes available, after the time of
filing.

[0106] The prioritization module 340 is utilized to determine the prioritization of a
particular vector that is determined to be an anomaly. The prioritization module 340 utilizes a
weighting to determine the priority of a particular vector. The control data 192 includes
weighting rules that provide instructions for the prioritization weighting by the prioritization
module 340. For example, for each vector, a weight is assigned from zero to one, in which zero
is a minimum weight and one is a maximum weight. In this example, a weight may be assigned
that falls between zero and one, such as a weight of 0.65. In this example, if eight anomalies are
detected for eight different vectors, and each vector has a weight of one, then eight anomalies
are detected. However, if four of the eight vectors have a weight of 0.75 and the other four of
the eight vectors has a weight of 0.25, then four anomalies are determined to be detected based
on a weighting calculation for prioritization. It is to be understood that other calculations of
prioritization may be utilized as discussed herein, or as known in the art at the time of filing, or
as developed, or becomes available, after the time of filing.

[0107] FIG. 4. shows the application environment 100 for proactive client relationship
analysis, including a more detailed block diagram of validation and consolidation module 140. It
is to be understood that the diagram of FIG. 4 is for exemplary purposes and is not meant to be
limiting. Referring to FIGS. 1, 2A, 3, and 4 together, the application environment 100 includes
the service provider computing environment 110, which includes the detection management
system 111. The detection management system 111 includes the signal processor module 130,
the validation and consolidation module 140, and the user interface module 150. The validation

and consolidation module 140 receives from the signal processor module 130 the signal data
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194, which includes the anomaly data 395 and/or the sentiment data 396. The validation and
consolidation module 140 includes a signal validator module 410 and a signal consolidator
module 420.

[0108] The signal data 194 is generated from the detected anomalies and/or the detected
sentiments. The signal validator module 410 validates that the generated signals are valid based
on the control data 192. The signal validator module 410 prevents a detected signal from being
added to the signal data 194 when the detected signal is being influenced by factors unrelated to
the anomaly, such as anomalous noise. For example, if a vector is “case owner change,” and an
anomaly is detected for too many changes to the case owner, a rule in the control data 192 may
instruct that when support is being offered on a twenty-four-hour basis, then it is not an anomaly
if there are frequent case owner changes as different agents are assigned to own the case. In this
example, although the count of changes of a case owner may be high, the signal validator
module 410 determines that such is not an anomaly for cases being worked on for a twenty-four-
hour basis.

[0109] In some embodiments, the signal consolidator module 420 consolidates a
plurality of detected signals that are associated with an object such as a case, a contact, and a
client. For example, where signal processor module includes both anomaly signal processor
module 310 and sentiment signal processor module 320 so that both anomaly and sentiment
signals are detected, if there are five anomalies and/or five sentiments detected, then the five
anomalies and/or five sentiments are consolidated together before being added to the signal data
194,

[0110] After the signal data 194 is validated by the signal validator module 410 and the
signal data 194 is consolidated by the signal consolidator module 420, the validation and
consolidation module 140 generates signal report data 494. It is to be understood that the signal
report data 494 includes anomaly report data 495 and sentiment report data 496. Signal report
data 494 is then sent to user interface module 150.

[0111] FIG. 5A shows the application environment 100 for proactive client relationship
analysis, including a more detailed block diagram of user interface module 150. It is to be
understood that the diagram of FIG. SA is for exemplary purposes and is not meant to be
limiting. Referring to FIGS. 1, 2A, 3, 4, and 5A together, the application environment 100
includes the service provider computing environment 110, which includes the detection
management system 111. The detection management system 111 includes the validation and
consolidation module 140 and the user interface module 150. The user interface module 150

receives the signal report data 494 from the validation and consolidation module 140. The user
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interface module 150 includes a dashboard module 510, a notification module 520, and an
indicator module 530.

[0112] The dashboard module 510 displays the signal report data 494 and includes a
listing of signals of anomalies and a listing of signals of sentiments. The listing of signals of
anomalies provides a count of cases having a number of detected anomalies. The listing of
signals of sentiments provides a count of cases having a number of detected sentiments. In one
embodiment, the dashboard module 510 displays the listing of signals of anomalies separately
from the listing of signals of sentiments.

[0113] FIG. 5B shows an illustrative example of a signal report 560 generated by the
user interface module of FIG. SA.

[0114] As seen in FIG. 5B, the signal report 560 depicts negative signals including
anomaly information 561 and sentiment information 562. The anomaly information 561 depicts
that there is 1 case having 7 anomalies, 3 cases having 6 anomalies, 8 cases having 5 anomalies,
10 cases having 4 anomalies, 6 cases having 3 anomalies, 15 cases having 2 anomalies, and 123
cases having 1 anomaly. The sentiment information 562 depicts that there are 2 cases having 2
general sentiments, 41 cases having 1 general sentiment, 108 cases having 5 urgency sentiments
or greater, and 252 cases having 2 to 4 urgency sentiments.

