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Pega Al overview

Description

Prediction Studio is the dedicated workspace for data scientists to control the life cycles of
predictions and the predictive models that drive them. Prediction Studio offers prediction
and model reports that allow users to monitor and spot predictions and models that
underperform.

Learning objectives

e Describe how predictive models drive case management predictions, Pega Customer
Decision Hub™ predictions, and text analytics predictions

e Describe the purpose of the control group in Customer Decision Hub predictions
e Describe the purpose of the work areas in Prediction Studio

e Recognize the transparency settings for predictive models



Predictive models drive predictions

With the decision management capability of Pega Platform™, you can enhance applications
to help optimize business processes, predict customer behavior, analyze natural language,
and make informed decisions to better meet customers' needs and to achieve positive
business outcomes.

Transcript
This video introduces you to Pega Al, a feature of the decision management capability of
Pega Platform™.

Other decisioning features of the Pega Platform include:

e Decision strategies to improve customer experience and deploy intelligent processes
based on behavioral and operational data and data sets to read and write the data
used in the decision strategies.

e You can use event strategies to detect patterns in data streams and react to them.

e And to ingest, process, and move data from one or more sources to one or more
destinations, you can configure data flows as scalable and resilient data pipelines.

Decision management uses Pega Al to make predictions about customer behavior,
successful case completion, the topic of an incoming message, or other subjects to make
the decisions more relevant.

Pega Platform™

Decision management capability

CustomerData

Decision strategies g@

Abstract

D at a set S Data set Decision strategy
Event strategies

Data flows
Pega Al

Decision management is a Pega Platform capability. You can apply decision management to
any application that is built on Pega Platform.

Predictions differ to suit the domain they are used in, but one or more predictive models
drive them all.



A data scientist can create a predictive model in Pega Platform or an external environment
that can export the model as a PMML or H20O file. Another option is to connect to a
machine learning service such as Google ML or AWS SageMaker.

Google

Machine Learning

If an insurance company wants to use Pega Process AI™ to route incoming claims that
might be fraudulent to an expert based on the outcome of a predictive model ...

... the data scientist creates a fraud model to drive a new case management prediction in
Prediction Studio.

Prediction Studio .
Predict Fraud Propensity

Prediction Studio is the dedicated workspace where you manage the life cycle of predictive
models and the predictions they drive.

A prediction is a hand-off to an application developer, who can then use the predictionin a
decision step in the case type to route cases more accurately. This strengthens the
separation of concerns.

You can use Pega Customer Decision Hub™ to make next-best-action decisions for your
customers.

Customer Decision Hub predictions can predict customer behavior, such as which customer
is about to churn ...



... or predict the likelihood that a customer clicks on a web banner to support the decision
on which banner to show to a customer.

Pega Adaptive Decision Manager (ADM), a key component of the decision management
capability ...
... allows a data scientist to configure self-learning, adaptive models that continuously

improve predictions about business processes and customer behavior.

An adaptive model rule typically represents many adaptive model instances because each
unique combination of the model context generates a model.

In Customer Decision Hub, adaptive models drive many predictions that come with the
product out of the box, such as the Predict Web Propensity prediction that predicts the
likelihood that a customer clicks a web banner.

Customer Decision Hub predictions have several features specific for the domain ...

... such as a control group for which the prediction outputs a random propensity instead of
the propensity that is generated by the adaptive model instance.

Comparison of the control group and the model propensity-based group allows you to
measure the lift in a success rate that the Al generates, an important business metric.

Also, Customer Decision Hub predictions feature a response timeout setting. After the
timeout expires, a negative response is recorded.

The response timeout setting depends on the use case. For example, in a web use case,
several minutes suffice ...

... while in an outbound email campaign, the response timeout is set to several days to
allow customers enough time to respond.

You can further enhance the prediction by using the output of a predictive model as a
predictor in the adaptive model.

Prediction Studio
. Predict Web Propensity

OUtPUt .




The Pega Customer Service™ application uses the natural language processing capability of
decision management to analyze incoming text and route the messages based on the
topics and entities detected.

Pega Customer Service uses Text analytics predictions that are distinctly different from both
case management predictions and Customer Decision Hub predictions.

Text analytics predictions use predictive models to detect the topic of an incoming message
that the application can use to optimize the routing of the message to the relevant
department.

Secondly, text analytics predictions use entity extraction models that qualify text as, for
example, an account number, a postal ZIP code, or an address.

The application can use this information to fill relevant fields in a case automatically.

Finally, the text analytics predictions come with a sentiment model that can route or
prioritize negative messages to improve the customer experience.

Prediction Studio
. Predict Text Features

Feedback on the detected topics, entities, and sentiment by CSRs improves the
performance of the text analytics prediction over time.

This video has concluded. What did it show you?

e Pega Al allows you to improve business processes and customer engagement by
using predictions.

e Predictive models drive the predictions.
e The predictive models can be static or adaptive.

e Predictions are managed in Prediction Studio.



Prediction Studio

Predictions and the predictive models that drive them are created, monitored and updated
in Prediction Studio, the dedicated workspace for data scientists.

Transcript

This video gives you an overview of the features of Prediction Studio. The workspace
provides data scientists with everything they need to author, deploy, govern, monitor, and
change predictions. Prediction Studio has four work areas: Predictions, Models, Data, and
Settings.

*

Predictions

L

Models

The Predictions landing page is used to create and manage predictions. Predictions can be
one of three types.

Create a prediction
Where will you be using the prediction?

@® Customer Decision Hub
Optimize the engagement with your customers

() Case management
Use predictions to improve the automation in cases

(O Text analytics
Analyze the text that comes through your channels

Customer Decision Hub predictions are used in the Pega Customer Decision Hub™
application to optimize 1:1 customer engagement. Case management predictions are
used in case types to support decisions in business processes and Text analytics
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predictions are used in the Pega Customer Service™ application to predict the topic of
incoming messages. The three types of predictions differ to suit the domain they are used
in, but one or more predictive models drive them all.

The Model landing page is used to create and manage the predictive models. There are four
types of predictive models.

Static predictive models are built on historical data. A data scientist can create a predictive
model in an external tool and import the model file. Another option is to connect to a
machine learning service, such as Google ML or Amazon SageMaker.

Predictive model

Adaptive models continuously learn from responses and adapt to changes over time. You
can configure an adaptive model rule that typically represents many adaptive model
instances, because each unique combination of the model context will generate a model.

Adaptive model

Text categorization models can detect the topic of a message and the sentiment of the
author. Text extraction models identify entities such as an email address, an account
number, or a city.

pattern auto-tagging
del Text analysis r

Text categorization  Text extraction

Many widely used Customer Decision Hub predictions ship with the product.

PREDICTION STUDIO Application: Customer Decision Hub

One of these is the Predict web propensity prediction, which predicts the likelihood that a
customer clicks a web banner.

11



Predict Web Propensity 87.06
(AUC)

72.00
54.00

36.00

Performance

18.00

Time

Consider, for example, the cross-sell in a web scenario for U+ Bank. The bank shows a
personalized credit card offer to eligible customers when they log in to the bank’s website.

Standard card

0% APR and no annual fee

Learn more

When a customer is eligible for multiple credit cards, the prediction calculates the
propensity of receiving a positive response from the customer for each card. Customer
Decision Hub decides which credit card to offer based on business rules, interaction
context, and predictions.

The adaptive model that drives the Predict Web Propensity prediction is the Web Click
Through Rate model.

Supporting models

Name Component name Type Performance Status
Web_Click_Through_Rate Web_Click_Through_Rate_Customers  Adaptive model 68.55 AUC ACTIVE
Web_Click_Through_Rate Web_Click_Through_Rate_Accounts Adaptive model 68.55 AUC ACTIVE

You can configure several aspects of a Customer Decision Hub prediction. A control group
is a small group of customers who receive random offers, as opposed to the target group.

12



Control group
The control group is used to measure lift by comparing the success rate in the target group with the control group
Customers in the control group will receive an action determined by a random propensity.

(® Percentage Field

Percentage
20 %

Customers in the target group receive the offers that they are most likely to accept, based
on the propensity that the prediction calculates for each customer.

The purpose of the control group is to calculate lift by comparing the success rate in the
control group with the success rate in the target group.

The random offers also allow predictive models to continuously explore all actions.

Based on the lift, you can determine the effectiveness of your prediction, for example, in
increasing conversion rates. The control group is typically defined as 2% of all customers,
but this can be changed.

The response labels represent the possible outcomes of a prediction. The propensity is
computed based on the number of outcomes registered under the target label versus the
alternative label.

For example, in Predict Web Propensity, because you want to predict the likelihood of a
customer clicking a banner, the Target label (which in this case represents the positive
outcome) is Clicked. The alternative label that represents a negative outcome in this case,
is NoResponse.

Response labels
Labels for the possible values of the responses.

Propensity to Click <

Target label Alternative label

Clicked NoResponse
The NoResponse response can be captured on request or automatically depending on the
response time-out setting. The response time-out defines how long to wait for the

customer to respond to your offer. After the specified amount of time elapses, the system
automatically records the alternative outcome for the interaction.

13



! H

(1) Response timeout

You can choose how long you want to wait for a response.
f this period elapses, the alternative label will be recorded.

Propensity to Click
Indefinitely (® Fixed time frame
Amount  Time unit

10 minutes

This setting depends on the use case. When predicting a click on a web banner, you
typically set it to 30 minutes or less, but in an outbound email offer, a waiting time of
several days is more appropriate.

The Web Click Through Rate model rule is the model template for each of the credit card
offers. You can monitor the performance of the models in a diagram that shows the
success rate versus model performance.

40 ] .

Success rate
18]
(=1

50 60 70 80 90 100

Performance

The models are represented by colored circles. The size of the circles indicates the number
of responses captured by the model.

Monitor the prediction over time to analyze how successful it is. The available metrics are
the success rate, the lift calculated using the control group, the prediction performance,
and the total number of cases.

14



4 9.94 Churn Rate t -4.62 Lift (%)

Success rate
Lift aver time

24 Dec. 2020 25 Dec. 2020 26 Dec. 2020 27 Dec. 2020 26 Dec 2020 24 Der, 2020 25 Dec, 2020 26 Dec, 2020 27 Dec, 2020 28 Dec, 2020
Time Time
Control group <@ Test group © Lift aver time

Prediction Studio generates actionable insights and notifies the user when predictions and
predictive models show unexpected behavior (for example, a significant drop in success
rate).

L_18
Case management predictions support decisions in a case type.

APP STUDIO ~  Application : Insurance Application

Consider this case type, which handles incoming car insurance claims.

E Detect fraud E Complex clim e

Create Detect fraud Assessment Complex claim inspection Completed
E Collect claim details n Decision n Decision Expert assessment Disbursement email
+ FORM STEP Fraud assessment Regular process + STEP + STEP
CONFIGURE PROCESS To expert

CONFIGURE PROCESS

An application developer can use the outcome of the prediction in the condition of a
decision step, instead of a business rule. Based on the condition, a case is routed to a fraud
expert when the prediction flags the claim as abnormal.

When
Custom condition v
(Probability is equal to "abnormal”)

Go to

Fraud assessment v

Add path

Otherwise go to
[End] ~



The Pega Customer Service application can use text predictions to analyze messages that
come in through various channels, such as email and chat channels.

PREDICTION STUDIO -~ Application: Customer Service

A text prediction is automatically generated for each new channel.

A text prediction detects topics, entities, and sentiment, to improve the routing of messages
to the appropriate department.

Outcomes
Manage all topics, sentiment and entities that should be part of this prediction

Entities Sentiments

Topics can be detected based on keywords or machine learning. In this example, topic
detection is keyword based. It is highly recommended to include machine learning in topic
detection.

Consider the following message, about an address change:

Hi U+ Bank,

| have noticed, in my last account statement, you have used a wrong address. Please change my
mailing address to read: 222 West Las Colinas Blvd., Irving, TX 75039, USA, effective immediately.
And I'm happy to have a fresh email address: sara@gmail.com.

Cheers, Sara Connors

Based on keywords, two topics are detected. Both topics have a confidence score of 1, so it
is not possible to determine the correct topic.

Topic T
Action > Complaint

Action > Account Address Change

To train the topic model, use a data set with records that contain a message and the
associated topic. When the trained model is tested with the same message, the model
correctly generates the highest confidence score for the address change topic.

16



T Sentimenfr SentimentscoreT Model name T Model typeT Confidence
Account Address Change Positive 0.41 U+ Bank customer support Pega NLP 0.71

Complaint Positive 0.41 U+ Bank customer support Pega NLP 0.29

The sentiment model is shipped with the product and predicts an overall positive
sentiment.

Output

NERENTEI have noticed, in my last account statement, you have used a wrong address. JyEERE]
change my mailing address to read: 222 West Las Colinas Blvd., Irving, TX 75039, USA, effective
immediately. And I'm happy to have a fresh email address: sara@gmail.com. Cheers, Sara
Connors

Entity extraction can be based on keywords, machine learning, or RUTA scripts.

Value T Name T Type Method Resolved value
Irving, City City Machine learning Irving,
sara@gmail.com Email Email RUTA sara@gmail.com
X State State Machine learning X

75039 Zipcode ZipCode Machine learning 75039

The Data work area is used to define data sets, resources, and historical data.

Data

Data sets

Resources

Historical data

A data set instance can be sourced from a database table, from stream services, or even
social media, such as Twitter and YouTube. Resources include taxonomies and the default
sentiment lexicon to use in building machine learning models. When enabled, historical
data used for the training of adaptive models and monitoring of predictive models is
recorded for offline analysis.

In the Settings work area, you can manage general Prediction Studio settings and connect
to third-party machine learning platforms.

17



Settings

Prediction Studio settings
Model transparency policies

Machine learning services

Also, you can review company policies regarding the transparency thresholds for different

business issues. In risk management, decisions must be explainable. In marketing, more
accurate models may be allowed at the expense of transparency.

Each model type is assigned a transparency score ranging from 1 to 5, where 1 means that
the model is opaque, and 5 means that the model is transparent. Depending on the
threshold setting, some types of models can be non-compliant for a specific business issue.

Adaptive model
Pega

Compliance
All business issues

Clustering model

Compliance
All business issues

Neural network

Compliance
All business issues

Bivariate model
Pega

Compliance
All business issues

Ensemble model

Compliance
All business issues

L

Random forest

Compliance
All business issues

This demo has concluded. What did it show you?

Genetic algorithm
Pega

Compliance
All business issues

General regression

Compliance
All business issues

Scorecard

Compliance
All business issues

e How to create and manage Customer Decision Hub predictions, case management
predictions and text analytics prediction.

e How to create and manage the predictive models that drive the predictions.

e How to inspect the model transparency settings of the business.

18



Customer Decision Hub overview

Description

Familiarize yourself with the 1:1 customer engagement paradigm and discover how Pega's

omni-channel Al delivers the right action during every customer interaction.

Prediction Studio is the dedicated workspace for data scientists to control the life cycles of
predictions and the predictive models that drive them. Prediction Studio offers prediction
and model reports that allow the user to monitor and spot predictions and models that

underperform.

Learning objectives

Explain the basics of the Next-Best-Action approach

Describe the purpose of Next-Best-Action Designer and the user interface
Explain the types of predictions that are available in Prediction Studio
Describe the purpose of the control group

Describe the bubble chart that visualizes the adaptive model performance

Recognize the transparency settings for predictive models

19



Next-Best-Action paradigm
Introduction

The value of big data and analytics is fully realized when every customer conversation
delivers exactly the right message, the right offer, or the right level of service to provide a
great experience while maximizing the customer’s value to the organization. With Pega
Next-Best-Action, business experts develop decision strategies that combine predictive and
adaptive analytics with traditional business rules to maximize this value.

Transcript

This is your customer. You want him to buy your products, use your services and have a
great experience. And your competitors want the same thing. To compete, you have to take
the right action at every customer touch, ensuring that each conversation delivers exactly
the right message, offer and level of service. You want to provide a great experience, while
maximizing the customer’s value to your organization.

USE SERVicEs
. N ) N eV N
Z GREAT EXPER\ENCE »

) VALUE Y

\b \a—\ g—
- ’l

Uy PROOUCTS

™ MESSAGE
& OFFER
- 4 LEVEL of SERVICE

Artificial Intelligence, or Al, can help—if you can get past the hype. Pega has been using Al
to create real business value for years, driving real-time decisions that deliver awesome
engagement on any channel and improving experiences for over 1.5 billion customers
across the globe.

20



REAL-TiMmE
DECIS\ONS
v

Pega’s omni-channel Al delivers the right action at every customer touch by crunching
millions of data points in real-time. Make an offer, initiate a retention plan, predict a
problem before it happens. Every decision generates the next-best-action for your
customer, and your business.

8 OMNICHANNEL AT
. w’ ACTION "
o [ OFFER”

Y —A\’O (3.9 { GreTeNnioN PLAN

_ .@0 = —_—*—O/@ QPROBLEM
a ol ‘/ =

o
(=
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Pega’s Al is built for business people, not scientists or developers. They design

visual decision strategies that combine predictive analytics, algorithms developed through
mining large sets of data, adaptive analytics, machine-learning algorithms that improve with
each interaction, and traditional business rules that allow users to prioritize and arbitrate
between decisions.