[0115] Those of ordinary skill in the art will readily recognize that FIG. 5B is but a
specific illustrative example of a signal report 560, and that numerous other types and
arrangement of such reports are possible and contemplated by the inventors. For instance, a
specific illustrative example of a signal report 560 includes both anomaly information 561 and
sentiment information 562 indicating that, in this specific illustrative example, signal processor
module includes both anomaly signal processor module 310 and sentiment signal processor
module 320. However, as noted above, some embodiments include only anomaly signal
processor module 310 or sentiment signal processor module 320. Therefore, in these
embodiments, only anomaly information 561 or sentiment information 562 would be displayed
in signal report 560. Consequently, the specific illustrative example of the type and arrangement
of the signal report 560 of FIG. 5B should not be read to limit the embodiments as set forth in
the claims.

[0116] FIG. 5C shows an illustrative example of a signal report 570 generated by the
user interface module of FIG. SA.

[0117] As seen in FIG. 5C, the signal report 570 depicts positive signals including
anomaly information 571 and sentiment information 572. The anomaly information 571 depicts

that there are 147 cases having 3 anomalies, 735 cases having 2 anomalies, and 4722 cases
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having 1 anomaly. The sentiment information 572 depicts that there is 1 case having 13
sentiments, 3 cases having 12 sentiments, 1 case having 11 sentiments, and so on.

[0118] Those of ordinary skill in the art will readily recognize that FIG. 5C is but a
specific illustrative example of a signal report 570, and that numerous other types and
arrangement of such reports are possible and contemplated by the inventors. For instance, a
specific illustrative example of a signal report 560 includes both anomaly information 561 and
sentiment information 562 indicating that, in this specific illustrative example, signal processor
module includes both anomaly signal processor module 310 and sentiment signal processor
module 320. However, as noted above, some embodiments, include only anomaly signal
processor module 310 or sentiment signal processor module 320. Therefore, in these
embodiments, only anomaly information 561 or sentiment information 562 would be displayed
in signal report 560. Consequently, the specific illustrative example of the type and arrangement
of the signal report 570 of FIG. 5C should not be read to limit the embodiments as set forth in
the claims.

[0119] Returning to FIG. 5A, the dashboard module 510 provides for filtering cases
based on objects of case, contact, and client. The dashboard module 510 provides for filtering
cases based on negative signals and positive signals. It is to be understood that the dashboard
module 510 may include other filtering criteria such as a product line being supported, a
geographic region being supported, and a name of the vector that is desired to be examined.
[0120] The dashboard module 510 allows a user to view details about anomalies and
sentiments. For example, if a case has seven anomalies detected, then the user can select that
case and view the name of each anomaly as well as information about the anomaly, such as a
calculated value about the anomaly. For further example, if a case has five sentiments detected,
the user can select that case and view each corpus that was detected. Furthermore, the
dashboard module 510 can display the comment within which the corpus was detected. For
example, a corpus of “unhappy” may be detected as a sentiment. The user can then view the
comment that contains this corpus to view the context of the corpus. For example, a comment
may be, “I am unhappy with the support you are giving me” that reflects a negative sentiment.
The dashboard module 510 also provides for a user determining that a corpus has been
incorrectly determined to be a sentiment as a false positive.

[0121] FIG. 5D shows an illustrative and non-exhaustive example user interface 580 of
sentiment report data 496 identified based on sentiment signals and used for proactive client
relationship analysis. As seen in FIG. 5D, the user interface 580 depicts positive sentiment

report data 496 including first sentiment display 581 and second sentiment display 582. The
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first sentiment display 581 illustrates a positive corpus of “appreciated.” Here, the word
“appreciated” is in reference to a “much appreciated” closing to the text that generally indicates
a positive sentiment. In contrast, if the text had been “You are so slow, and a quick reply would
be appreciated,” then when a user reviews such a sentiment display, the user would recognize
that the word “appreciated” would be in relation to a negative sentiment. Accordingly, in this
alternative example, a user would designate such a displayed sentiment as a false positive of a
positive signal. As another example, the second sentiment display 582 illustrates a positive
corpus of “super” that generally indicates a positive sentiment. Here, the word “super” is in
reference to “super that you found the cause.” Accordingly, a user would not designate this as a
false positive.

[0122] For example, a comment might be, “I am unhappy that I didn’t contact you
sooner because you solved my problem so quickly.” In this context, the corpus of “unhappy” is
a false positive of a negative signal, because the contact of the client is indicating unhappiness
with himself rather than the agent. The dashboard module 510 provides for the user to label that
corpus as a false positive. After it is labeled, a data scientist can examine the false positive
corpus and create training data 191 that can be used to train the sentiment detector model 321.
[0123] It is to be understood that a signal may be negative indicating a problem or
positive indicating success. For example, FIG. 5B illustrates negative signals and FIG. 5C
illustrates positive signals. In addition, there may be friction related signals that indicate that a
case is developing the need to be escalated to a senior agent or further escalated in the service
provider’s hierarchy of contacts, such as to management, indicating an urgency to the signal.
The friction related signals may indicate that a contact of the client has provided case text or
feedback previously determined to contribute to a negative signal such as having provided low
customer survey scores in the past. In this situation, the signals can indicate the need for
escalation by the service provider on particular cases naming that client contact.

[0124] In one embodiment, the dashboard module 510 displays for a case any signals
related to both anomalies and sentiments. For example, the same case may have three anomalies
detected by the anomaly signal processor module 310 and two sentiments detected by the
sentiment signal processor module 320. It is to be understood that providing both anomalies and
sentiments simultaneously by the dashboard module 510 increases the understanding of the
problems associated with a case that is being experienced by a client.

[0125] The notification module 520 delivers the signal report data 494 as notifications of
anomalies and sentiments. A notification is delivered to a user via email, text, dialog boxes, and

other notification delivery mechanisms as discussed herein, or as known in the art at the time of
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filing, or as developed, or becomes available, after the time of filing. Notifications can be
personalized to a user so that a user receives notifications about signals that are of interest to the
user. For example, a user can request notifications based on certain criteria such as a product
line being supported by the service provider or a geographic region being supported by the
service provider.

[0126] The indicator module 530 interfaces with the client service module 281 of the
client service system 180 to provide an indication of the signal report data 494 for the three
objects of client, contact, and case. In one embodiment, when an agent sees a signal being
indicated within the client service module 281, then the agent can select that signal indicator and
be shown more information about that signal.

[0127] FIG. 6 shows an illustrative and non-exhaustive example user interface 600 of
signal report data 494 used for proactive client relationship analysis. As seen in FIG. 6, the user
interface 600 depicts signal report data 494 as signal indicators 601. In the example illustrated
by the signal indicators 601, the case status is green, the client status is yellow, and the contact
status is red. In this example, the contact may require immediate attention, the client may
require slightly less than immediate attention and the case object itself is not exhibiting any
signal indicators 601 that indicate the need for immediate attention. It should be understood that
other meanings can be assigned to the signal indicators 601 depending upon the desired
application.

[0128] Those of ordinary skill in the art will readily recognize that FIG. 6 is but a
specific illustrative example of signal report data 494, and that numerous other types and
arrangement of such data are possible and contemplated by the inventors. Consequently, the
specific illustrative example of the type and arrangement of the signal report data 494 of FIG. 6
should not be read to limit the embodiments as set forth in the claims.

[0129] FIG. 7 is an example table 700 of vector controls for proactive client relationship
analysis. Referring to FIGS. 1, 2A, 3, 4, SA, 6, and 7 together, the table 700 includes a column
711 that represents vector control fields.

[0130] At row 721 of column 711, the vector control field is “Vector Name.” Here, the
vector name may be any vector name illustrated in FIG. 6 and any other vector name as
discussed herein, or as known in the art at the time of filing, or as developed, or becomes
available, after the time of filing.

[0131] At row 722 of column 711, the vector control field is “Enable.” Here, the vector

control field indicates whether a vector is enabled to be analyzed or is disabled.
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[0132] At row 723 of column 711, the vector control field is “Applicable to Object —
Case.” Here, the vector control field indicates that the vector is to be analyzed for the case
object type.

[0133] At row 724 of column 711, the vector control field is “Applicable to Object —
Contact.” Here, the vector control field indicates that the vector is to be analyzed for the contact
object type.

[0134] At row 725 of column 711, the vector control field is “Applicable to Object —
Client.” Here, the vector control field indicates that the vector is to be analyzed for the client
object type.

[0135] At row 726 of column 711, the vector control field is “Applicable to Polarity.”
Here, the vector control field indicates whether the vector is to be analyzed as a positive signal
with a positive value between zero and one, or as a negative signal with a negative value
between minus one and zero, or both positive and negative signals, each having a value between
minus one and positive one.

[0136] At row 727 of column 711, the vector control field is “Vector Type.” Here, the
vector control field indicates a vector type of anomaly-based-Gaussian, anomaly-based-IQR,
average-based, mean-medium-based, sentiments-based, standard-deviation-based, threshold-
based, and other vector types as discussed herein, or as known in the art at the time of filing, or
as developed, or becomes available, after the time of filing.