PEGA AT PREDICTIVE ANALYTICS

- - -

| g

N~ BUSINESS RULES

ADAPTIVE ¢ ¢ 100000
ANALYTiICS ELSE IF 25000
OTNERWISE

Pega uses the strategy to look across all the potential actions you may take with a
customer, make an offer, initiate a retention plan, open a service case, place an ad, and
ensure exactly the right action is taken at every interaction and it works across all channels
to provide a consistent experience in a store, on the phone, on the web, mobile, with the
chat bot, or just some crazy tech that hasn't even been invented yet.

22



PEGA

ALL POTENTIAL

ACTIONS
=) @R = §
=
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And Pega connects to streams like mobile locations or network events to detect patterns
and drive the Next Best Action proactively. And strategies are completely contextual. Any
change in the customer’s context — a click, a reply, a location change, a Tweet — will trigger
the Next Best Action. So, you can really listen to your customers and act accordingly.

ALL CHANNELS

PATTERNS. AT

R CUASAY
s (@0 )

con'fe%TUAL
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Pega's real-time, omni-channel Al puts the power in your hands, so you can optimize every
customer interaction for experience, and value.

. EXPERIENCE '
= ReAL-TiME °. %

~ OMNICHANNEL = a0
] !AI v\

=

/
|
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One-to-one customer engagement
paradigm
Introduction

The optimal outcome of every customer interaction is to provide a great
experience while maximizing the customer’s value to the company. To achieve
this, you have to be able to perform the right action in the right channel at the
right moment for each customer. We call this capability, “1-to-1 Customer
Engagement”.

Transcript

In this video, learn about the 1-to-1 Customer Engagement paradigm and how
the principles of Next-Best-Action are implemented using the Pega Customer
Decision Hub™.

Customers are more empowered than ever before. As a result, they have very
high expectations of the experiences they receive from their service providers.
Their experiences must make sense within the context of their lives. This means
they must be meaningful, consistent, and personalized across every channel
they interact with.

25



In business, the optimal outcome of every customer interaction is to provide a
great experience while maximizing the customer’s value to the company. To
achieve this, you have to be able to perform the right action in the right channel
at the right moment for each customer.

We call this capability, “1-to-1 Customer Engagement”.

26



1-to-1 Customer Engagement enables companies to transition their marketing
away from a traditional one-to-many campaign-driven approach. A one-to-one
approach allows companies to have consistent, contextual and relevant
conversations with individual customers across any channel or touch point.

The key to achieving 1-to-1 Customer Engagement is an idea that's simple to
conceive, but very difficult to execute: one centralized brain.

27



In other words, one piece of intelligence that acts as a single decision authority
across your application ecosystem.

Each channel or system profits from this single source of customer intelligence
and can leverage it to gain insights or perform relevant actions.

In Pega Customer Decision Hub, this centralized brain is the core capability that
leverages Al to enable 1-to-1 Customer Engagement.

In Pega Infinity™, the Pega Customer Decision Hub forms the core of the
customer engagement platform, which sits at the center of existing systems and
channels in an enterprise.

28



The Customer Decision Hub

CUSTOMER
DECISION

Data from every customer engagement across the enterprise is collected by the
Brain and used to make predictions and decisions about every interaction in
every channel.

Continuous learning and decision-making are the foundation of a 1-to-1
Customer Engagement solution.

The Customer Decision Hub combines analytics, business rules, customer data,
and data collected during each customer interaction to create a set of actionable
insights that it uses to make intelligent decisions. These decisions are known as
the Next-Best-Action.

Every Next-Best-Action weighs customer needs against business objectives to
optimize decisions based on priorities set by the business manager.

In the milliseconds before interacting with a customer, the Customer Decision
Hub processes thousands of predictive and adaptive models to determine
customer needs, considering the customer’s immediate context to ensure the
Next-Best-Action is relevant, timely, and contextual. These models can be
propensity, risk, or churn models.

29



Next, the decision strategy considers business rules and matches those with the
customer’s context and higher-level business goals.

Al-Driven Decisions

000000 . =

CUSTOMER BUSINESS

NEEDS iF Wy OBJECTIVES

All of this information is used by the Next-Best-Action decision strategy to
evaluate every potential action that could be taken with a particular customer in
a given situation. The decision strategy then recommends the best way to
interact with the customer to achieve the optimal result.

Using the Next-Best-Action approach, the Customer Decision Hub is able to
identify the best moments for making a sale, providing a service, making a
retention offer, or doing nothing at all (e.g. if nothing is relevant enough to
warrant the customer’s attention). Next-Best-Action is even able to select which
offers are most likely to be accepted by the customer in a sales or retention
situation. Next-Best-Action decisions are distributed, in real-time, to each of your
real-time owned channels, such as web, mobile, and contact center. Through
Pega Customer Decision Hub, Next-Best-Actions can also be distributed to real-
time paid channels such as Google, YouTube, Facebook, LinkedIn and Instagram.
Pega Customer Decision Hub also integrates with non-real time outbound
channels such as data management platforms (DMPs) and email.

Once the Next-Best-Actions are distributed and customer responses have been
received by the Brain, the whole process begins again, and new Next-Best-
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Actions are distributed within milliseconds. Every outbound channel, including a
data management platform, is dynamically updated with the Next-Best-Action to
ensure consistency and an optimized customer experience no matter which
channel the customer interacts with.

In summary, the Pega Customer Decision Hub is the Always-On Brain that acts
as a single, centralized decision authority.

Customer

Your Always-On Customer Brain Interaction

History

Predictive

Data About . “ Analytics
Customer

Adaptive
Analytics

Text
Analytics

It uses data about the customer, including past interactions, as input.
It leverages advanced Al techniques to make predictions.

And it uses decision strategies (which combine traditional business rules with
predictive, adaptive and text analytics), to deliver consistent and personalized
Next-Best-Actions across all channels.
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Action arbitration
Introduction

Pega Customer Decision Hub combines analytics, business rules, customer data, and data
collected during each customer interaction to create a set of actionable insights that it uses
to make intelligent decisions. Arbitration aims to balance customer relevance with business
priorities by weighing numerical values for the following factors: propensity, context
weighting, action value, and business levers. Learn to create a simple formula for arriving at
a prioritization value, which is used to select the top actions.

Transcript

This video explains the concept of action arbitration.

Pega Customer Decision Hub™ combines analytics, business rules, customer data, and data
collected during each customer interaction to create a set of actionable insights that it uses
to make intelligent decisions. These decisions are known as Next-Best-Action.

Every Next-Best-Action weighs customer needs against business objectives to optimize
decisions based on priorities set by the business manager.

Arbitrating between actions

o BusINESS
CUSTOMER @ . OBJECTIVES

MNEEDS
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U+ Bank, a retail bank, has several actions for its customers and has configured
engagement policies to suit both customer needs and business objectives.

In this scenario, a marketer for U+ has designed 200 actions that can be presented to
customers. To select the Next-Best-Actions from these, Pega Customer Decision Hub first
checks the eligibility conditions and filters the actions. Then, the applicability conditions are
run to filter it further. Next, Customer Decision Hub checks the suitability conditions

to derive the final set of available actions.

These actions move through one final stage before being presented to customers: the

arbitration stage. Arbitration is used to prioritize and choose the best actions based on
what is relevant for the customer right now.

» All available actions

» Eligible actions

» Applicable actions

» Suitable actions

» Actions prioritized by Arbitration (Al)

Arbitration aims to balance customer relevance with business priorities. The factors
weighed are Propensity, Context Weighting, Action Value, and Business Levers,
each represented by numerical values. A simple formula is used to arrive at a
prioritization value, which is used to select the top actions. The number of top
actions selected depends on the channel of interaction. For example, the top three
actions, plus two tiles and one hero treatment, can be selected for display on a
bank’s website.
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Customer relevance Business priority

Propensity X Context Weighting Action Value X Business Levers

Propensity is the likelihood of a customer responding positively to an action; this is
calculated by Al. For example, the higher the likelihood of a customer accepting an offer,
the higher the Propensity value for that offer.

Context Weighting allows Pega Customer Decision Hub to consider the situational
context for each action. For example, if a customer contacts the bank to close their account,
the highest-priority action is to ensure that the customer is retained. The priority of an
action is increased by a specified value when the context is detected.

Action Value enables you to assign a financial value to an action and prioritize high-value
actions over low-value ones. This value is typically normalized across Issues and Groups.
For example, an unlimited data plan is more profitable than a limited data plan. So, in a
situation where a customer is eligible for both plans, the unlimited plan has higher priority.

Business Levers allow the business to assert some level of control over the prioritization
of actions defined within the system. Levers are used to manually nudge Customer Decision
Hub toward Next-Best-Actions based on external factors. For example, the recommended
Next- Best-Action might be to offer a credit card to a customer when they visit the home
page. But to meet a business goal, the Mortgage Line of Business favors a mortgage offer
even if that offer is ranked a little lower on the list of possible actions.

Consider an example where three actions are selected for arbitration. At the moment, only
the Propensity is used for prioritization.

Issues Groups Actions Propensity | Context Action | Business Priority
weighting  value levers

Sales Credit cards Gold 0.5 i 1 q 0.5
Card

Retention  Proactive 10% : 1
discount

Service Administrative  Address : il
change

Action arbitration with propensity before prioritization

The result of the arbitration is that the top action is the one with the highest Propensity.
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Issues Groups Actions Propensity = Context Action | Business  Priority
weighting  value levers

Retention Proactive 10% EHS 1 1 1 0.55
discount

Sales Credit cards Gold 0.5 0.5
Card

Service Administrative =~ Address 0.4 0.4
change

Action arbitration with propensity after prioritization

Examine what happens when Context Weighting together with Propensity are considered
for arbitration. For example, if the intent of a customer calling customer service is to change
their address, the Context Weight of a Service action increases.

Issues Groups Actions Propensity Context Action | Business Priority
weighting | value levers

Retention Proactive 10% 0.55 1
discount

Sales Credit cards Gold 0.5
Card

Service Administrative ~ Address 0.4
change

Action arbitration with context weight before prioritization

As a result, the Arbitration caters to the current need of the customer and presents a
Service action as the top action for the customer. Thus, the Arbitration caters to the current
need of the customer and presents a Service action as the top action for the customer.

Issues Groups Actions Propensity Context Action | Business  Priority
weighting | value levers

Service Administrative  Address § g 0.8
change

Retention  Proactive 10%
discount

Sales Credit cards Gold
Card

Action arbitration with context weight after prioritization

Consider another scenario in which a customer is eligible for two credit cards and two other
actions. Now, consider that the Action Value is also used in arbitration when prioritizing. In
this case, the Platinum Card is assigned a higher value by the business than the Gold Card.

35



Issues Groups Actions Propensity Context Business  Priority
weighting levers

Sales Credit cards Gold 0.6 1 1
Card

Sales Credit cards ENT T
Card

Retention  Proactive 10%
discount

Service Administrative  Address
change

Action arbitration with action value before prioritization

Thus, the arbitration selects the Platinum Card as the top action.

Issues Groups Actions Propensity Context Action | Business Priority
weighting  value levers

Sales Credit cards Platinum  0.55 1 2 1 14
Card

Sales Credit cards Gold 0.6 0.6
Card

Retention  Proactive 10% 0.2 0.2
discount

Service Administrative  Address 0.1 0.1
change

Action arbitration with action value after prioritization

Finally, consider an example in which all four parameters are used for arbitration. In this
case, U+ Bank wants to promote two new checking account offers under the Sales issue.
The bank sets a higher Business Lever value for the Checking Accounts actions.

Issues Groups Actions Propensity Context Action Business Priority
weighting value levers

Sales Credit cards Gold 0.6 1 1 1
Card

Sales Credit cards Platinum
Card

Sales Checking Premium
Accounts Checking

Sales Checking Student
Accounts Checking

Retention Proactive 10%
discount

Service Administrative  Address
change

Action arbitration with business levers before prioritization
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Although the Propensity of the Checking Accounts actions is low, they are selected as the
top actions due to their high Lever values.

Issues

Sales

Sales

Sales

Sales

Retention

Service

Groups

Checking
Accounts

Checking
Accounts
Credit cards
Credit cards

Proactive

Administrative

Actions

Premium
Checking

Student
Checking

Gold
Card

Platinum
Card

10%
discount

Address
change

Context
weighting

Business
levers

Action
value

0.55 1 1]

Propensity

Priority

0.5

0.6

Action arbitration with business levers after prioritization
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Next-Best-Action Designer
Introduction

Next-Best-Action Designer guides you through the creation of a Next-Best-Action strategy
for your business. Its intuitive interface, proven best practices and sophisticated underlying
decisioning technology enable you to automatically deliver personalized customer
experiences across inbound, outbound and paid channels. Next-Best-Action Designer is
organized according to the high-level sequence of steps needed to configure the Next-Best-
Action strategy for your organization.

Transcript

Next-Best-Action Designer guides you through the creation of a Next-Best-Action strategy
for your business. Its intuitive interface, proven best practices and sophisticated underlying
decisioning technology enable you to automatically deliver personalized customer
experiences across inbound, outbound and paid channels.

The Next-Best-Action Designer user interface allows you to easily define, manage and
monitor Next-Best-Actions.

The tabs across the top of the user interface represent the steps that need to be completed
to define Next-Best-Actions.

Use the Taxonomy component to define the business structure for your organization.
Use the Constraints component to implement channel limits and constraints.

Use the Engagement policy component to define the rules that control which actions are
offered to which customers.

Use the Arbitration component to configure how actions are prioritized.

Use the Channels component to configure when and where Next-Best-Action is triggered.

38



Next-Best-Action Designer & X

e Taxonomy e Constraints Engagement policy O Arbitration 0 Channels

Define your Next-Best-Action Set outbound channel limits and Capture business rules which define Prioritize actions based on customer Activate the channels and triggers
business structures and customer suppression policies when actions are appropriate relevance & business priority that invoke Next-Best-Action
states

Build customer lifetime value
with 1-to-1, intelligence-driven engagements

’

Define how you will engage with
customers

The system uses these definitions to create an underlying Next-Best-Action Strategy
framework. This framework leverages best practices to generate Next-Best-Action decision
strategies at the enterprise level. These decision strategies are a combination of the
business rules and Al models that form the core of the Pega Centralized Decision Hub,
which determines the personalized set of Next-Best-Actions for each customer.

Use the Taxonomy component to define the hierarchy of Business Issues and Groups to
which an action belongs.

Next-Best-Action Designer | Help & X
e Taxonomy e Constraints Engagement policy O Arbitration ° Channels
Define your Next-Best-Action Set outbound channel limits and Capture business rules which Prioritize actions based on Activate the channels and triggers
business structures suppression policies define when actions are customer relevance & business that invoke Next-Best-Action
appropriate priority

——
Taxonomy DevCo-Artifacts:01-01-01 Edited less than a minute ago by Seth Robinson { Delete ) (_ Actions ~ )

- Business structure

Issues / Groups Description Action naming
Acquire Customer acquisition

= Mortgage Home mortgage offerings for acquisition
== Cards Credit card offerings for acqusition Promotion
Retain Customer retention
= Mortgage Home mortgage offerings for retention
== Cards Credit card offerings for retention
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A Business Issue is the purpose behind the actions you offer to customers. For example,
actions with the purpose of retaining existing customers should be grouped under the
business Issue of Retention. Actions with the purpose of acquiring new customers belong to
the business Issue of Acquisition.

Business Groups are used to organize customer actions into categories. For example, as
part of the business Issue of Acquisition, you can create Groups for products like Credit
Cards, Mortgages, or Personal Loans, with the intention of offering these to potential
customers.

Use Constraints to specify outbound contact limits as well as to limit overexposure to a
specific action or group of actions.

Next-Best-Action Designer \ Help ) X

e Taxonomy e Constraints Engagement policy Arbitration ° Channels

Define your Next-Best-Action Set outbound channel limits and Capture business rules which define Prioritize actions based on customer Activate the channels and triggers
business structures suppression policies when actions are appropriate relevance & business priority that invoke Next-Best-Action

Constraints PegaCRM.Arcifacrs: 01-01-01 Editedless than 2 minute agoby COH Analyst m (Cactions v )
7| Customer contact limits (@
Channel Contacts per customer Duration
Email 2 Weekly
SMS 2 Weekly

] Contact policy library &

~ 7-day action impressions: Track Impressions for the action over the past 7 days

If there are 5 Impressions for Web treatments, suppress the action for 7 days

~~ 7-day group clicks: Track Clicks for all actions in the group over the past 7 days

If there are 5 Clicks for Web treatments, suppress the action for 7 days

A

Customer contact limits allow you to limit the number of interactions that a customer can
receive over a given period of time on a specific channel. For example, you can decide that
you do not want your customers to receive more than two emails per week or two SMS
messages per week.

On the Constraints tab of Next-Best-Action Designer, you can define more extensive
suppression rules by creating Contact Policy rules in the library. Contact Policy rules are
reusable across all Business Issues and Groups.