[0137] At row 728 of column 711, the vector control field is “Forced Low.” Here, if the
vector type is threshold-based, then the vector control field defines a minimum value for the
threshold range.

[0138] At row 729 of column 711, the vector control field is “Forced High.” Here, if the
vector type is threshold-based, then the vector control field defines a maximum value for the
threshold range.

[0139] At row 730 of column 711, the vector control field is “Weight.” Here, the weight
of the applicable vector is set within the control data 192 to be utilized by the prioritization
module 340 of the signal processor module 130.

[0140] FIG. 8 is a flow diagram of a process 800 for proactive client anomaly detection.
Referring to FIGS. 1, 2A, 3, 4, 5SA, and 8 together, the process 800 for proactive client anomaly
detection begins at operation 810 and the process flow proceeds to operation 811.

[0141] At operation 811, case data 282 is received from the client service system 180.
The case data 282 is associated with case information of the client service system. The case data

282 represents both structured data and unstructured data of the client service system 180. The
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data acquisition module 230 of the vector collector module 120 acquires the case data 282 from
the client service system 180.

[0142] Once the case data 282 is received at operation 811, process flow proceeds to
operation 812.

[0143] At operation 812, case data 282 is collected into the vector data 193 by the vector
collector module 120. The vector data integrator module 210 integrates the case data 282 and
the vector data aggregator module 220 aggregates the case data 282 to generate the vector data
193. The vector data integrator module 210 receives integration instructions from the control
data 192. The vector data aggregator module 220 receives aggregation instructions from the
control data 192.

[0144] The control data 192 is modified by a user via the control configuration module
235. In one embodiment, the vector data 193 includes assigning a weight to each vector of the
vector data 193 in relation to other vectors of the vector data 193. In one embodiment, each
vector of the vector data 193 is defined by a vector type including anomaly-based-Gaussian
vector type, anomaly-based-IQR vector type, average-based vector type, mean-medium-based
vector type, standard-deviation-based vector type, threshold-based vector type, and other vector
types as discussed herein, or as known in the art at the time of filing, or as developed, or
becomes available, after the time of filing. For each threshold-based vector data type, a
maximum threshold value is assigned, and a minimum threshold value is assigned and stored as
control data 192. In one embodiment, each vector of the vector data 193 includes an object type
of client object type, contact object type, case object type, and other object types as discussed
herein, or as known in the art at the time of filing, or as developed, or becomes available, after
the time of filing. The vector data 193 is transmitted to the signal processor module 130 by the
vector collector module 120.

[0145] Once the case data 282 is collected into the vector data 193 at operation 812,
process flow proceeds to operation 813.

[0146] At operation 813, the vector data 193 is processed to detect anomaly data 395 by
the anomaly signal processor module 310. The anomaly signal processor module 310 includes
an anomaly detector model 311 that performs a machine-learning based anomaly detection
technique. The anomaly detector model 311 is trained with the training data 191. In one
embodiment, the machine-learning based anomaly detection technique is a supervised machine
learning-based anomaly detection technique. In one embodiment, the anomaly detector model
311 1s trained under a supervised model using training data 191 that is defined by a user of the

detection management system 111.

-20 .



WO 2021/050716 PCT/US2020/050182

[0147] The anomaly signal processor module 310 generates anomaly data 395 from the

vector data 193. In one embodiment, the anomaly data 395 comprises at least one anomaly of an
anomaly type of point anomaly type, contextual anomaly type, collective anomaly type, and
other anomaly types as discussed herein, or as known in the art at the time of filing, or as
developed, or becomes available, after the time of filing. In one embodiment, the normalization
module 330 normalizes the anomaly data 395 and the prioritization module 340 prioritizes the
anomaly data 395. The anomaly data 395 is transmitted to the validation and consolidation
module 140 by the signal processor module 130.

[0148] Once the vector data 193 is processed to detect anomaly data 395 at operation
813, process flow proceeds to operation 814,

[0149] At operation 814, the anomaly data 395 is prepared by the validation and
consolidation module 140 to generate anomaly report data 495. In one embodiment, the signal
validator module 410 validates the anomaly data 395. In one embodiment, the signal
consolidator module 420 consolidates the anomaly data 395. The anomaly report data 495 is
transmitted to the user interface module 150 by the validation and consolidation module 140.
[0150] Once the anomaly data 395 is prepared by the validation and consolidation
module 140 to generate anomaly report data 495 at operation 814, process flow proceeds to
operation 815.