40



In the Contact Policy library, you define suppression rules that automatically put an action
on hold after a specific number of outcomes are recorded for some or all channels. For
example, an action can be suppressed for a customer for seven days after the customer
has seen an ad for that action five times. Suppressing or pausing an action prevents over-
exposure by limiting the number of times a customer is exposed to the same action.

Use Engagement policies to define when specific actions or groups of actions are
appropriate for customers.

Next-Best-Action Designer .: Help w & X
e Taxonomy e Constraints Engagement policy o Arbitration ° Channels
Define your Next-Best-Action Set outbound channel limits and Capture business rules which define Prioritize actions based on customer Activate the channels and triggers
business structures suppression policies when actions are appropriate relevance & business priority that invoke Next-Best-Action
Business structure Sales / CreditCards PegaCRM-Artifacts: 01-01-01 Edited less than a minute ago by CDK Administrat m \ petete ) (Cactions v ‘
Acquire
Engagement policy
Mortgage
: Cards I3 Eligibility @
Ret. (isCustomer is true)
etain and (Age is greater than 18)
= Mortgage
Applicability @
Cards 3 App y
(Has Cards is equal to N)
Sales
= CreditCards B suitability @
- Mortgage (CreditScore is greater than 500)

@ contact policy @
~ 7-day action impressions: Track Impressions for the action over the past 7 days
If there are 100 Impressions for Web treatments, suppress the action for 10 days

~ 7-day group clicks: Track Clicks for all actions in the group over the past 7 days
If there are 100 Clicks for Web treatments, suppress all actions in the group for 10 days

There are four types of engagement policies:

Eligibility determines whether or not a customer qualifies for an action or group of actions.
For example, an action may only be available for customers over a specific age or living in a
specific geographic location.

Applicability determines if an action or group of actions is relevant for a customer at a
particular point in time. For example, a discount on a specific credit card may not be
relevant for a customer who already owns a card.

Suitability determines if an action or group of actions is appropriate for a customer for
ethical or empathetic reasons. For example, a new loan offer may not be appropriate for a
customer whose credit score is low, even though it might be profitable for the bank.
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Contact Policies determine when an action or group of actions should be suppressed and
for how long. For example, you can suppress an action after a specific number of
promotional messages has been sent to customers. To activate Contact Policy rules created
in the library on the Constraints tab, add them to the Engagement Policy tab.

Arbitration determines how the Customer Decision Hub prioritizes the list of eligible and
appropriate actions that come out of each group.

Next-Best-Action Designer ( Help :. & X

e Taxonomy e Constraints Engagement policy Arbitration ° Channels

Define your Next-Best-Action Set outbound channel limits and Capture business rules which define Prioritize actions based on customer Activate the channels and triggers
business structures suppression policies when actions are appropriate relevance & business priority that invoke Next-Best-Action

Arbitration PegaCRM-Artifacts: 01-01-01 Edited 21 hours ago by CRM Decisioning Analyst m \: Actions ~ :w

Customer relevance Business priority

o . 9 : @ : @
Propensity Context weighting Action value Business levers

#* Propensity @

Apply propensity calculated only for actions

— Context weighting @
Keys value Issue / Group Weighting (+/-)

CallReason Enquire credit cards Sales / CreditCards 20%

(=] Action value @
Apply value for every action.

The factors weighed in arbitration are: Propensity, Context weighting, Action value, and
Business levers, each represented by numerical values. A simple formula is used to arrive at
a prioritization value, which is used to select the top actions.

Propensity is the likelihood of a customer responding positively to an action. This is
calculated by Artificial Intelligence (Al). For example, a click on an offer banner or an accept
of an offer in the contact center are considered positive behaviors.

Real-time contextual data is an important part of making highly relevant recommendations.
Context weighting allows you to assign weighting to a specific context value for all actions
within an Issue or Group. For example, if a customer contacts the bank to change their
address, the weight of the Service context will increase, and the highest priority action will
be to ensure that the relevant service is delivered to the customer.

Action value enables you to assign a financial value to an action and prioritize high-value
actions over low-value ones. For example, promoting an unlimited data plan might be more
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profitable for the company than a limited data plan. Action values are typically normalized
across Issues and Groups.

Business levers enable you to accommodate ad hoc business priorities by specifying a
weight for an action or Group of actions and/or its associated Business Issue.

Next-Best-Action Designer enables Next-Best-Actions to be delivered via inbound,
outbound and paid channels.

Next-Best-Action Designer [ Help :. & X
| eomne |

e Taxonomy e Constraints Engagement policy o Arbitration ° Channels
Define your Next-Best-Action Set outbound channel limits and Capture business rules which define Prioritize actions based on customer Activate the channels and triggers
business structures suppression policies when actions are appropriate relevance & business priority that invoke Next-Best-Action
Channels PegaCRM-Artifacts: 01-01-01 Ediced less than a minute ago by COH Administrate m (" cancel ) ( Actions~ )

& Call center [ @ ~ Email « 1 Mobile o« Other

=1 Paid [ @ ° Push notification « . Retail « L. sMms [ @

Web «

Triggers @

< Real-time containers @

Status Name Description Business structure level

[ acrive ] TopOffers Top Offers AllIssues / All Groups ~
[ acrive | MortgagesLandingPage Mortgages Landing Page Retain / Mortgage ~
[ acrive ] AccountCreditCards Account Credit Cards Sales / CreditCards ~

% Events(®

A £

These channels can be toggled on or off. If a channel is toggled off, the Next-Best-Actions
will not be delivered to that channel.

An external real-time channel is any channel that presents actions selected by the
Customer Decision Hub to a customer. These channels can include a website, or a call-
center or mobile application. A real-time container is a placeholder for content in an
external real-time channel.

A trigger is a mechanism whereby an external channel invokes the execution of a Next-
Best-Action decisioning process for specific Issues and Groups. The result will be delivered
back to the invoking channel. For example, when a real-time container called “Mortgages
Landing Page” is configured, the website invokes this real-time container before loading the
mortgage page.
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As you have seen in this video, Next-Best-Action Designer is organized according to the
high-level sequence of steps needed to configure the Next-Best-Action strategy for your
organization. These steps involve:

« Defining the business structure for your organization

+ Implementing the channel limits and constraints

+ Defining the rules that control which actions are offered to which customers
« Configuring how actions are prioritized

+ Configuring when and where Next-Best-Action is triggered
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Creating and understanding decision
strategies

Description

Next-Best-Action Designer provides a guided and intuitive Ul to bootstrap your application
development with proven best practices that generate the underlying strategies for you.
These strategies can be customized using designated extension points or by building
decision strategies from scratch, depending on the business requirement.

Learning objectives

e Describe how decision strategies are used in the Next-Best-Action strategy
framework

e Explain the decision strategy canvas and its building blocks
e Create decision strategies from scratch

e Explain what's going on inside each component when a decision strategy is executed

45



Decision strategies
Transcript

Next-Best-Action Designer guides you through the creation of a Next-Best-Action strategy
for your business. Its intuitive interface, proven best practices and sophisticated underlying
decisioning technology enable you to automatically deliver personalized customer
experiences across inbound, outbound and paid channels.

The Next-Best-Action Designer user interface allows you to easily define, manage and
monitor Next-Best-Actions.

Next-Best-Action Designer X

e Taxonomy e Constraints Engagement policy O Arbitration ° Channels

Define your Next-Best-Action Set outbound channel limits and Capture business rules which define Prioritize actions based on customer Activate the channels and triggers

business structures and customer suppression policies when actions are appropriate relevance & business priority that invoke Next-Best-Action
states

Build customer lifetime value

with 1-to-1, intelligence-driven engagements

’

Define how you will engage with
customers

As you use the Next-Best-Action Designer user interface to define strategy criteria, the
system uses these criteria to create the Next-Best-Action Strategy framework. This
framework leverages best practices to generate Next-Best-Action decision strategies at the
enterprise level. These decision strategies are a combination of the business rules and Al
models that form the core of the Pega Centralized Decision Hub, which determines the
personalized set of Next-Best-Actions for each customer.
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If you want to modify the strategy later, you can do that from Next-Best-Action Designer’s
simple and transparent interface.

The strategy framework is applied to all relevant Actions and Treatments after you define a
Trigger in the Next-Best-Action Designer Channels tab.

Each Trigger generates a strategy that first imports the Actions from the appropriate level
of the business structure and then applies the Eligibility, Relevance and Suitability rules.

Proposition import

Cashback2
Cashback2

Proposition
Data

pylsActive check Eligibility

proposition filter (
generated from
Condition builder)

Cashback2 Cashback2

o i NBA Bedford
N GreenDrago... N GreenDrago...
Fiter Fitter

Relevancy Suitability Contact Policy
proposition filter ( proposition filter ( proposition filter (
generated from generated from generated from

Condition builder) Condition builder) Cendition builder)

Cashback2 Cashback2 Cashback2

7 [ v [ PF_Bedford G
N reenDragon... N reenDragon... N reenDragon...
Fitter Filter Fiter

<No decision> <No decision>

Best Result Q
t »
(

The strategy then passes these results to the strategy framework for processing.

alE:

Accounts

~ i Subscribers

. NBA

TopLevel

Imports <All> from

NBAP_TopLevel and sats pyGr...

NEA é\ Best Result
R suratery e o
Framew... Property
Imperts <All> from
NBAStrategyFramework
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There are several extension points within the framework. An extension point is an empty
rule or activity that is intended to be overridden to meet the specific needs of the
application. When building an implementation of the current framework, the decision
strategy designers must override the empty activity with a functioning interface to their
customer master file.

This is the NBA framework strategy when applied to each of the Actions.

spE

c O o000 © B FoOor &8 ©
B o = 4

The first component within the strategy framework is an extension point for any Action pre-
processing you might need to perform.

Apply Constraints:
Define limit (max. time
Actions imported Customer Journey period) for each
with Engagement State (Filter offers outcome
Policies applied not relevant to Policy assigned at
(pylsActive current customer Action level
Eligibility state) *tag offer Handle default
Relevancy with states; track Don't apply for
Suitability... customer state Transactional actions

Pre- Customer
Processin Journey
g exten... States

The last functional component within the strategy framework is another extension point
for any post-processing that must be performed.
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Return defaults
when NBA is
turned off.

=

»

NBA Kill NEBA Post Best Result
switch — -Process — > Results
extensi... ﬂ
ng P fro Does not set any properties yet
NBA
strateg...
s

Similarly, there are many other extension points such as the outbound limits extension
points and business value extension points.

To ensure upgradeability, avoid overriding any part of the framework that is not a
designated extension point.

Also, the generated framework has some extension points where you can create strategies.
For example, while configuring values for Arbitration, you can specify a business value for
an Action, or you can use a strategy to calculate the value. This can be done by adding a
strategy to the existing framework.

Similarly, in defining the engagement rules, you can use a new strategy as a definition
instead of an existing condition. Strategy designers can create such strategies from scratch

using the decision strategy canvas.

Or, while defining the suppression rules, you can add a strategy to define new suppression
rule limits instead of the existing 7 or 30 days.

For example, in the screenshot below, the CheckSpecificChannelLimits rule has been
extended to have a 15-day limit:
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CheckSpecificChannelLimits] LAEHELI L) |

M-Data-Customer ~  ID CheckSpecificChannelLimits RS PegaCRM-Artifacts:01-01-01

This record has 1 infowarning ( View )

Strategy Properties Test Cases Pages & Classes  Specifications  History

.- ¥ \ @ B B W $2 m Show optimization

In conclusion, the NBA Designer provides a guided and intuitive Ul to bootstrap your
application development with proven best practices. NBA designer generates the
underlying strategies for you, which can be extended using existing values in the
designated extension points or by building decision strategies from scratch, depending on
the business requirement.
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Decision strategy canvas
Introduction

Decision strategies drive the next best action and comprise a unit of reasoning represented
by decision components. You use the Proposition Data component to import actions into a
strategy canvas. The sequence of the components in the canvas determines which action is

selected for a customer.

Click the Play button to learn more about decision strategies.

L% PEGA Academy

Introduciny ’
Strategy Caiivas

Screen1: U+ business scenario

U+, a telecom organization, wants to promote two new phones in the contact
center: iPhone and Galaxy. Click the + icons to learn more about the elements of a decision

strategy that is created for this requirement.
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Decision Components: A decision strategy is comprised of building blocks called decision
components. You can add and connect components to implement the business
requirements.

Arrows: An important element of the strategy canvas is the arrow. An arrow connects two
decision components. A solid line means the data is copied from one component to
another.

Strategy Canvas: In Pega, business users visually design decision strategies on what is
known as a strategy canvas.

Screen2: Proposition Data component

The Proposition Data decision component imports the properties of an action. The result of
this component is a flat list of all the properties.

Click the + icons on the proposition components to examine the components’ results.

Proposition Data

Proposition Data
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iPhone: This Proposition Data component outputs the Price and the Cost properties of the
iPhone action.

Name: iPhone
Price: 150
Cost: 100

Galaxy: This Proposition Data component outputs the Price and the Cost properties of the
Galaxy action.

Name: Galaxy

Price: 250

Cost: 150

Screen3: Results component

Another decision component is the Results component. Each strategy always contains one
Results component, which defines the output of the decision strategy.

==

Results

Results

o

How many actions do you think this strategy outputs?
0

1
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Feedback: Because both iPhone and Galaxy are connected to the Results component with a
solid arrow line, this decision strategy outputs two actions.

Dynamic pricing

U+ Bank wants a dynamic Price for all offered actions. If the Customer value of a customer
is higher than 60, the bank wants to offer a 10% discount to the customer.

To meet the new requirement, you must enhance the existing strategy to set the value of
the Price based on Customer value. Changing the Price dynamically based on the Customer
value makes the pricing customer-centric.

Set Property component

The Set Property component is used to dynamically alter the value of an action property
based on a customer property. You use this component to set values to properties that are
output by the strategy.

You can set properties to a constant or calculated value.

Set Property

= Dynamic m
2 —>
Price

Example
Consider two customers: Sofie and Lily with customers value 35 and 65 respectively.

In the center of the following image, slide the vertical line to see how Sofie and
Lily's Customer value affects the Price of the action offered to them.
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S

First name: Sofie
Customer value: 35

P

Price: 200 Set Property

Set Dy_nam|c N
Price

The Customer value is not
greater than 60
So Price set is equal to Price

Price: 250 iPhone Price: 200

Results

Name: iPhone
Price: 200

Name: Galaxy
Price: 250

Galaxy Price: 250

First name: Lily
Customer value: 65

Price: 200 Set Property

Set Dy_namlc s
Price

The Customer value is

greater than 60

So Price set is equal to

Price - (10% of Price)
Price: 250

iPhone Price: 200 - 20

Galaxy Price: 250 - 25
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Results

Name: iPhone
Price: 180

Name: Galaxy
Price: 225




Action ranking
U+ wants to offer the most profitable action to its customers.

To enhance this strategy based on the new requirement, you need a new decision
component that can rank the actions based on Profit and select the highest ranked action.

Profit is calculated based on Price and Cost action properties.
Prioritize component

The Prioritize component is a decision strategy component used to rank actions. The
Prioritize component is also used to select the top 1, top 2, or arbitrary top-n actions.

Click the Play icon to learn more about action ranking in detail with the help of a sample
strategy.

/& PEGA Acaden

Action Re >

Interactive Video

Screen 1:

The initial strategy outputs price, cost and the profit calculated by the Set Property
component. Click Add Prioritize to add the Prioritize component to the strategy.
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Calculate Profit %m

Profit=Price-Cost Name  Price Cost Profit
iPhone | 150 100 | 50

Galaxy | 250 150 | 100

Add Prioritize

Screen 2:

The Prioritize decision component can perform two operations: rank actions based on an
expression, and select the highest ranked action. Click Rank actions to see how the

component rank the actions.

iPhone
Prioritize
Select Action with
Calculate Profit g
Highest Profit
/ Profit=Price-Cost 1. Rank actions on Profit E oo o= S e
yd 2. Select the highest ranked

Galaxy action iPhone | 150 100 | 50

Galaxy | 250 150 | 100

Screen 3:

Once the actions are ranked, the prioritize component selects the highest ranked action.

Click Select highest to see the action selected.
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N\ Prioritize
. Select Action with
Calculate Profit g ) .
Highest Profit
Profit=Price-Cost 1. Rank actions on Profit — SV e e e—
2. Select the highest ranked
action iPhone | 150 | 100 | 50 2
Galaxy | 250 | 150 | 100 |1
N Prioritize
. Select Action with
Calculate Profit gmeg . .
Highest Profit
Profit=Price-Cost 1. Rank actions on Profit I [ P e —
2. Select the highest ranked
action iPhone | 150 | 100 | 50 2
Galaxy | 250 [ 150 [ 100 |1 l’
N Prioritize
. Select Action with
Calculate Profit gues . .
Highest Profit
Profit=Price-Cost 1. Rank actions on Profit r— EYSEN S S —
2. Select the highest ranked
action Galaxy | 250 | 150 [100 |1

iPhone | 150 100 | 50 2

Select highest

Screen 4:

You can see that the output of the result component is the highest selected action: Galaxy
with a profit of 100.
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Prioritize

Calculate Profit —> Selgct et “{'th m
Highest Profit

/ 1. Rank acti Profit
Profit=Price-Cost anicactions on Frof Name  Price Cost Profit

2. Select the highest ranked
action Galaxy | 250 150 | 100

Quiz

Examine this strategy and then answer the following question to check your knowledge on
action ranking.