[0151] At operation 815, the anomaly report data 495 is provided to the user interface
module 150 for analysis by a user. In one embodiment, a dashboard module 510 provides a
dashboard user interface to display the anomaly report data 495 to the user. In one embodiment,
the notification module 520 provides delivery to a user a notification of the anomaly report data
495. In one embodiment, an indicator module 530 provides an indication of the anomaly report
data 495 by customizing a user interface screen provided to the user by the client service system
based on the anomaly report data 495.

[0152] Once the anomaly report data 495 is provided to the user interface module 150
for analysis by a user at operation 815, process flow proceeds to operation 816.

[0153] At operation 816, the process 800 is exited.

[0154] FIG. 9 is a flow diagram of a process 900 for proactive client sentiment detection.
Referring to FIGS. 1, 2A, 3, 4, 5SA, and 9 together, the process 900 for proactive client sentiment
detection begins at operation 910 and process flow proceeds to operation 911.

[0155] At operation 911, case data 282 is received from the client service system 180.
The case data 282 is associated with case information of the client service system. The case data

282 represents both structured data and unstructured data of the client service system 180. In
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one embodiment, the case data 282 comprises textual information representing client case
conversation information, agent case conversation information, case survey result comment
information, and other textual information as discussed herein, or as known in the art at the time
of filing, or as developed, or becomes available, after the time of filing. The data acquisition
module 230 of the vector collector module 120 acquires the case data 282 from the client service
system 180.

[0156] Once the case data 282 is received at operation 911, process flow proceeds to
operation 912.

[0157] At operation 912, case data 282 is collected into the vector data 193 by the vector
collector module 120. The vector data integrator module 210 integrates the case data 282 and
the vector data aggregator module 220 aggregates the case data 282 to generate the vector data
193. The vector data integrator module 210 receives integration instructions from the control
data 192. The vector data aggregator module 220 receives aggregation instructions from the
control data 192.

[0158] The control data 192 is modified by a user via the control configuration module
235. In one embodiment, each vector of the vector data 193 includes an object type of client
object type, contact object type, case object type, and other object types as discussed herein, or
as known in the art at the time of filing, or as developed, or becomes available, after the time of
filing. The vector data 193 is transmitted to the signal processor module 130 by the vector
collector module 120.

[0159] Once the case data 282 is collected into the vector data 193 at operation 912,
process flow proceeds to operation 913.

[0160] At operation 913, the vector data 193 is processed to detect sentiment data 396 by
the sentiment signal processor module 320. The sentiment signal processor module 320
includes a sentiment detector model 321 that performs a machine-learning based sentiment
detection technique. In one embodiment, the machine-learning based sentiment detection
technique includes corpus data representing a plurality of sentiment indications within the vector
data 193. The sentiment detector model 321 is trained with the training data 191. In one
embodiment, the machine-learning based sentiment detection technique is a supervised machine
learning-based sentiment detection technique. In one embodiment, the sentiment detector model
321 is trained under a supervised model using training data 191 that is defined by an engineer of
the detection management system 111.

[0161] The sentiment signal processor module 320 generates sentiment data 396 from

the vector data 193. In one embodiment, the normalization module 330 normalizes the
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sentiment data 396 and the prioritization module 340 prioritizes the sentiment data 396. The
sentiment data 396 is transmitted to the validation and consolidation module 140 by the signal
processor module 130.

[0162] Once the vector data 193 is processed to detect sentiment data 396 at operation
913, process flow proceeds to operation 914,

[0163] At operation 914, the sentiment data 396 is prepared by the validation and
consolidation module 140 to generate sentiment report data 496. In one embodiment, a
sentiment type of the sentiment data 396 includes a negative sentiment type, a positive sentiment
type, an urgency sentiment type, and other sentiment types as discussed herein, or as known in
the art at the time of filing, or as developed, or becomes available, after the time of filing. In
one embodiment, the signal validator module 410 validates the sentiment data 396. In one
embodiment, the signal consolidator module 420 consolidates the sentiment data 396. The
sentiment report data 496 is transmitted to the user interface module 150 by the validation and
consolidation module 140.

[0164] Once the sentiment data 396 is prepared by the validation and consolidation
module 140 to generate sentiment report data 496 at operation 914, process flow proceeds to
operation 915.

[0165] At operation 915, the sentiment report data 496 is provided to the user interface
module 150 for analysis by a user. In one embodiment, a dashboard module 510 provides a
dashboard user interface to display the sentiment report data 496 to the user. In one
embodiment, the notification module 520 provides delivery to a user of a notification of the
sentiment report data 496.

[0166] In one embodiment, an indicator module 530 provides an indication of the
sentiment report data 496 by customizing a user interface screen provided to the user by the
client service system based on the sentiment report data 496.