.

Price=$900; Cost=%800

&
: Select Action with
Calculate Profit Ees ; ;
Sony - il Highest Profit

Price=$1000; Cost=$850 ' Prafit=FPrice-Cost

Panasonic

Price=$700; Cost=$500

What does the Results component of the strategy contain?
Sony with profit 150
LG with profit 100

Panasonic with profit 50

Feedback: The Prioritize decision component ranks the actions and selects the highest

ranked action. Hence, the Results component of the strategy contains Sony with a profit of
150.
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Creating a decision strategy
Introduction

Decision Strategies drive Next-Best-Action. They comprise a unit of reasoning represented
by decision components. How these components combine determines which action will be
selected for a customer: the Next-Best-Action. Learn the type of decision components and
how they are used to create decision strategies. Gain hands-on experience designing and
executing your own Next-Best-Action decision strategy.

Transcript
This demo will show you how to create a new decision strategy.

It will also describe three important decision components and the types of properties
available for use in expressions during strategy building.

In this demo you will build a Next-Best-Label strategy. The Next-Best-Label strategy is a
sample strategy, used to illustrate the mechanics of a decision strategy.

Start by creating a new strategy from scratch.
Decision strategies output actions, utilizing the so-called Strategy-Results class.

The Strategy-Results class limits the output of the strategy to the actions contained in the
Business issue and Group.

The strategy you build will select a Label action from a set of predefined actions. The Label
action selected will be the one with the lowest printing cost.

Notice that the complete definition of the Next-Best-Label strategy needs to include a
reference to the PegaCRM-Data-Customer class.

This is the ‘Apply to’ class and it indicates the context of the strategy.

It ensures that from within the strategy, you have access to customer-related properties
such as Age, Income, Address, Name, etc.

Apply to =

PegaCRM-Data-Customer p

You can now start building the strategy. Right-click on the canvas to get the Context menu,
which shows all component categories.

The first component to add is an Import component.
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By expanding the Import category, you can see the Import component types available.

In this case you need a Proposition Data component to define the actions that will be
considered by the strategy.

® Syb strategy >
B import > E Data import
Business rules > N
\ Proposition data I
Decision analytics 7
B Enrichment S Interaction history summary
B Arbitration > Interaction history
B Sselection >
B Aggregation >

Now you need to configure the component. First, right-click to open the Proposition Data
properties panel.

Notice that the Business issue and Group are grayed out.

This cannot be changed because the Enablement Business issue and Labels Group have
already been selected for this decision strategy.

By default, the strategy will import all actions within that Group, unless you select a specific
action.

For this component, you only want to import the Green Label, so let's select that.

Selecting the action from the drop-down menu automatically gives the component the
appropriate name.

The description, which will appear under the component on the canvas, will also be
generated automatically.

If you want to create your own description, you can do so by clicking the ‘Use custom’ radio
button.

Now you want to import a second action into the strategy. You can use the Copy and Paste
buttons to quickly add more Proposition Data components to the canvas.

You can use Alignment Snapping and Grid Snapping for easy placement of the components.

By turning these off, you can place a component anywhere on the canvas, but it makes it
more difficult to align the shapes.
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Now you need to add the next component in the strategy, which is an Enrichment
component called Set Property.

You can add this component to the canvas by selecting it from the component menu.
Next, connect it to the Proposition Data components.

Ultimately, the result of this strategy should be the Label action with the lowest printing
cost.

This printing cost is the sum of a base printing cost, which is specific to each label, and a
variable cost, which depends on the number of letters.

The Set Property component is where you will calculate the printing cost for each of the
actions.

The information in the ‘Source components' tab is populated automatically by the
Proposition Data components connected to this component.

Notice that the Black Label action is in the first row.
On the Target tab you can add properties for which values need to be calculated.

Click ‘Add Item’ to create the equation that will calculate the printing cost for each of the
components.

Begin by setting the Target property to ‘dot’ PrintingCost.

In Pega, all inputs begin with a dot. This is called the dot-operator and it means that you are
going to use a strategy property.

The PrintingCost property is a new strategy property that does not yet exist.

To create the new PrintingCost strategy property, click on the icon next to the Target field.

Target
.PrintingCost @
8 L

By default, the property type is Text. In Pega, there are various types supported. In this
case, the PrintingCost is a numeric value, so change its type to Decimal.

Next, you need to make PrintingCost equal to the calculation you create. To create the
calculation, click on the icon next to the Source field.
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Using the Expression builder, you can create all sorts of complex calculations, but in this
use case, the computation is very basic.

PrintingCost should equal BaseCost + 5 * LetterCount.

To access the BaseCost you type a dot. Notice that when you type the dot, a list of available
and relevant strategy properties appears.

This not only makes it easy to quickly find the property names you're looking for; it also
avoids spelling mistakes.

In a decision strategy, you have two categories of properties available to use in Expressions.
The first category contains the strategy properties, which can be one of two types.

An Action property is defined in the Action form. Examples are the BaseCost and
LetterCount properties you are using here.

These properties have a value defined in the Action form and are available in the decision
strategy via the Proposition Data component.

The property values can be overridden in the decision strategy but will often be used as
read only.

The second type of strategy property is a calculation like the one you just created,
PrintingCost. Such calculations are often created and set in the decision strategy.

These types of properties are either used as transient properties, for temporary
calculations, or for additional information you want the strategy to output.

The second category contains properties from the strategy context, also called customer
properties.

Suppose you want to use a customer property in your Expression, such as Age or Income.
In that case, you would have to type the prefix ‘Customer dot’, instead of just dot.

This is the list of available properties from the strategy context, also known as Customer
properties.

For now, you calculate the printing cost for each action that does not use customer
properties.

Finalize the Expression.

Expression builder Browse

.BaseCost + 5 # _lLetterCount
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Even though you used the dot-operator to build your Expression, it's best practice to
validate it, so click Test.

If the Expression isn't valid, you will receive an error message on screen.

On the canvas, you can see the automatically generated description for the component:
Sets PrintingCost using BaseCost and LetterCount.

Set Printing

@ Cost
Set

Now you want to ensure that the actions will be prioritized based on the lowest printing
cost. So, you need to add the Prioritize component from the Arbitration category.

The prioritization can either be based on an existing property, or it can be based on an
equation. Let’s select an existing property using the dot construct.

Here you can select the order in which the top actions are presented. Since you are
interested in the lowest printing costs, configure it accordingly.

You can also select the number of actions that will be returned by the strategy.

If you want to output only one label, select Top 1 here.

Expression#* .PrintingCost

Order by
Highest first (9 to 1)

o Lowest first (1 to 9)

Output

o Top 1

All

Now you can connect the components and save the strategy.
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Nlr Green Label

from T Set Printing Prioritize on
‘\
'\3_’ Cost R "* Printing Cos... »
set Prioritize
i Froperty
" Bas \d Letter cenc ng )

Black Label

To test the strategy, first check it out. Then, expand the right-hand side test panel and click
‘Save & Run’ to examine the results.

You can view results for any of the components by selecting that component.
If more than one action is present, each one is presented as a Page.

For the Set Property component, the Results contain a page for the Black Label and one for
the Green Label.

For the Black Label the PrintingCost is 70.

For the Green Label the PrintingCost is 60.

On the canvas, you can show values for strategy properties such as Printing Cost.

For this exercise, you execute this strategy against a Data Transform called UseCase1.

If you open UseCase1, you can see the customer data the strategy uses when you run it.

To test the strategy on a different use case, you can create a Data Transform with different
properties.

You can also select a Data Set that points to an actual live database table.

This demo has concluded. What did it show you?
- How to create a decision strategy from scratch.
- How to configure Proposition Data, Set Property and Prioritize decision components.
- How to build expressions in strategies.
- The two categories of properties available for expressions.

- How to test a decision strategy using a use case stored in a data transform.
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Decision strategy execution
Introduction

Using Pega Decision Management, you do not need to be an expert in programming, math
or data science to design and execute sophisticated decision strategies that engage your
customers throughout the customer journey. With its highly intuitive graphical canvas, Pega
Decision Management enables you to easily embed Pega or third-party predictive models
into your decision strategies. The result is customer-centric interactions that improve the
customer experience while increasing customer value, retention and response rates.

Transcript
This demo explains what's going on inside each component when a Decision Strategy is
executed.

For example, what happens ‘under the covers’ when a Filter component is executed, and
how does it interact with the components around it?

In the interest of keeping it simple, this example is limited to four actions. In reality,
decision strategies will involve many more actions than that.

4 Green Label

3 Black Label

E Red Label
E Blue Label

Here are our 4 actions: ‘Green Label’, ‘Black Label’, ‘Red Label’ and ‘Blue Label’; they are
represented by a Data Import or, more specifically, a Proposition Data component.

In this example, the Proposition Data components import three data properties for each
action: Name, BaseCost and LetterCount.

67



Green Label
‘Rank ‘Name |BaseCust |LetterCount |
[1 |Green Label |10 |10 |
l Black Label
'a ack Labe
Proposition
D

. Red Label
D

3 Blue Label
=

The first action’s Name is Green Label, its BaseCost is 10, and its LetterCount is 10.

Likewise, the other actions have a Name, BaseCost and LetterCount.

Green Label
‘Rank ‘Name ‘BaseCust ‘I.etterCount ‘
[1 |Green Label |10 l10 |
“‘ Black Label
= |Rank |Name |BaseCost |LetterCuunt |
Praposi [1 |Black Label |20 [10 |
D
Red Label
‘Rank ‘Name ‘BaseCust ‘LetterCDunt ‘
[1 |Red Label |30 s |
n-t-
Blue Label
‘ Rank ‘ Name ‘ BaseCost ‘ LetterCount
Propesiton [1 |Blue Label |40 o |

One property is automatically populated for you; this is the Rank. We will come back to this
later, but notice that, as separate components, each action has a Rank of 1.

§

On the strategy canvas, components are connected by drawing arrows from component to
component. So, what do these arrows mean exactly?
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3 Green Label
-]

Proposition

bel from

,
=
Proposition

Da

I kLab

Black Label Set Printing

Bs

Well, when you draw an arrow, what happens is that, at runtime, all information in the
component you're drawing the arrow from is available as a data source to the component
you're drawing the arrow to.

So now, the Name, BaseCost and LetterCount for all of the actions are available in a single
Set Property component.

The only data element that changes is the row number, or as we call it in the strategies, the
Rank. In each decision component, the Rank value is automatically computed.

Green Label

3
=

Black Label Set Printing

Cost

Rank Name BaseCost |LetterCount
1 Green Label |10 10

r 7 2 Black Label 20 10

— 3 Red Label |30 8
4 Blue Label 40 9

3t

»rts RedLabel from
nen bels P
] Blue Label
-]
Proposition
Da

Enablement, Labels

In the Set Property component, the Rank is determined by the order in which the actions
are received by the component.
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As a result, in this instance, the Green Label action has a Rank of 1, Black has a Rank of 2,
Red has a Rank of 3, and Blue has a Rank of 4.

Ultimately, you want to select the best Label action. That is the Label with the lowest
printing cost.

The printing cost of a Label is the sum of the BaseCost and a variable cost based on the
LetterCount.

You configure the Set Property component to compute the printing cost of each Label
action.

Green Label

.

e “

Black Label

Set Printin
> @ Cost :
Set .PrintingCost = .BaseCast + 5 * .LetterCount
Red Label \%
Rank Name BaseCost |LetterCount |PrintingCost
1 Green Label |10 10 60
2 Black Label 20 10 70
ik a 3! Red Label 30 8 70
Blue Label 4 Blue Label |40 9 85

Because we are combining the data in our four Proposition Data components into one Set
Property component, we only need to add one PrintingCost property to the new
component, and it automatically computes the printing cost for all four actions.

For the Green Label action, PrintingCost equals a BaseCost of 10 plus 5 times the
LetterCount of 10 which equals 60.

Similarly, the PrintingCost for the Black and Red Label actions is 70, and for the Blue Label
action is 85.

Now, let’s say the business rule is to select only Label actions with a printing cost lower than
the average printing cost of all labels. For this requirement we use a ‘Group by'/Filter
component combination.

A‘Group by’ component offers essential aggregation capabilities, like Sum and Count, that
are used in many decision strategies. We will use it to calculate the average printing cost.
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U
=
Proposition

Green Label

enLabe

Label

Set Printing Below
Cost I Y Average
‘ Fllter

P . Average
k. @ Printing Cos... , ! Rank Sum Count Average
elffom Group By 1 285 q 71
4 Blue Label ost using
1= : Rank Name BaseCost |LetterCount |PrintingCost
e 1 Green Label |10 10 60

m 2 Black Label 20 10 70
Enab 3 Red Label 30 8 70
4 Blue Label 40 9 85

Again, we have our set of actions, each with their own specific PrintingCost value. The
‘Group by’ component combines all actions into one row. How does that work?

Well, it sums the PrintingCost values for all the actions, it counts the actions, and it
calculates the average printing cost by dividing the summed printing cost by the count.

In this example, the sum of the PrintingCost values is 285, and the count of the actions is 4,
so the average printing cost is 71.

LBl Green Label
e
P ion
[

i

mports

Greenlabel

OO Glack Label
<!

Below
Average

Set Printing
Cost

.PrintingCost < AveragePrintingCost.Average

v i
e Average
i, 3 Printing Cos... , ! ‘Rank |5um |Cnunt |Average
abelfrom Group By [1 |285 |4 |71 |
Blue Label Set ost using

= B
- o Rank Name BaseCost |LetterCount |PrintingCost

Data 2k Green Label |10 10 60

M 2 Black Label 20 10 70
: 3 Red Label 30 8 70

i

Now that you have calculated the average printing price using a ‘Group by’ component,
configure the Filter component to filter out actions that have a printing cost equal to or
higher than this average.

So far in this strategy, we've seen only the solid line arrows, which copy information from
one component to another. But now we also see a dotted line arrow.
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This tells us that a component refers to information in another component.

Here, the Filter component is referencing the average printing cost that exists inside the
Aggregation component. This is an important capability to understand.

The Filter component filters out actions when the printing cost for that action is equal to or
above the average printing cost and propagates the other actions.

First, via the solid arrow, the filter looks at the actions sourced from the Set Property
component.

Then, it applies the filter condition, which references the average printing cost in the ‘Group
by’ component via the dotted arrow.

The Filter Condition in the Filter component is the Expression: 'dot PrintingCost is smaller
than AveragePrintingCost dot Average'.

By using this ComponentName dot Property construct, any decision component can be
referenced by any other component by name.

Important to note that the Filter component lets actions through when the condition
Expression evaluates to true and filters out actions when the condition Expression is not
met.

When you refer to a component, you always refer to the first element in the component,
the one with Rank 1.

In this case, you are referring to the one and only row in the ‘Group by’ component, which
naturally has Rank 1.

The Rank 1 average equals 71 in the ‘Group by’ component. This means that the filter will
allow Label actions through that have a printing cost lower than 71.

By this standard, the printing cost of the Blue Label action is too high, so it is filtered out.
The printing cost of the other Label actions are below 71, so they survive.

The result is that the table contains three surviving actions: Green Label with Rank 1, Black
Label with Rank 2, and Red Label with Rank 3.

The next component is a Decision Table. A Decision Table in Pega is an artifact that can be
used to implement business requirements in table format.

In a Decision Table, the business rules are represented by a set of conditions and a set of
Return values.
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Green Label
Black Label

Red Label
Blue Label

The Decision Table receives information about the remaining actions via the solid arrow

Set Printing

.
"' Cost
m

l“!’

¥
Average

Group By

from the Filter component.

The business criteria say that the Red Label action can be offered if the customer’s age is
over 30 and they are from any region. If these criteria are met, the Return value is ‘Proceed'.

The Decision Table also says that the Green Label action can be offered to anyone in the
Southern region. So, if the Region value is South, the Return value for Green is ‘Proceed".

Printing Cos...

.

Below
Average

Q BusinessRules
" [Name Age
o [Red Label  [>30

Region Return
Proceed
Green Label South Proceed
Black Label |>18 Proceed
Otherwise Stop

The Black Label action can be offered to anyone over the age of 18.

But in all other cases, or, Otherwise, no Label action meets the criteria, and the Return

value is ‘Stop'.

As an example, consider a customer with Age 27 and Region South.

Green Label

Data

7 Black Label
e
Proposition
Data
Red Label
Dll.
E Blue Label

Set Printing
Cost

&

Set

>

v

Average

Printing Cos...

.

Customer

Age [27
Region ‘SOUth
Below Q BusinessRules
Average > i .
Filter LT [Name Age Region Return
Ui [Red Label  [>30 Proceed
: Green Label South Proceed
Black Label |>18 Proceed
Otherwise Stop
Rank Name BaseCost |LetterCount |PrintingCost |Segment
1 Green Label |10 10 60 Proceed
2 Black Label 20 10 70 Proceed
3 Red Label 30 8 70 Stop
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Now, the Decision Table applies the business criteria for each action against the customer
information and returns a value. The value returned by a Decision Table is also called a
Segment.

The Decision Table checks the Green Label action with Rank 1 first, and in this case, it can
proceed because the customer’s Region is South.

Next, it looks at the Black action and sees that the criteria for Black is that the customer’s
age is greater than 18. This customer is 27.

Black doesn't care about the Region, so the Segment value for the Black action is ‘Proceed'.

Finally, it looks at the Red action, and the Age criteria don’t match up, so the Segment value
for Red is 'Stop’'.

The result of the component is that you get a new segmentation column that flags which of
the actions comply with the business rules.

You're now going to filter out the actions that do not match the business rules. This
happens in the ‘Segment Proceed’ Filter component.

Green Label
nm
Black Label . Set Printing
‘-' Cost
Dm
d Stqp segments

Red Label r '
v v
@ Average : Y Segment
“'“ Printing Cos... , ... Proceed
Filter

= Segment = "Proceed"”

Blue Label HeE MR Ap RGO LINN ters on .pxSegm
Rank Name BaseCost |LetterCount |PrintingCost [Segment

1 Green Label |10 10 60 Proceed
2 Black Label 20 10 70 Proceed

Below B BusinessRules
A==

(

Average

Again, via the solid arrow, the strategy copies the data over from the Decision Table
component into the Filter component.

Now each action has a Rank, Name, BaseCost, LetterCount, PrintingCost and Segment. The
filter condition is applied to this data.

The filter condition says: allow this action through if the Segment value equals ‘Proceed'.

What this Filter component now does is go through the list of actions to find the actions
with value ‘Proceed’ in their Segment property.
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First is the Green Label. Green is allowed through, which means its properties will be
available in the new component.

Then the Black Label. It is also allowed through because it also has ‘Proceed’ in its Segment
property.

But the Red Label action is not allowed through, because Red has ‘Stop’ in its Segment
property. Therefore, Red is not part of the output.

The strategy so far has selected two of our original actions, Green and Black.

Now, in the Adaptive Model component, you will use predictive analytics to determine the

propensity of each of the remaining actions.

LS Green Label

3 Black Label
= =)
= RS
Proposition Set
Data Property
: ¥ Sets SPnt

-
Set Printing

Below
Cost Y Average
Filter

LBl Red Label
-
Proposition
Data

v
Average
Printing Cos...

&

Group By

B Blue Label
=

Proposition
Data

Y
Segment
Proceed

L BusinessRules

Customer

Age

[27

Region

|South

Propensity to
Accept

Rank Name

BaseCost

LetterCount

PrintingCost

Segment

Propensity

1l Green Label

10

10

60

Proceed

0.5

2 Black Label

20

10

70

Proceed

0.6

Propensity is the probability that a customer will accept an action, or, their likelihood of
interestin it.

In order to calculate the propensity, we use an Adaptive Model component. The referenced
model is configured to monitor customer characteristics such as Age and Region.

In this case our test customer has an Age of 27 and is from the South Region.

Again, just to keep it simple, we are using a model that makes predictions based on only
this information. In reality, models will take into account many more properties.

The Adaptive Model determines the propensity.

First, we supply the action and the customer profile to the Adaptive Model, and the model
says: ‘Oh, it's the Green Label action; we have some evidence that young people like the
Green Label action, but people from the South don't like it.’

Combining both factors, we get an overall propensity of 0.5 for the Green Label action.
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For the Black Label action, the likelihood turns out to be 0.6.

After consulting the Adaptive Model, the Propensity to Accept component sets the
Propensity property value for each action.

Remember, the propensity is always a number between zero and 1.

It shows something along the lines of, half of the customers that are like this customer
accepted the Green Label action in the past, and 3 out of 5 customers like this customer
accepted the Black action last month.

The next component in our chain, called Best Label, is the Prioritize component. This
component determines the priority of each action and ranks them. Let's see how this
works.

U Green Label Customer
-
Age [27
Proposition Z
Data Region |South
OOl Glack Label S 2 Bl Bel . [ Rul P
lack Label ~ et Printing elow e usinessRules ropensity to
la » @' Cost — Y Average N v Accept
Data Property Table
t BtterCount A or d stdp segr
Ll Red Label 7
= ' ' '
Proposition e Bl Average Segment Best Label
Data / Printing Cos... , Proceed
'a' i Sl o 1 Priority = Propensity / PrintingCost * 100
Propesition
Data
Rank Name BaseCost |LetterCount |PrintingCost |Segment Propensity |Priority
1 Black Label |20 10 70 Proceed 0.6 0.86
2 Green Label |10 10 60 Proceed 0.5 0.83

A key element of this component is the priority Expression, which calculates a priority value
for each action. According to this Expression, the higher the value, the higher the priority
and rank.

In this case, the priority calculation weighs likelihood of acceptance in its equation:
‘Propensity divided by PrintingCost times 100'.

When performing this calculation on the Black Label action, we can see that it has a
PrintingCost of 70 and a Propensity of 0.6, therefore its Priority is 0.86.

The Green Label action has a lower PrintingCost and a lower Propensity, resulting in a
Priority of 0.83.

Because 0.86 is higher than 0.83, the Black Label action is now ranked number one.

So, even though the printing cost of the Black Label action is higher than that of the Green
Label action, the Black Label action still comes out on top.
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In this case, the Priority component reversed the Ranks of the two actions. Black is now the
primary action and Green is the secondary action.

The same Prioritization component is also configured to output only the top action.

Therefore, it filters out the Green action altogether, and at the end of our strategy chain,
the Black Label is left as our best action.

o T Customer
=& reen Label A |27
Region |South

? Below BusinessRules Label Model
e Average > é
] Fiter

~

//I : v _ ¥ et
% 5 Average ? Segment Best Label
e 5 o Printing Cos... , ... Proceed
g Sy Fiter
O Blue Label S Arrageco usrg: rpr— o v |
Propasition
- el frof

‘Rank |Name |BaseCos‘t ‘LetterCount ‘PrintingCnst ‘Segment ‘Pmpensity ‘Priority ‘
[1 |Black Label |20 |10 |70 |Proceed  [0.6 lo.86
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Creating predictions

Description

Predicting customer churn is one among many business use cases involving predictive
models. Pega Customer Decision Hub™ uses predictions that use predictive models to
improve one-to-one customer interactions. Learn how to create a new prediction in
Prediction Studio and use the new prediction in an engagement strategy.

Learning objectives

e Create a new prediction that uses a predictive model

e Use a prediction in an engagement strategy
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Creating a prediction
Introduction

Acquiring new customers can be more costly than retaining current customers. U+ Bank
uses Pega Customer Decision Hub™ for their customer engagement and wants to reduce
the churn rate. Learn how to create a new prediction in Prediction Studio that calculates the
likelihood that a customer might churn in the near future.

Transcript
This demo shows you how to create a new prediction in Prediction Studio. Predictions
combine predictive models and best practices in data science.

U+ Bank uses Pega Customer Decision Hub™ to personalize the credit card offered to
customers on their website. If a customer is eligible for multiple offers, artificial intelligence
(Al) decides which offer to show. For customers that are likely to leave the bank soon, the
bank wants to make a proactive retention offer instead of a credit card offer.

The bank has recorded historical churn data for its customer base, and a data scientist used
this data to create a predictive churn model. With this model, you create a prediction to use
in Customer Decision Hub to display a retention offer to customers with a high churn risk
on the website. Predictions are managed in Prediction Studio.

PREDICTION STUDIO Application: MLOverlay

Predictions

Test1 Predict churners

QOpen prediction : Qpen prediction

You can create three types of predictions. To improve customer engagement with retention
offers, choose Customer Decision Hub. Predictions for case automation and text analytics
are also available.

To create a prediction that aims to calculate the likelihood that a customer might churn, set
the outcome to Churn and the subject of the prediction to Customer. Notice that initially, a
placeholder scorecard is generated and used to drive this prediction. This placeholder is
useful in case you do not have a predictive model yet, as it allows the Next-Best-Action
specialist to continue work while a predictive model is built.
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Churn

Name Type Performance status

scoreard — e |

As you already have a predictive model, the next step is to replace the scorecard that drives
this prediction with the predictive churn model. When the replacement is ready for review,
approve the candidate model, and save the configuration.

Churn
Name Type Performance Status
Churn Predictive model _ ACTIVE

Once the prediction is created, test your work. Select a persona as the data source and run
the prediction. Troy is predicted to leave the bank in the near future; therefore, the
outcome is churn. Barbara has a low propensity to churn; therefore, the outcome is loyal.
The prediction is now ready for use in Customer Decision Hub.

You have reached the end of this demo. What did it show you?
e How to create a new prediction

e How to replace the generated scorecard with a predictive model in a prediction
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Using predictions in engagement

strategies
Introduction

A prediction is used to predict customer behavior such as offer acceptance and churn
based on characteristics such as credit risk, income, and product subscriptions. Learn how
to arbitrate between different groups of actions to display more relevant offers to
customers. Gain experience using a prediction in a decision strategy and learn how
applicability rules can be defined to reflect the bank's requirements in a decision strategy.

Transcript
This demo shows you how to use a prediction in an engagement strategy to determine
customer applicability for a retention offer.

Currently, U+ Bank is cross-selling on the web by showing various credit cards to eligible
customers who log in to its website. The bank now wants to show a retention offer, instead
of a credit card offer, to customers who are likely to churn in the near future. The credit
card offers are shown only to loyal customers.

0 LR | | —

Set goals,
save more.

Learn more

To meet this business requirement, a decisioning administrator has already set up the
taxonomy by defining a new business issue called Retention, and an offer group.
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Taxonomy

Business structure

- Business structure

Issues / Groups

Retention

== ExtraMiles

Sales

== CreditCards

This ExtraMiles group contains a retention offer, Extra Miles 5K.

Actions
Search Issue / Group

by name or description = Retention / ExtraMiles v

Showing 1 of 1 results

Extra miles 5K
ExtraMiless5K

The next step is to create an applicability condition that makes a customer qualify for a
retention offer when there is a high likelihood that the customer might churn. A data
scientist has created a prediction that identifies these high-risk customers. When you open
the prediction in Prediction Studio, notice that the possible response labels are Churn and
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Loyal to predict customer behavior. The result of the prediction is stored in the pxSegment
property.

) Response labels
Labels for the possible values of the responses.

Churn
Target label Alternative label

Churn Loyal

To define the applicability condition, you create a decision strategy to output a retention
offer only if the response label of the prediction is Churn. Add a Prediction component to
the canvas and configure it to reference the churn prediction. Add a Set Property
component and connect it to the Prediction component. You can configure the Set Property
component at a later point to accommodate parameterized fields.

';\ [Set Property] PredictChurn
k“'—’; ) Propensity
Set
Property
Does not set any properties yet Impaorts <All> from

PredictChurnPropensity

External

Next, add a filter component to filter out the loyal customers and pass retention offers to
high churn risk customers only.

';\ [Set Property] PredictChurn
b4 .
k"‘ Propensity
Set
Property
Does not set any properties yet Imports <All= from

PredictChurnPropensity

Y [Filter]
>  EEEEEEEEEE— Results
Filter

Notcontgared

83



The filter condition is defined to output a retention offer when the pxSegment property of
the prediction is equal to Churn.

Expression builder Browse Test

1 PredictChurnPropensity ="Chur‘r| "

a [Set Property] PredictChurn
‘\:', N Propensity T
set
Property
Does not set any properties yet Imports <All> from

PredictChurnPropensity

Y High Churn
» Risk
Filter

Filters on
PredictChurnPropensity. px5e...

Next, test the strategy using two customer profiles, Troy and Barbara. For external inputs,
consider all available retention offers. The strategy outputs a result for Troy because the
result of the prediction is Churn.

, Field —  Vvalue
a [Set Property] EredthZ;Jrn
L ropensi I
ot ' : Segment Churn
Property ;
ActionContext —
ExtraMiles5K ExtraMiles5K ExtraMiles5K .
ApplyAnalytics —

Y; High Churn
External Risk
Input Filter Benefits —

The strategy does not have a result for Barbara, because the Segment value is Loyal.

a [Set Property] PredictChurn Field —  Value
k—’, Propensity )
Se |
Property } Segment Loyal
ActionContext —
ExtraMiles5K <No decision> <No decision>

Y; High Churn ApplyAnalytics -
External Risk
e FHEEE Benefits —

84



By checking in the strategy, you commit your changes so that they go into effect. You can
now use this strategy in the Next-Best-Action Designer engagement policy as an
applicability condition.

The first business rule you need to implement is that the ExtraMiles group is applicable
only to high churn risk customers. To implement this rule, in the Applicability section,
define a condition for the customer field. Select the RetentionStrategy. The condition is:
the RetentionStrategy has results for the High Churn Risk component.

The second business rule you need to implement is: U+ Bank wants to show credit card
offers to low-risk customers only; meaning the CreditCards group is not applicable for
high-risk customers. To implement this rule, modify the Applicability section of the
CreditCards group. The condition is: the RetentionStrategy doesn't have results for the
High Churn Risk component.

Once the applicability conditions are defined, you need to amend the Channels
configuration. Because U+ Bank introduced a new group, ExtraMiles, which belongs to a
new business issue, Retention, you need to select the results from the appropriate
business structure level. In this case, the bank wants to arbitrate between two different
business issues: Sales and Retention. Therefore, select All Issues/All Groups from the
business structure level. Saving the configuration implements the business requirement.

On the U+ Bank website, when you log in as Troy, notice that the retention offer is
displayed because Troy is predicted to churn in the near future.

Extra miles 5K

5,000 extra miles

Learn more
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Now, when you log in as Barbara, notice that the credit card offer is displayed because she
is predicted to remain loyal for now.

&

‘=

Rewards Plus Card
Get 2% cash back when you travel and more

©

Rewards Plus card

Get 2% cash back when you
travel and more

Learn more

You have reached the end of this demo. What did it show you?
e How to use a prediction in a decision strategy

e How to arbitrate between different groups of actions to display more relevant offers
to customers

e How to define applicability rules using a decision strategy in Next-Best-Action
Designer
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Creating predictive models

Description

In Prediction Studio, three option to leverage historical data are available: creating models
using Pega machine learning, importing models created in a third party tool and
referencing external models. Learn how to create, import and reference predictive models
that can be used in driving the next best action.

Learning objectives

Describe the role and usage of predictive models in the Pega landscape
Use Pega machine learning to build predictive models

Import third party predictive models

Use machine learning services

Explain the model transparency settings in Prediction Studio
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Predictive models
Introduction

Enhance decision strategies with predictive models built on customer interaction data and
let Pega Customer Decision Hub™ bring even more relevance to every customer
engagement. Build models using Pega’s machine learning capabilities, import models built
with third-party tools and incorporate the latest Al algorithms into the Pega Al engine by
connecting to the Google Al Platform and Amazon SageMaker machine learning services.

Transcript
This video will describe the use of predictive models to enhance the next best actions that
Customer Decision Hub generates.

Next best actions balance customer relevance and business priorities by selecting the
actions with the highest priority.

The priority is calculated by multiplying the values for propensity, context weighting, action
value and business levers.

Customer relevance Business priority

pEnsIty Action value Business levers

Propensity is the likelihood of a customer responding positively to an action by, for
example, clicking on a web banner or accepting an offer.

This is calculated by predictive models. In Pega, self-learning Naive Bayes models, which are
generated for each action, are a key feature.

o

Ropanesy Adaptive models

These adaptive models are automatically updated after new responses have been received
and can start without any historical information because they learn on the fly.

When the use case requires a more advanced modeling technique, for example to predict
customer churn or to estimate credit risk ...
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... Prediction Studio offers several methods to create the artifacts that represent an actual
predictive model or that reference a predictive model.

Propensity Adaptive models Predictive model
The first method is to use Pega machine learning. You can import a file containing the
historical customer interaction data set and build a model in Prediction Studio.

This model can then be used in decision strategies. When the decision strategies execute,
the models are executed inside the Pega platform.

O- ) AR e
— PEGA -9 |

1 1

storical data set

The second option is to import an existing model. You can build a model using a third-party
tool like R or Python and export it as a PMML file.

PMML is an XML-based standard that is designed to facilitate the exchange of models
between applications.

Import the PMML file into Prediction Studio and map its predictors to the fields in the
customer data model.

O s

Historical data set
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Similarly, you can import model files that have been generated in H20.ai. H20 is a

modelling platform, and the procedure for using the generated model file is identical to
that for a PMML file.

CPQ-} H,Q ai -}

Historical data set
Just like with Pega machine learning models, the imported model can then be used in
decision strategies.

When decision strategies using the imported models execute, the models are executed
inside the Pega platform.

The third option is to reference a model on an external platform like the Google Al
Platform.

G @ o -

Historical data set

Just like with Pega machine learning models, the referenced model can then be used in
decision strategies.