[0167] In one embodiment, the user interface module 150 includes allowing the user to
designate a sentiment of the sentiment report data 496 as a false positive. In one embodiment,
training data is generated from the false positive designation in order to improve the
predictiveness of the sentiment detector model 321. In one embodiment, one or more of the
sentiments associated with the false positive designation are removed from the sentiment report
data 496.

[0168] Once the sentiment report data 496 is provided to the user interface module 150
for analysis by a user at operation 915, process flow proceeds to operation 916.

[0169] At operation 916, the process 900 is exited.
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[0170] FIG. 10 1s a flow diagram of a process 1000 for proactive client relationship
analysis. Referring to FIGS. 1, 2A, 3, 4, SA, and 10 together, the process 1000 for proactive
client relationship analysis begins at operation 1010 and process flow proceeds to operation
1011.

[0171] At operation 1011, case data 282 is received from the client service system 180.
The case data 282 is associated with case information of the client service system. The case data
282 represents both structured data and unstructured data of the client service system 180. The
data acquisition module 230 of the vector collector module 120 acquires the case data 282 from
the client service system 180.

[0172] Once the case data 282 is received at operation 1011, process flow proceeds to
operation 1012.

[0173] At operation 1012, case data 282 is collected into the vector data 193 by the
vector collector module 120. The vector data integrator module 210 integrates the case data 282
and the vector data aggregator module 220 aggregates the case data 282 to generate the vector
data 193. The vector data integrator module 210 receives integration instructions from the
control data 192. The vector data aggregator module 220 receives aggregation instructions from
the control data 192. The control data 192 is modified by a user via the control configuration
module 235.

[0174] In one embodiment, each vector of the vector data 193 is defined by a vector type
including sentiment-based vector type, anomaly-based-Gaussian vector type, anomaly-based-
IQR vector type, average-based vector type, mean-medium-based vector type, standard-
deviation-based vector type, threshold-based vector type, and other vector types as discussed
herein, or as known in the art at the time of filing, or as developed, or becomes available, after
the time of filing. In one embodiment, each vector of the vector data 193 includes an object type
of client object type, contact object type, case object type, and other object types as discussed
herein, or as known in the art at the time of filing, or as developed, or becomes available, after
the time of filing. The vector data 193 is transmitted to the signal processor module 130 by the
vector collector module 120.

[0175] Once the case data 282 is collected into the vector data 193 at operation 1012,
process flow proceeds to operation 1013.

[0176] At operation 1013, the vector data 193 is processed to detect signal data 194 by
the signal processor module 130. The signal processor module 130 generates signal data 194
from the vector data 193. The signal data 194 includes anomaly data 395, sentiment data 396,

and other signal data as discussed herein, or as known in the art at the time of filing, or as
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developed, or becomes available, after the time of filing. In one embodiment, the normalization
module 330 normalizes the signal data 194 and the prioritization module 340 prioritizes the
signal data 194. The signal data 194 is transmitted to the validation and consolidation module
140 by the signal processor module 130.

[0177] Once the vector data 193 is processed to detect signal data 194 at operation 1013,
process flow proceeds to operation 1014.

[0178] At operation 1014, the signal data 194 is prepared by the validation and
consolidation module 140 to generate signal report data 494. In one embodiment, the signal
validator module 410 validates the signal data 194. In one embodiment, the signal consolidator
module 420 consolidates the signal data 194. The signal report data 494 is transmitted to the
user interface module 150 by the validation and consolidation module 140.

[0179] Once the signal data 194 is prepared by the validation and consolidation module
140 to generate signal report data 494 at operation 1014, process flow proceeds to operation
1015.

[0180] At operation 1015, the signal report data 494 is provided to the user interface
module 150 for analysis by a user. In one embodiment, a dashboard module 510 provides a
dashboard user interface to display the signal report data 494 to the user. In one embodiment,
the notification module 520 provides delivery to a user of a notification of the signal report data
494, In one embodiment, an indicator module 530 provides an indication of the signal report
data 494 by customizing a user interface screen provided to the user by the client service system
based on the signal report data 494.

[0181] Once the signal report data 494 is provided to the user interface module 150 for
analysis by a user at operation 1015, process flow proceeds to operation 1016.

[0182] At operation 1016, the process 1000 is exited.

[0183] Embodiments of the present disclosure provide highly efficient, effective, and
versatile systems and methods for proactive client relationship analysis. However, the disclosed
embodiments do not encompass, embody, or preclude other forms of innovation in the area of
anomaly detection systems and methods.

[0184] In addition, the disclosed embodiments of systems and methods for proactive
client relationship analysis are not abstract ideas for at least several reasons.