In this case, when the decision strategy requires a prediction, a request is sent to the
external model, which calculates the outcome and sends it back to Pega.

Like with the Google Al Platform, you can connect to AWS SageMaker and run your model
remotely.
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e B .

Historical data set Amazon SageMaker

To summarize, you have three options for leveraging predictive models built on customer
data.

You can build models using Pega machine learning, you can import models built with third-
party tools, and you can use machine learning services to reference predictive models.

When the decision strategies using predictive models execute, the models are executed
inside Pega or externally by Google ML and the Amazon SageMaker platform.
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Building models with Pega machine

learning
Introduction

Prediction Studio offers several options for leveraging customer data to create predictive
models. Learn how to develop powerful and reliable models that can predict customer
behavior, such as offer acceptance, churn rate, credit risk, or other types of behavior by
using Pega machine learning.

Transcript

This demo will show you to how to build a predictive model using Pega machine learning in
Prediction Studio.

In an effort to proactively prevent churn, U+ Bank wants to predict the likelihood that a
customer will leave the bank in the near future.

When starting to build a new model, you will be presented with the option to create a
model on a template that is used for streamlining model development. One of these is

churn modeling.
New predictive model )¢

Name %

ChurnPegaML

Create model @

Use Pega machine learning Import model | Select external model

Category Template

| Retention V| Churn Modeling v

Churn Modeling

Aims at ordering cases in terms of their propensity to churn within a defined length of time.
Score bands are created to enable cases with different levels of propensity to be selected or
deselected. Behavior: Churn can be defined as closure of a relationship in a following period
(e.g. within three months after the potentially predictive data was captured). Cases can be
restricted to those who suffered some adverse experience or those who would be targeted
by some competitive offer. Predictions: In addition to the probability of churn, a model may
analyze and forecast the probability of each possible reason for dormancy and retention.

The model build itself consists of 5 steps: Data preparation, data analysis, model
development, model analysis, and model selection.

In the data preparation step, the data source containing the historical data is selected, the
sample is constructed, and the outcome of the model is defined.

The data source can be a csv-file, a database table, a data flow or a data set.
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Source selection

Select the data source for the creation of predictive models and preview the first 100 records

Database ‘ Data flow ‘ Data set l

Upload flat file Separator characte Quote characte First line contains field names

| choose File | No file chosen "
— ’ 4 4

The preview of the first ten records in the data set allows you to verify that all fields will be
correctly imported.

Preview for first 10 records of historical_data.csv

Field T Record1 Record 2 Record 3
CustomerlD 14 15 16
ACCOUNT_ID _ R _

Title —_ _ .
pyFullName Troy Murphy Barbara Stockton Joanna Williams
Gender M F F

Age 26 32 25

Next, construct the sample.

Using a weight field is optional; it is only used when the data source contains such a field. If
you do not specify the field, each case counts as one.

The type of field to be sampled can be set to either numeric or categorical.

Select the fields to sample

Field Type
CustomerlD
Numeric
ACCOUNT_ID Categorical
. Not used
Title Lategurital v

By default, all fields are considered potential predictors. When setting predictors, it's
important to use some common sense.

For example, the customer ID is a random number and has no impact on the behavior to be
predicted.

Likewise, the name of the customer has no predictive value. For such fields, change the type
to ‘Not used'.

If the data contains a relatively small number of cases, you will want to use 100% of the
records. If the data source is large, a sample will be sufficient.
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Select sampling method

(® Uniform sampling
Stratified sampling

Set sample size using

100.0 1006

% or Cases

Next, you define the hold-out sets for validation and testing during model development.
Your models will be trained with the remainder of the data.

Once trained, the validation set is used to check for robustness of candidate models and to
compare their performance.

Finally, the test set is used to analyze the performance characteristics of candidate models,
and to select the best model.
Hold-out sets

Split the sample into a development, validation and test set. (&

Lreate hold-out sets by
(®) Setting percentages for each set
User defined field
Retain 20.0 % of the sample for validation (201 cases)
and 20.0 % of the sample for testing (201 cases)

60.0 % of the sample for development (604 cases)

Finalize the data preparation step by defining the outcome to be predicted.
You can predict a binary outcome, as in this example, or predict a continuous outcome.

For a binary outcome type, the outcome field must be categorical. For a continuous
outcome type, the outcome field must be numerical.

Here you also map the values of the outcome field to the outcome category. With that, you
specify how to differentiate between good and bad behavior.
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Outcome definition

Define the outcome to be predicted. Predict a binary cutcome, only categorical fields can be selected for this. Or predicta
continuous outcome, only numeric fields can be selected for this.

Qutcome type Outcome field to predict
Binary hd Segment hd

Map possible values of outcome field to outcome category

Value Outcome category
Map loyal to loyal v
Map churned to churned ~

It is worthwhile to verify that the customer distribution across the development data set is
similar to the whole sample.

Qutcome field values Qutcome categories
70 70
60 60
50 50
- Ll
& a0 & 40
S S
w w
@ @
@ 30 @ 30
o o
20 20
10 10
1] 1]
churned loyal loyal churned
il. Development set |y, validation set g, Test set il. Development set  jl, validation set g, Test set

In the data analysis step, you analyze the individual predictors. By default, only predictors
with a performance higher than 52 are included.

For fields that have a very high performance, the Role is set to value to protect models from
accidentally using predictors that might be directly correlated to the outcome.

Exclude predictors with a performance below 52.0 Apply

Change role ~ Reports ~ New virtual field Reset Show groups

. . . . Grouped

[ Predictor Type Role Binned intervals  Grouped intervals performance
[ RiskScore Numeric  VALUE 200 11
[J AverageSpent Numeric ~ PREDICTOR 200 7 68.28
(J MonthlyPremium Numeric ~ PREDICTOR 200 10 64.84
O Age Numeric ~ PREDICTOR 70 8 63.87

You can also manipulate features to create a better predictor by creating a ‘New virtual
field'. This is a fundamental step towards having good models.
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Income*CLV is such a virtual field. The performance of this new predictor is higher than
that of the individual fields.

(] Predictor Type Role Binned intervals  Grouped intervals Grouped
performance

(] RiskScore Numeric  PREDICTOR 200 11 90.27
(] AverageSpent Numeric  PREDICTOR 200 7 68.28
J Income*CLV Numeric  PREDICTOR 200 10 65.08
(0 MonthlyPremium Numeric  PREDICTOR 200 10 64.84
O Age Numeric  PREDICTOR 70 8 63.87
] Income Numeric  PREDICTOR 200 10 63.74
(0 CLV_VALUE Numeric  PREDICTOR 200 9 63.47

Data analysis creates a binned, ordinal view of individual predictors. Both Binning and
Granularity are automatically set but can be manually adjusted.

Graphical view  Tabular view

40

cases( %)

0 .. - .-

49>
13>
01>
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o
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o
a
o
o

[1004.97, 1344,
[1344.49, 1785
[1785.13, 2114,

il Dev(%) |, Val(%) +<O- Dev setchurnrate <O- Val set churn rate

As part of model development, the grouping and predictor selection process is automated.

When multiple predictors are correlated, considering them all for the machine learning
process will lead to unnecessary model complexity.

It is best practice to select the best performing predictor in each group.

96



Predictor grouping

Grouping level 045 _ Apply

Use best of each group Use all predictors

Prediction Studio provides a rich model factory that supports industry standard models.

You can create 4 types of models: Regression models, Decision tree models, Bivariate
models and Genetic algorithm models.

By default, a Regression and a Decision tree model are automatically created. These models
are highly transparent.

Bivariate models and Genetic algorithm models have a lower transparency score.

Bivariate model Genetic algorithm Regression Tree model
Pega Pega
3 2 4
Compliance Compliance Compliance Compliance
All business issues All business issues All business issues All business issues

The purpose of the next step, Model Analysis, is to select the best model for your use case.

In the ‘Score comparison’ step, you can compare the scores generated by the models in
terms of behavior, lift, gains and discrimination.

Prediction Studio uses Area Under the Curve (or AUC) to measure the performance of
predictors and models.

You can describe AUC as the measure of how well the model is able to discriminate
between good and bad cases.

The value of AUC ranges from 50%: random distribution, to 100%: perfect discrimination.
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Behavior Lift Gains Value Discrimination

Export as CSV

chumed %

So

loyal %

<= Regression <0~ DecisionTrae-CHAID

In the ‘Score distribution’ step, the model scores are segmented based on a method you

select. A typical example divides the scores into deciles: 10 classes with an equal number of
cases.

Graphical view  Tabular view b

Regression

Cases (%)

o
1 2 3 4 5 & 7 ] 9 10

th Dev(ae)  fly validstion{2:) gl Test{3:) <O~ Dev Set churnrate <O~ Vslidation set behavior <0 Test Set churn rate

The ‘Score distribution’ settings give several methods for defining these segments.

~ Score distribution settings

Segmentation method Max. # of bands % Number %

Create bands with equal number of cases A4 10

Percentage

100 or 9.94

Create bands with equal number of cases

Create statistically significant bands [J Only count cases where the outcome equals
Create monotonically increasing bands

Create user defined bands

=

In the ‘Class comparison’ step, you can analyze and compare models after the score
distribution has been adjusted.

Finally, you select the model that best fits your needs and specify the context in which to
save it. The default context where the models are saved is the customer class.
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Before you can save the model, check the mapping of the predictors to the properties in the
customer class.

If the properties exist and have a name similar to a predictor field name, they will be
mapped automatically.

You also have the option to create missing properties, but this should be discussed with the
system architect beforehand.

Monitor Model Mapping

The maodel predictors are automatically mapped to fields in the data model.

Create missing fields Refresh mapping
Predictor T Predictor Type T Field
Gender Symbolic .Gender
Age Numeric Age
MaritalStatus Symbolic .MaritalStatus

If needed, you can adjust the score distribution segments by clicking on the original score
distribution chart. In this example, two segments are appropriate: loyal and churned.

Original Rese Reclassified

oy wo
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0 0.0 loyal churned

1 2 3 4 5 6 8 9 10

Percentage M churnrate Percentage = churnrate

The model can now be saved and is ready for use in a decisioning strategy.

You have reached the end of this demo. What did it show you?

- How to create a predictive model in Prediction Studio using Pega machine learning.
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Importing predictive models
Introduction

During a Pega Decision Management implementation project, you may discover that the
company already uses predictive models. These assets can be reused in Pega Decision
Management to help make customer predictions.

Transcript
This demo will show you how to import third-party predictive models into Prediction Studio
and use them natively in Next-Best-Action strategies.

Prediction Studio supports two external model formats. First, you can import models in the
Predictive Model Markup Language (PMML) format. PMML is an XML-based language aimed
at easily sharing predictive models between applications. It is the de facto standard for
representing not only predictive models, but also data, pre- and post-processing.

Additionally, you can import models built with H20.ai, an open source machine learning and
predictive analytics platform that allows you to build machine learning models on big data.
The processes for importing PMML and H20 models are identical and start with creating a
new predictive model strategy component.

Create model P-4

Predictive model Adaptive model Text categorization Text extraction
Predict customer Predict customer Analyze and assign text Analyze unstructured
behavior such as offer behavior using self- to a specified category. text to extract required
acceptance, churn rate learning models. words or phrases.

or credit risk based on
customer data.

Prediction Studio offers three options for creating a predictive model: using Pega machine
learning, importing a previously built model, or using an external model.

To leverage an existing model file, select the Import model option. Upload the PMML or
H20 model file. The default context of the model is the Customer class, where the
customer data model properties are stored. You can change this class if required.
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New predictive model

Name #

ChurnPMML

Create model @

[ Use Pega machine learning Import model Select external model

mport model file % @

Choose File
File name
ChurnPMML.pmml

Context
Customer Change

In the Outcome definition dialog box, you define which probability you would like to
predict and the expected performance of the model, which is used as a benchmark when
monitoring the model.

New predictive model

Outcome definition set labels Modeling technique
The objective of the model is to predict Tree model =
Segment Expected performance (AUC) @
Predict the probability of | 80|
@® churned

loyal

Import the model and, on the Mapping tab, make sure that all predictors are mapped to
fields in the data model. Missing fields can be created, but this should be discussed with the
system architect beforehand.

The model predictors are automatically mapped to fields in the data model.

Create missing fields Refresh mapping

After the model is saved, you can test it for a single customer or run it for a batch of
customers.
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Run predictive model

Troy ~

Field name T Type Input
Age Double 26
Gender string M
NetPromoterScore Double 9
MaritalStatus string Married
AverageBalance Double 1500.67
AverageSpent Double 3200.53
EmailOptin string Y
DebtTolncomeRatio Double 45
SMSOptin string Y
MonthlyPremium Double 0.0
HasMortgage string, Y
DMOptin string Y

Data Transform

When you test the model for a single customer, you can use a data transform as input data.
When customer Troy is used as the data source, the model predicts that he is likely to
churn. The model also outputs his propensity to churn, which is, in this case, 93.42%.

Run predictive model

single run Batch rum

¥ Inputs

=~ Qutputs
Results
churned

0.9342621091861922

Output

Segment

0.0

X

In contrast, the model predicts that customer Barbara is likely to remain loyal, with a low
propensity to churn of 35.83%.
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Run predictive model

Single run Batch run

> Inputs

~ Outputs

Results

Result Monitoring performance

loyal 0

Rropensity Monitoring evidence

0.3583554398897344 0.0

OQutput T Value T
Segment loyal

You can also run the model on a batch of customers. When the model is run for a larger
input data set, the output shows the number of customers that are classified as either likely
to remain loyal or likely to churn in the near term.

Run predictive model

Single run Batch run

You have reached the end of this
ata SGLH'(E‘* Source type . .
= Data set. demo. What did it show you?

CustomerBatch
This data source contains approximately 10,000 records.

- How to import third-party
predictive models into
Prediction Studio.

Total records executed: 10000 Total failed:

Output
- How to test the model for a
single customer.

6K

- How to run the model for a
batch of customers.

Count

loyal churned
Segment

il Count
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Using machine learning services
Introduction

Enhance the Pega Al engine with the latest Al algorithms by connecting to models in
Amazon SageMaker and Google Al Platform machine learning services. Learn how to
leverage a model, created in and running on Amazon SageMaker, in Pega’s Prediction
Studio.

Transcript
This demo will show you how to leverage a machine learning service by running a churn
model created externally and using its outputs in Pega Prediction Studio.

We will showcase this using Amazon SageMaker. The steps are similar to using other
machine learning services such as Google Al Platform. Using a machine learning service
instead of a model that runs locally may involve costs and possible down time of the
service.

However, for certain use cases such as churn or credit risk models, machine learning
services can be the optimal choice. To showcase how to use a churn model created in
Amazon SageMaker, let's first consider the high-level steps involved in creating a machine
learning model.

Amazon SageMaker allows you to build, train and deploy machine learning models in a fully
managed service. The Autopilot feature automates this process and trains and tunes the
best machine learning models for classification or regression, based on your data. After
setting up your AWS environment, you can open Amazon SageMaker Studio to create a new
Autopilot experiment.
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Services v

Resource Groups v *

N. Virginia ~  Support v

Amazon SageMaker X Amazon SageMaker > Dashboard
Amazon SageMaker Studio |
@ AWS Marketplace X
vashboard Find, buy, and deploy ready to use model packages, algorithms, and data products in AWS Marketplace
Browse Catalog
Search
v Ground Truth
Labeling jobs Overview Hide
Labeling datasets
Labeling workforces
¥ Notebook @ @

4

Notebook instances
Lifecycle configurations

Git repositories

Processing

Processing jobs

Ground Truth

Set up and manage
|abeling jobs for highly
accurate training
datasets using active

Notebook

Availability of AWS and
SageMaker SDKs and
sample notebooks to
create training Jobs and

B e

,ﬁ? & O)D

B e

Training

Train and tune models
at any scale. Leverage

high performance AWS
algorithms or bring

Inference

Create models from
training jobs or import
external models for
hosting to run

Processing Run

Pre- or post-processing
and model evaluation
workloads with a fully
managed experience.

learning and human deploy models. your own. inferences on new data.
v Training abeling. Processing jobs
Algorith Notebook Training jobs | ‘ Models ‘
gorithms Labeling jobs | instances
Endpoints

Training jobs Hyperparameter
tuning jobs

Hyperparameter tuning jobs

4

Inference = =
@ Feedback (@ Engl

Privacy Policy  Terms of Use

In the Job settings, select the data file you want to build the model on, specify the outcome
field, choose the location where the output should be stored and create the experiment.
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Create Amazon SageMaker Autopilot Experiment

JOB SETTINGS

Experiment Name
ChumAWS

num of 63 alphanumeric characters. Can include hyphens (-), but not spaces. Must be unique
within your account in an AWS Region.

Input data location (53 bucket)

Enter the location in 53 where your training data is stored. You can point to a single data file, an 53
object key prefix that contains only data files, or a manifest file that contains the location of your input
data. See more in th i

© Find 53 bucket ® Enter 53 bucket location

Note: The 53 bucket must be in the same AWS Region where you're running SageMaker Studio
because SageMaker doesn't allow cross-region requests.

53 bucket name

sagemaker-studio-

53 object key prefix

historical_churn_data.csv

[ Is your 53 input a manifest file?
For more information on the format of a manifest file, please see t

Target attribute name
The target attribute is the attribute in your dataset that you want Amazon SageMaker Autopilot to
make pred

The attribute name is case-sensitive and must match exactly the name in your input dataset
Output data location (53 bucket)
Enter the location in 53 where you want to store the output.

© Find 53 bucket ® Enter 53 bucket location

Note: The 53 bucket must be in the same AWS Region where you're running SageMaker Studio
because SageMaker doesn't allow cross-region requests.

53 bucket name

sagemaker-studio-

53 object key prefix

historical_churn_data.csv

The Autopilot process analyzes the data, performs a feature engineering step, and tunes
the candidate models.

Feature Engineering Medel Tuning Completed

eriment is taking too long to run, you can

You can always return to this page later by choosing this expenment on the Experiments tab in the navigation panel.

To deploy the best candidate model, select the tuning job with the highest Objective value.
This value indicates the predictive power of the model.
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EXPERIMENT: CHURNAWS Open candidatz generation notebook | | Open data exploration notebook

Trials Job profile

TRIALS

Deploy model

Objective v

k Best: tuning-job-1-13890M3cd5343889f-205-335190e8 2 hours ago 0.9393600225448608

tuning-job-1-1289/0fcd5343889F-184-1056bib3 2 hours ago 0.934220016002655

tuning-job-1- 1289103 cd5343889F-171-cedeckad 3 howrs ago 0.934220016002655

tuning-job-1-1289f0f3cd5343889F-238-£8521619 2 hours ago 0.934220016002655
2 hours ago 0.934220016002655
3 howrs ago 0.9340400099754333
3 hours ago 0.9340400099754333
2 hours ago 0.9340400099754333

3 hours ago 0.9340400099754333

An endpoint that can be reached from Pega is automatically created. A binary classification,
as in this example, predicts if an event will happen or not, based on a cut-off value. By
default, the response content for a binary model is set to this ‘predicted_label'.

However, it is best practice to include a value for the probability that the event will happen
in the response content as it contains the most information and allows the cutoff value to
be adjusted in Pega. Also, it allows for monitoring of the probability with respect to
observed outcomes over time.

Deploy model

REQUIRED SETTINGS
Endpoint name

SageMakerChurn

b3 alphanumel an include hyphens (-), but not spaces. Must be unique
ur account in an AWS Region.

Instance type Instance count

mlm5darge 1

Data capture
SageMaker Studio will save prediction requests and responses from the endpoint to an Amazon 53
location specified below

[ save prediction requests

[] save prediction responses

Inference Response Content
Select the response content the endpoint should return per input data point. The inference response
will be in the order in which the keys are selected.

v

probability >

ADVANCED SETTINGS - Optional

In Prediction Studio, you can define a machine learning service to connect to your cloud
service instance. To move messages securely to and from Pega, the system architect has set
up an authentication profile.
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AmazonML

Service type
Amazon Sagemaker

Name
Amazon Machine Learning

Authentication profile % Type
AmazonML o« AWS
Region

US East (N. Virginia)

Cance| Sa\'J'E

Test machine learning service x

Successfully connected to the machine learning service.

Close

Once the connection to the machine learning is established, start by creating a new
predictive model to leverage the service. Select the machine learning service and the model
that you want to reference.

New predictive model

Name *

ChurnSageMaker

Create model @

Use Pega machine learning Import model Select external model

Machine learning service % Model

Amazon Machine Learning v SageMakerChurn-model  ~

Next, upload the required model metadata file. A template for this JSON file, containing
example values, is available for download.
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_| ModelMetadataTemplate,json - Notepad - O x

[

File Edit Farmat View Help
i
"predictMethodusesNameValuePair™: false,
"predictorList™: [{
"name": "GENDER",
"type": "CATEGORICAL"
b
"name": “AGE",
"type™: "NUMERIC™

"model™: {
"objective™: "Churn”,
"outcomeType™: "BINARY",
"expectedPerformance™: 78.5,
"framework™: "SCIKIT LEARN",
"modelingTechnique™:"Naive Bayes Classifier”,
"outcomes™: {
"values™: [

"YES", ||N0||

Ln 1, Col 1 100%  Windows (CRLF) UTF-8

The JSON file must contain the list of predictors in the data set and their property type. It
must also contain the objective of the model and the outcome type. Available outcome
types are binary, categorical, and continuous. Optionally, include the expected
performance. The metric for binary models is AUC, F-score for categorical models and RMSE
for continuous models.

For SageMaker, the file must include the framework property. This property determines the
input format and output format of the model. In Google Al Platform, this property is
automatically fetched.

Finally, the metadata file must include the modeling technique and the outcome values. For
binary outcome models, enter the values for the outcome for which you want to predict the
probability, and the alternative outcome. For categorical outcome models, enter all values
that represent the possible outcomes. For continuous outcome models, enter minimum
and maximum outcome values. Best practice is to generate the file as part of the model-
building process to avoid human errors.
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Next, set the correct context of the model if required. The default context is the customer
class. You can review the model metadata, such as the objective of the model and the type

of problem to solve, before proceeding.
New predictive model ¢

Outcome definition

The objective of the model is to predict Modeling technique
Churn xghoost

Predicting Framework

Two categories scikit-learn

Expected performance (AUC) ®
78.5
Predict the probability of
churned
With alternative outcome
loyal

Back Cancel

All predictors must be mapped to the corresponding fields in the data model. After saving
the model, you can run it through the new service connection.

Customer Troy has a high risk of churning; the model returned a high probability to churn

for him.

~ Outputs

Results

esuk Monitoring performance
0.9071381688117981 0

Propensity Monitoring evidence

=

T 0.0

Customer Barbara will probably remain loyal; the model returned a low probability to churn

for her.

~ OQOutputs

Results

Result i . .
Maonitoring performance

0.00105759582947935963 0 -

Fropensiy Maonitoring evidence

o 0.0
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By default, the results of the model are shown in the Results field. Model results are unique
for each framework type on which a model is built. Pega offers full support for the xgboost,
tensorflow, kmeanclustering, knn, linearlearner and randomcutforest frameworks.

Once the predictive model rule is created, it can be used in next-best-action strategies in a
similar way as native Pega machine learning models and third-party models imported using
PMML or H20.ai. But there is an important difference to keep in mind. Native and imported
models, using the required input data, execute inside Pega. In the case of machine learning
services, the input data required by the model is sent to the external platform, the model is
executed externally, outside of Pega, and the result is sent back to Pega using a secured
connection.

You've reached the end of this demo. What did it show you?

- The high level steps involved in creating a model using Amazon SageMaker
Autopilot.

- How to connect to external machine learning services and run a model externally.
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Model transparency
Transparency score

Transparent artificial intelligence is becoming an important requirement for many
businesses. In risk management, decisions need to be explainable, and opaque predictive
models are not allowed. In marketing, the policy for the transparency of models might be
less strict and allow for the use of opaque models.

Each model type that comes with Pega Platform™ is assigned a transparency score ranging
from 1 to 5, where 1 means that the model is opaque, and 5 means that the model is
transparent. Highly transparent models are easy to explain, whereas opaque models might
be more powerful but difficult or not possible to explain. For example, a decision tree has a
high transparency score, whereas a neural network model has a low transparency score.

Transparency scores by model type

The scores and thresholds determine in which business issues use of the model will be compliant.

Adaptive model Bivariate model Genetic algorithm Regression Tree model

Pega - Pega - Pega -~ Pega or PNMML - Pega or PNIML -
3 3 2 4 5

Compliance A d Compliance A4 Compliance A d Compliance v Compliance A d

All business issues All business \ESLES All business issues All business issues All business issues

Association rules Clustering model Ensemble model General regression k-Nearest neighbors

PMML -~ PMML -~ PMML -~ PMML - model -~
4 3 1 4 PMML |

Compliance b 4 Compliance - Compliance A4 Compliance v Compliance v

All business issues All business issues All business issues All business issues All business issues

Naive Bayes model Neural network Random forest Scorecard Support Vector

PMML - PMML - PMML -~ PMML - Machine -
2 1 1 5 PMML 1

Compliance A4 Compliance A4 Compliance A d Compliance v Compliance A4
All business issues All business issues All business issues All business issues All business issues

Configuring the model transparency policy

Depending on the company policy, models are marked as compliant or non-compliant for a
specific business issue. By default, the transparency threshold is set to 1 and all model
types are allowed in all business issues. Lead data scientists can modify transparency
thresholds for different business issues. For example, they can increase the threshold for
Budget to indicate that opaque models are non-compliant in that area. To set the
thresholds in Prediction Studio, go to the Settings section and choose Model transparency
policies.
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Transparency threshold per business issue

Modg\s with a transparency score above or equal to the threshold of business issues, are compliant. A high transparency score of 5 indicates that
models are fully auditable.

Range of scores @ 1(Opaque) ©Q 5(Transparent)

Budget Maintenance Negotiation

L —— I R e— o R e— R
4 3 2

Nurture Retention Sales

% e 2 Y ———— O Y [——)
1 1 4

Service

e ——
2

113



MLOps

Description

Learn how to use Machine Learning Operations (MLOps) to replace the predictive model
that drives a prediction with a new model. You can import a predictive model that is built on
an external platform or connect to a machine learning service. Deploy the model in shadow
mode. In shadow mode, the candidate model ingests production data but does not affect
decisioning until it is promoted to the active model status.

Learning objectives

Deploy a new model in shadow mode

Promote the new model to the active model status
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MLOps process

Introduction

Learn how you can improve the performance of your predictions by using a standardized
Machine Learning Operations process (MLOps). MLOps lets you replace a low-performing
predictive model that drives a prediction with a superior model created in a third-party
platform.

If a candidate predictive model is deployed in shadow mode, it can be monitored with real
production data without impacting the business outcomes. If the model proves effective, it
is deployed as the active model.

Transcript

This video shows you how to update a predictive model in a prediction.

In the standardized Machine Learning Operations (MLOps) process, the active model is
replaced with a better one in a production environment by using the shadow mode option.
A prediction is driven by an adaptive model, a predictive model, a scorecard model, a field
model, or a combination of these models.

o Prediction :/ *

L —J

Active model

You can replace a model in the production environment at any time through the MLOps
process. As a data scientist, you may respond to a Prediction Studio notification that an
active model does not generate enough lift, and decide to replace the low-performing
model with a high-accuracy external model. Or you can update a prediction regularly, for
example, whenever you develop a new model.

Prediction Studio

To build a new model, you can use Pega machine learning or an external environment. You
can use data science tools that can export models in the PMML format, such as R or Python.
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The H20 format is another option. You can also connect to the Amazon SageMaker or
Google Cloud machine learning services.

EXTERNAL environment

e e

You can utilize the historical data of models captured by the system by importing these
records into your external environment of choice. The historical data can be combined with
data from other sources to build a new model.

Once the new predictive model is developed, you validate the active model and the
candidate model against the same data set to compare their metrics in Prediction Studio.

Prediction Studio

7
SEC

Active model

New model

If the candidate model outperforms the active model, approve the model.

116



9

[

New model

You can choose to replace the active model immediately or place the new model in shadow
mode.

Prediction Studio

The new model is then promoted to the production environment in a revision.

ii

REVISION

° Prediction :/t
7k &

Shadow mode ‘
.i-" Active model

If you deploy the new model in shadow mode, the new model is exposed to the production
data but does not drive the prediction yet. Shadow mode allows you to monitor the model
performance in a production environment before deploying it as an active model.
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Prediction Studio

After monitoring the prediction for some time, you can promote the shadow model to
active.

o Prediction /:1,

Active model

(

You have reached the end of this video. What did it show you?
¢ How the model driving a prediction is updated with a new predictive model

e How the shadow mode allows monitoring of a new model in a production
environment
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Placing a predictive model in shadow
mode

As a data scientist, you can approve changes to the models that drive predictions for
deployment to the production environment. You can change models independently or
respond to a Prediction Studio notification that a prediction does not generate enough lift.

To improve the performance of a prediction, you can replace a low-performing model with
a high-accuracy external model that you upload to a Pega repository or directly to
Prediction Studio. As a result, you start a standard approval and validation process to
deploy the model update to production. Before you approve any changes, you can compare
the candidate model with the existing model based on data science metrics, such as score
distribution or lift.

Model deployment

In Pega Customer Decision Hub™ environments, changes to models that you approve in
Prediction Studio are deployed to production through Pega 1:1 Operations Manager and
the Business Change pipeline.

The process begins when you update a prediction in your non-production environment.

Analysis Models Settings

Churn
Name Type Performance Status
Churn Predictive model —_ ACTIVE

Replace model ]

You can replace the active model with a predictive model, scorecard, or field in the data
model that contains a score.
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Replace model
What do you want to replace it with?
@ Model

A machine learning model to calculate a score in real-time

() Scorecard
A simplified method to calculate a score in real-time

) Field

An existing field in the data model that already contains a precalculated score

You can select a model from Prediction Studio, upload a PMML or H20 model to Prediction
Studio, or connect to an external model that you developed on Amazon SageMaker or
Google Al Platform.

Replace model
Compare the models @
Upload Machine learning service Model list

Select a PMML, H20 MQJO or Pega OXL file

Choose File

When creating a machine learning model in a third-party environment, you can use
historical data from Pega Platform™ and other sources to train the model.

Recording historical data
Save historical data in a repository to use for offline analysis.You can find an overview of the historical data in Historical data overview.
Record historical data

Sample percentage

churned 100.00%
Sample percentage

loyal 100.00%

File location

file://defaultstore/Predictive/Rule-Decision-PredictiveMadel/PegaCRM-Data-Customer/Churn/records*.json

You can validate the candidate model against a data set and compare the new model with
the current model.

This analysis provides relevant metrics to help you decide which model has better
performance with a static data set.
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Model validation

READY FOR REVIEW
Model name

Configure data set ChurnH20

New model [{iZde] ¥ [Ss]0] @

Model type
H20.30

View model documentation

Score distribution ROC curve

Active model

Model name
Churn
Madel type
Pega

Vs

False positive rate

After you evaluate the models, you can approve or reject the candidate model for
deployment to production. You can place the model in shadow mode or immediately

replace the current model with the new model.

Evaluate ChurnH20

Evaluate the model and provide your feedback. (@)

Evaluation

(® Approve new candidate model and start shadowing (recommended)
Approve candidate model and replace current active model

Reject candidate model

In a Pega Customer Decision Hub environment, the system creates and resolves a change
request in Pega 1:1 Operations Manager. A team lead can verify the changes in the rules
and the relevant documentation. The change request is packaged into a revision, and a
deployment manager can promote the prediction with the candidate model to production.

If you deploy the candidate model to production in shadow mode, it runs alongside the
original model, receives production data, and generates outcomes, but the outcomes do

not impact business decisions.

Churn
Name Type Performance
Churn Predictive model —_
ChurnH20 Predictive model —_—

121

Status
ACTIVE



Model promotion to active
If the model proves ineffective, you can reject it and add another model to the prediction. If
the new model performs well in production, you can promote it to the active model

position.
Churn
Name Type Performance Status
Churn Predictive model _ ACTIVE
ChurnH20 Predictive model _ SHADOW :
Promote model U
Remove model
Churn
Name Type Performance Status
ChurnH20 Predictive model _ ACTIVE
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Adaptive analytics overview
Description

Pega Adaptive Decision Manager (ADM) is a component that allows you to build self-
learning adaptive models that continuously improve predictions. ADM can automatically
detect changes in behavior, which enables business processes and customer interactions to
adapt to the changes in real time.

Learning objectives

¢ |dentify potential predictors for adaptive models

e Describe the outcomes and advanced settings of an adaptive model
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Adaptive analytics

Online, adaptive models play a crucial part in Pega's next-best-action decision strategies as
they are used to predict a customer's propensity for all available actions. Adaptive models
are an important element in providing highly personalized and relevant actions to each
individual customer - helping brands achieve the goal of true 1:1 customer engagement.
Pega Adaptive Decision Manager (ADM) provides a full set of capabilities in Prediction
Studio that data scientist can make use of to create, train, and manage their self-learning
models.

Transcript

This video shows you how adaptive analytics supports Pega Customer Decision Hub™ in the
selection of the next best action to take for each customer.

Adaptive Decision Manager (ADM) is a component of Pega Decision Management that
businesses can use to implement online, adaptive models that drive predictions about
customer behavior, like clicking or ignoring a web banner that offers a credit card on a
bank’s website. When customer Troy logs in to the U+ Bank website, a decision request is
sent to a client node of Pega Platform.

Decon IBank cuscunc s saw NGS | | EREDITCARDS  LOANS  INVESTMENT

request

Set goals,

Save more.

ADM retrieves all available customer data, which may include the customer profile, the
interaction context, past customer behavior, and model scores.
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Decision Customer profile (age, income, CLV)
request

% Interaction context (recent web browsing information)
customer data @

Customer behavior (product usage, transaction history)

Model scores (churn risk, credit score)

Using this data as input, the system runs a decision strategy to determine which credit card
is the best offer for Troy, balancing customer relevance and business priority.