[0185] First, the disclosed systems and methods for proactive client relationship analysis
are not abstract ideas because they are not merely an idea itself (e.g., can be performed mentally
or using pen and paper). For example, with a traditional client service system, the amount of

unstructured data of comments of thousands of cases is immense because service provider
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agents and client contacts regularly deliver text messages to each other. It is infeasible for a
manager of the service provider to read all the comments and search for certain words that
indicate there is a client sentiment to be explored. For further example, with a traditional client
service system, the amount of structured data of thousands of cases is likewise immense as
service provider agents update the fields with information related to the resolution of each case.
It is infeasible for a manager of the service provider to review all the structured data and
compare the structured data across various cases. In contrast, the disclosed embodiments utilize
machine learning algorithms to detect sentiments within unstructured data and anomalies within
structured data. Due to the large amount of such unstructured data and structured data, the
human mind cannot make such detections even with the aid of pen and paper.

[0186] Second, the disclosed systems and methods for proactive client relationship
analysis are not abstract ideas because they are not a method of organizing human activity such
as fundamental economic principles or practices (including hedging, insurance, mitigating risk);
commercial or legal interactions (including agreements in the form of contracts; legal
obligations; advertising, marketing or sales activities or behaviors; business relations); and
interactions between people (including social activities, teaching, and following rules or
instructions). In contrast, the disclosed embodiments perform machine learning model analysis
to provide a detection of a signal of an interaction of a client with an agent. Providing detections
of a signal for use by a service provider, using the disclosed embodiments, allows a service
provider to provide better service to the client by allowing the service provider to troubleshoot
issues before they cause a client to look for services from a different service provider. The
disclosed embodiments improve a service provider’s managers the ability to uncover issues that
are opaque to the managers of the service provider, which is not organizing human activity.
[0187] Third, although mathematics may be used in the disclosed systems and methods
for proactive client relationship analysis, the disclosed and claimed systems and methods are not
abstract ideas because they are not simply a mathematical relationship/formula. In contrast,
utilization of the disclosed embodiments results in the tangible effect of enabling machine
learning models to operate on vector data in order to determine a signal of an anomaly or a
sentiment. Such signals are provided to a user of a service provider to improve the business
viability of the service provider. Such is not simply a mathematical relationship/formula.
[0188] In addition, the disclosed systems and methods describe a practical application to
improve the art of signal detection by providing a technical solution to the technical problem of

proactively detecting client signals.
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[0189] In the discussion above, certain aspects of some embodiments include process
steps and/or operations and/or instructions described herein for illustrative purposes in a
particular order and/or grouping. However, the particular order and/or grouping shown and
discussed herein is illustrative only and not limiting. Those of skill in the art will recognize that
other orders and/or grouping of the process steps and/or operations and/or instructions are
possible and, in some embodiments, one or more of the process steps and/or operations and/or
instructions discussed above can be combined and/or omitted. In addition, portions of one or
more of the process steps and/or operations and/or instructions can be re-grouped as portions of
one or more other of the process steps and/or operations and/or instructions discussed herein.
Consequently, the particular order and/or grouping of the process steps and/or operations and/or
instructions discussed herein does not limit the scope of the invention as claimed below.
Therefore, numerous variations, whether explicitly provided for by the specification or implied
by the specification or not, may be implemented by one of skill in the art in view of this

disclosure.
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THE CLAIMS DEFINING THE INVENTION ARE AS FOLLOWS:

1. A computing system implemented method for proactively detecting signals in
case data comprising:

collecting, using one or more computing systems, historical case vector data from one or
more client service systems;

training, using the historical case vector data, one or more machine learning anomaly
detection models to detect anomalies in case data indicating potential client dissatisfaction;

obtaining, using one or more computing systems, current case vector data representing
current client cases associated with one or more clients of a service provider, the current case
vector data including structured data and unstructured data;

providing the structured data of the current case vector data to the trained one or more
machine learning anomaly detection models;

identifying, using the one or more machine learning anomaly detection models, one or
more anomalies in the structured data of the current case vector data for one or more specific
current client cases;

providing the unstructured data of the current case vector data to one or more machine
learning-based language processing models;

identifying, using the one or more machine learning-based language processing models,
one or more client sentiments in the unstructured data of the current case vector data for one or
more specific current client cases;

generating, using one or more computing systems, a signal report, the signal report
including:

a listing of each of the one or more specific current client cases having
one or more identified anomalies and the specific one or more anomalies
associated with the listed one or more specific current client cases having one or
more identified anomalies; and

a listing of each of the one or more specific cases having one or more
identified client sentiments and the specific one or more client sentiments
associated with the listed one or more specific current client cases having one or
more identified one or more client sentiments; and

providing, using one or more computing systems, the signal report to an agent for the

service provider.
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2. The computing system implemented method of claim 1, wherein in the collecting,
using one or more computing systems, of the historical case vector data a weight is assigned to

each vector of the vector data in relation to other vectors of the vector data.

3. The computing system implemented method of claim 1, wherein in the collecting,
using one or more computing systems, of the historical case vector data a vector type is assigned
to each vector of the vector data a vector type selected from the group of vector types consisting
of:

an anomaly-based-Gaussian vector type;

an anomaly-based-IQR vector type;

an average-based vector type;

a mean-medium-based vector type;

a standard-deviation-based vector type; and

a threshold-based vector type.

4, The computing system implemented method of claim 3, wherein the threshold-
based vector data type includes assigning one of a maximum threshold value, a minimum

threshold value, and a combination of the foregoing.

5. The computing system implemented method of claim 1, wherein in the collecting,
using one or more computing systems, the historical case vector data an object type is assigned
to each vector of the vector data, wherein the object type comprises one of client object type,

contact object type, and case object type.

6. The computing system implemented method of claim 1, wherein the one or more
machine learning anomaly detection models include a supervised machine learning anomaly

detection model.

7. The computing system implemented method of claim 1, wherein the one or more
anomalies include at least one anomaly type selected from the group of anomaly types
consisting of:

a point anomaly type;
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a contextual anomaly type; and

a collective anomaly type.

8. The computing system implemented method of claim 1, wherein generating,
using one or more computing systems, a signal report includes validating the one or more

anomalies as valid anomalies.

9. The computing system implemented method of claim 1, wherein providing, using
one or more computing systems, the signal report to an agent for the service provider includes
providing a dashboard user interface that displays the signal report to the agent for the service

provider.

10. The computing system implemented method of claim 1, wherein providing, using
one or more computing systems, the signal report to an agent for the service provider includes

delivering a notification of the signal report to the user.

11. The computing system implemented method of claim 1, wherein providing, using
one or more computing systems, the signal report to an agent for the service provider includes
customizing a user interface screen provided to the agent for the service provider by the client

service system based on the signal report.

12.  The computing system implemented method of claim 1, wherein the unstructured
data of the current case vector data includes textual data representing one or more of client case

conversation data, agent case conversation data, and case survey result comment data.

13. The computing system implemented method of claim 1, wherein the one or more
machine learning-based language processing models includes corpus data representing a

plurality of sentiment indications.

14. The computing system implemented method of claim 1, wherein the signal report
provided to the agent for the service provider includes a report as false sentiment designation
feedback feature for each of the specific one or more client sentiments associated with listed

more specific current client cases, the false sentiment designation feedback feature being
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generated when the agent indicates one or more of the specific one or more client sentiments is a

false sentiment designation.

15. The computing system implemented method of claim 14, wherein training data
for the one or more machine learning-based language processing models is generated from the

false sentiment designation feedback feature being generated by the agent.

16. The computing system implemented method of claim 1, wherein the specific one
or more client sentiments associated with the listed more specific current client cases is a

negative sentiment type.

17. The computing system implemented method of claim 1, wherein the specific one
or more client sentiments associated with the listed more specific current client cases is a

positive sentiment type.

18. The computing system implemented method of claim 1, wherein the specific one
or more client sentiments associated with the listed more specific current client cases is an

urgency sentiment type.

19. The computing system implemented method of claim 14, wherein one or more of
the client sentiments is removed from the signal report when the one or more client sentiments

are associated with false sentiment designation feedback.

20. The computing system implemented method of claim 1, wherein in the obtaining
of the current case vector data, a weight is assigned to each vector of the vector data in relation

to other vectors of the vector data.

21. A computing system implemented method for proactively detecting signals in
case data comprising:

collecting, using one or more computing systems, historical case vector data from one or
more client service systems;

training, using the historical case vector data, one or more machine learning anomaly

detection models to detect anomalies in case data indicating potential client dissatisfaction;
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obtaining, using one or more computing systems, current case vector data representing
current client cases associated with one or more clients of a service provider;

providing the current case vector data to the trained one or more machine learning
anomaly detection models;

identifying, using the one or more machine learning anomaly detection models, one or
more anomalies in the current case vector data for one or more specific current client cases;

providing the current case vector data to one or more machine learning-based language
processing models;

identifying, using the one or more machine learning-based language processing models,
one or more client sentiments in the current case vector data for one or more specific current
client cases;

generating, using one or more computing systems, a signal report, the signal report
including:

a listing of each of the one or more specific current client cases having one or more
identified anomalies and the specific one or more anomalies associated with the listed more
specific current client cases having one or more identified anomalies; and

a listing of each of the one or more specific cases having one or more identified client
sentiments and the specific one or more client sentiments associated with the listed more
specific current client cases having one or more identified one or more client sentiments; and

providing, using one or more computing systems, the signal report to an agent for the

service provider.
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