Run Customer relevance Business priority Final priority

decision strategy
X X X
Business levers

Propensity Context weighting Business val lue

The result of the decision strategy, the Next-Best-Action for customer Troy, is the Standard
Card, which is then displayed on the website. There are two possible outcomes of the
interaction.

Target Alternative
behavior behavior

If Troy is interested and clicks on the web banner, ADM records the outcome as target
behavior. If he ignores the banner, ADM records the outcome as alternative behavior. The
prediction predicts the probability that a customer shows the target behavior.

The adaptive models that drive the widely used predictions that ship with Customer
Decision Hub™ use a Bayesian algorithm. The prediction that calculates the propensity that
a customer will click on the web banner is the Predict Web Propensity prediction. The
adaptive model rule that drives this prediction is the Web Click Through Rate model.

Predict Web Propensity prediction

Web Click Through Rate
adaptive model rule
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A data scientist configures the settings of both the prediction and the adaptive model rule,
including the customer fields that are available as features to the model rule. Customer
fields that are unsuitable as features, for example the customer ID, should be excluded.

An adaptive model rule typically generates many adaptive model instances without human
intervention, because each unique combination of an action, treatment, direction, and
channel, will generate a model the first time a decision strategy runs that references the
model.

Model instances

ADM captures the responses and updates the adaptive model instances regularly, so they
continuously learn from customer responses and adapt to account for changing customer
interests and needs. The ADM server is physically separated from the nodes that process
decision strategies and model executions, so that the laborious process of updating models
does not impact decisioning speed.

ADM server
responses
Execute decision strategies
Updating models
Model scoring after N responses

The Bayesian algorithm that generates and updates the model instances consists of 4 steps:
preprocessing, feature selection, scoring, and transformation of scores to propensities.
Preprocessing involves binning of the predictor values. For numeric predictors, ADM
creates intervals with similar behavior. Customers aged 42 and aged 43 may have similar
propensities to show target behavior and, after binning, reside in the same interval.

200

120
80

o8

10 20 30 40 50 &0 70 30 90

Age (binned)

126



For symbolic predictors, ADM groups values with similar customer behavior.

A B C D+«G E+f H
Occupation (binned)

The granularity of the binning is a trade-off between performance and the statistical
robustness of the predictor. Appropriate default settings for binning are provided and
should only be changed by an experienced data scientist for specific use cases.

Next, ADM selects features based on their individual univariate performance against the
outcome, measured as the area under the curve (AUC) of an ROC graph. By default, the
univariate performance threshold is set to 0.52 AUC. A value of 0.5 represents no
performance of a predictor, and the default threshold will exclude only features with a very
low performance.

Occupation

Additionally, ADM groups predictors that are highly correlated and then selects the best
predictor from each group, to reduce unwanted complexity.

0.59 AUC

0.56 AUC

Next, a Naive Bayes calculation is executed for the model using all selected predictors.

This simple and scalable calculation is based on Bayes' theorem, which says that the
probability of A, if B is true is equal to the probability of B, if A is true, times the probability
of A being true, divided by the probability of B being true.

P(A|B) = (P(B]A) x P(A))/P(B)

Naive Bayes relies on the assumption that the predictors are independent. The grouping of
correlated predictors in the previous feature selection step minimizes the uncertainty
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introduced by this assumption. The ADM algorithm uses the posteriori log odds - that is, the
logarithm of the posterior probability of target behavior divided by one minus this
probability - as the score.

Score (Log odds) = Ln{P/{1-P))

The final postprocessing step transforms the raw Naive Bayes scores to true propensities.
The algorithm creates score intervals in such a way that the propensity for each next bin
always increases to optimize the accuracy of the models.

8
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When you create a new adaptive model, you have a choice between either an ADM
Bayesian adaptive model rule based on Naive Bayes calculations, or building an ADM
gradient boosting, or AGB, model rule, which is based on decision trees. In contrast to ADM
Bayesian model instances that are focused on a single combination of action, treatment,
direction, and channel, an AGB model instance learns from all combinations of actions and
contexts.

AGB models can achieve higher predictive power to deliver more accurate predictions,
which leads to higher success rates, retention, and lifetime value. However, as AGB model
are more complex, they come with an important trade-off between accuracy versus
transparency. So, your choice will depend largely on the transparency requirements of your
use case.
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ADM Bayesian model ADM Gradient Boosting model

Naive Bayes calculations Decision trees

High predictive power Higher predictive power

Transparent Less transparent

This video has concluded. What did it show you?

e How adaptive analytics supports Pega Customer Decision Hub in the selection of the
next best action for each customer.

e How ADM generates Bayesian models.
e How AGB models can deliver more accurate predictions.

e How the choice of a Bayesian model or an AGB model depends on the transparency
requirements in a specific use case.
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Predictors and outcomes of an adaptive

model
Predictors

Configuring adaptive models involves selecting potential predictors and setting outcomes
that identify positive and negative customer behavior. Unless you are a highly experienced
data scientist, it is strongly recommended to leave the advanced settings at their default

The input fields you select as predictor data for an adaptive model play a crucial role in the
predictive performance of that model. A model’s predictive power is at its highest when you
include as much relevant, yet uncorrelated, information as possible. In Pega, it is possible to
make a wide set of candidate predictors available, as many as several hundred or more.

Adaptive Decision Manager (ADM) automatically selects the best subset of predictors. ADM
groups predictors into sets of correlated predictors and then selects the best predictor
from each group, that is, the predictor that has the strongest relationship to the outcome.
In adaptive decisioning, this predictor selection process repeats periodically.

You can use several data types in adaptive analytics, including:

Numeric data - Basic numeric data such as age, income, and customer lifetime value can
be used without any preprocessing. Your model automatically divides that data into
relevant value ranges by dynamically defining the bin boundaries.

Responses (%)
(00) Aisusdoag

Symbolic data - You can feed predictors with up to 200 distinct string values without any
preprocessing. Such data is automatically categorized into relevant value groups, such as
the PreviousWebpage predictor in the following example. For predictors with more than
200 distinct values, group the data into fewer categories for better model performance.
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Customer identifiers - Customer identifiers are symbolic or numeric variables that have a
unique value for each customer. Typically, they are not useful as predictors, although they
might be predictive in special cases. For example, customer identifiers that are handed out
sequentially might be predictive in a churn model, as they correlate to tenure.

Codes - For meaningful numeric fields, feed code fragments to the model as separate
predictors. Simple values require only basic transformation. For example, you can shorten
postal codes to the first 2 or 3 characters which, in most countries, denote geographical
location.

Dates - Avoid using absolute date/time values as predictors. Instead, take the time span
until now (for example, derive age from the DateOfBirth field), or the time difference
between various pairs of dates in your data fields (such as the DurationLastSubscription
field). Additionally, you can improve predictor performance by extracting fields that denote
a specific time of day, week, or month.
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Text - Do not use plain text to create predictors without any preprocessing; it contains too
many unique values. Instead, extract values such as intent, topic and sentiment to use as
predictors. Pega features a Text Analyzer rule for this purpose.

Event streams - Do not use event streams as predictors without preprocessing, aggregate
the data instead. Pega features event strategies for this purpose. As an example, this event
strategy detects dropped calls.

1 2 3 4 5 6

Real-time dat... Only dropped... Keep events f... Count numbe... Three or mor... Emit

First, (1) it listens to a real-time dataset; then (2) it filters out dropped customer calls; next
(3) it stores the terminated calls for one day; (4) it counts the number of terminated calls
within the one-day timeframe; and (5) it creates an event if three calls are terminated within
the one-day timeframe; lastly, (6) it emits the event. The aggregates can be stored and used
like any other symbolic or numeric field.

Interaction History - Past interactions are usually very predictive. You can use the
Interaction History (IH) to extract fields such as the number of recent purchases, the time
since last purchase, and so on. To summarize and preprocess IH data for predictions, use IH
summaries. Several predictors based on IH summaries are enabled by default (and require
no additional setup) for all new adaptive models. These are the group that was referenced
in the last interaction, the number of days since the last interaction, and the total number
of interactions.
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Multidimensional data - For models that inform the initial customer decision, things such
as lists of products, activities, and transaction outcomes are useful sources of information
for predictors. Use your intuition and data science insight to determine the possibly
relevant derivatives, for example, number-of-products, average-sentiment-last-30-days, and
so on.

Interaction context - To increase the efficiency and performance of your models, do not
limit the data to customer data alone. By supplementing decision process data with the
interaction context, you can adjust the predictions for a customer and provide different
outcomes depending on their context. Contextual data might include the reason for a call,
or the way the customer uses the website or mobile app to interact with the company, etc.

Customer behavior and usage - Customer behavior and interactions, such as financial
transactions, claims, calls, and complaints, are typically transactional in nature. From an
adaptive analytics perspective, you can use that data to create derived fields that
summarize or aggregate this data for better predictions. Examples of this type of data
include average length of a call, average gigabyte usage last month, and the increase or
decrease in usage over the last month compared to previous months.

Model scores - Scores from predictive models for different but related outcomes as well as
other data science output might be predictive as well. If you decide to use scores as
predictors in your models, evaluate whether the models that include such a score perform
better at the model level by verifying the area under the curve (AUC) and success rate
metrics.

Summary

In summary, to achieve the best results, use predictors that provide data from many
different sources, including:

Customer profile data such as age, income, gender, and current product subscriptions.
This information is usually part of the Customer Analytic Record (CAR) and is refreshed
regularly.

Interaction context data such as recent web browsing information, call reasons, or input
that is gathered during a conversation with the customer. This information can be highly
relevant and, therefore, very predictive.

Customer behavior data such as product usage or transaction history. The strongest
predictors of future behavior typically contain data about past behavior.

Model scores, which are scores derived from the off-line execution of external models.
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Outcomes

The responses that indicate positive or negative behavior must be identified. When
predicting the click-through rate for a web banner, the default value for positive behavior is
Clicked and the default value for negative behavior is NoResponse.

Applications may use different words to identify positive or negative behavior, for example,
Accepted may be identified as positive behavior and Rejected may be identified as
negative behavior. You can add these values when needed.

Positive outcome (I Negative outcome (I

Add outcome Add outcome

Clicked 4 NoResponse y

Accepted 4 Rejected p
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Advanced settings of an adaptive model
Default values

The default values for the adaptive model advanced settings are based on best practices
and should only be changed by a highly experienced data scientist.

Update frequency and scope

When a model is updated, Prediction Studio re-trains the model with a specified number of
responses. You can set the number of responses that will trigger the update.

Model update frequency

Update model after every

500 responses

You can also set the scope of the update. By default, all responses received during each
update cycle are used. If you want to assign more weight to recent responses when
updating a model, use a subset of the responses.

When updating a mode
Use all responses
@® Use subset of responses

0 weighted last responses

By default, all historical data is used to monitor the performance of the model. If required,
model performance can be monitored for the most recent responses.

Monitor performance for the last

SOd weighted last responses

Grouping

The default values for Grouping granularity (the granularity of predictor binning) and
Grouping minimum cases (the minimum percentage of cases per interval) are based on
best practices and should not be changed casually.
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Data analysis binning
Grouping granularity

0.25

Grouping minimum cases

0.05

The higher the value for Grouping granularity, the more bins are created. This value
represents a statistical threshold that indicates when predictor bins with similar behavior
are merged.

The Grouping minimum cases setting controls how predictor grouping is established.
Higher values result in a decreasing number of groups, which can be used to increase the
robustness of the model. Lower values result in an increasing number of groups, which can
be used to increase the performance of the model.

The selection of the active predictors is guided by thresholds for predictor performance and
the correlation between predictors.

Predictor selection
Activate pl'E‘C: Clors w Zh d :Z--.’-.‘"LZZ-" mance apove

0.52 AUC

Group predictors with a correlation above

0.8

The performance of a predictor is measured as the area under the curve (AUC). A higher
value results in fewer predictors in the final model. The minimum AUC value is 0.5,
therefore the value of the performance threshold should always be set to at least 0.5.

The value for the correlation between predictors determines when predictors are
considered similar, and only the best of those predictors are used for adaptive learning. The
measure is the correlation between the probabilities of positive behavior within pairs of
predictors.
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Adaptive model outputs
Model outputs

Adaptive models produce four outputs: Propensity, Evidence, Performance, and Positives.

Propensity is the predicted likelihood of positive behavior, for example, the likelihood of a
customer accepting an offer. The propensity for every action starts at 0.5 or 50% (the same
as a flip of a coin) because in the beginning, the model has no response behavior on which
to base its predictions.

Evidence is the number of responses used in the calculation of the Propensity.

Performance is how well the model can differentiate between positive and negative
behavior. Again, the initial value is 50%, with 100% being perfect performance. As a result,
the performance value is somewhere between 50 and 100.

Positives is the number of positive outcomes that has been received by the model.

Mapping

In strategies, model propensity is automatically mapped to the strategy property called
.pyPropensity. There is no automatic mapping for the Evidence, Performance or Positives
outputs, but a strategy designer can manually map the outputs to any of the strategy
properties under the Output mapping tab.

Source components  Adaptive model Output mapping

Default mapping
Component sets .pyPropensity equal to the propensity of the adaptive model.

Enable additional mapping

Set .ModelEvidence 4 equal to Evidence
and | .ModelPerformance p equal to Performance

and | .ModelPositives 4 equal to Positives
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Optimizing Al in the NBA framework

Description

Learn how to improve the predictive power of your adaptive models by configuring
additional potential predictors. Input fields that are not directly available in the customer
data model can be made accessible to the models by configuring these fields as
parameterized predictors.

Learning objectives

e Configure additional potential predictors for an adaptive model

e Configure parameterized predictors
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Configuring an adaptive model

Explore how Al-based arbitration works for the website that U+Bank uses as a marketing
channel to recommend more relevant banner ads to customers when they visit their
personal portal.

As a data scientist, you can optimize the prediction that drives the decision of which banner
to show to a customer by adding clickstream summaries that extend the customer profile
with real-time behavioral data as potentially relevant predictors.

Transcript

This demo explores how Al-based arbitration works and shows you how to configure
additional potential predictors for an adaptive model.

U+ Bank implements cross-selling of their credit cards on the web by using Pega Customer
Decision Hub™ to show a credit card offer in a web banner when a customer logs in to their
account. The arbitration settings are defined in the Next-Best-Action Designer of Customer
Decision Hub.

Customer relevance Business priority Final priority
Propensity Context weighting Business value Business levers Explore arbitration results

Arbitration aims to balance customer relevance with business priorities to decide which
offer to show to the customer. To achieve this balance, numerical values that represent
propensity, context weighting, business value, and business levers are multiplied to arrive
at a prioritization value, which determines the top actions.

Propensity is the predicted likelihood of a customer showing the target behavior, in this
case, clicking a web banner. The Predict Web Propensity prediction calculates the
propensity. The Web_Click_Through_Rate adaptive model drives this prediction. The
model calculates the propensity for each credit card offer for which a customer is
eligible.

So, let’s see what is the next best action for customer Troy. For the current use case, the
direction is Inbound, and the channel is the Web. TopOffers is the real-time container
service that manages communication between Customer Decision Hub and the website
of the bank.
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Make Next-Best-Action decisions for the customer in the specified channel. The results are determined by enagagement policies, constraints and propensity.

Direction * Channel * Real-time container * Page placements (in priority order) (3 Context (optional) &
Inbound v || Web v | | TopOffers ~ )

When you request a decision for Troy, the Customer Profile Viewer shows you the
offers for which Troy is eligible. Based on business rules, Troy is eligible for two credit card
offers: the Rewards Card and the Standard Card.

Original model

Name Model evidence . Final propensity Rank Results
propensity

RewardsCard 0 0.5 09289 1 PASSED

StandardCard 0 0.5 0.0511 2 PASSED

When the first request for a decision comes in through the TopOffers service, Customer
Decision Hub creates an adaptive model instance for each of these offers. When created,
the model evidence is zero as no responses have been captured yet. With zero evidence,
the original model propensity is 0.5, or the flip of a coin.

The final propensity that is used in the prioritization formula deviates from the original
model propensity as it depends not only on the original model propensity but also on a
mechanism that introduces noise while the evidence is low. The noise decreases as the
model learns from the target and alternative responses, and the original model propensity
and the final propensity converge. This mechanism assures that new actions receive
exposure even when their models are still immature.

Initially, an action is presented to only 2% of the population to minimize the possibility of
customers receiving irrelevant offers. This percentage increases during the maturation of
the model to 100%. A model is considered mature after it has received at least 200 positive
responses.

The Predict Web Propensity is the Customer Decision Hub prediction that calculates the
final propensities for each combination of action and treatment in the inbound web
channel.

pylssue

A
and .pyGroup 4
and pyName 4
and .pyDirection 4
and .pyChannel 4
and .pyTreatment 4
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The adaptive model calculates propensities for most customers, but a small subset of customers is in
the control group. For this group of customers, the prediction generates random propensities.

Control group

The control group is used to measure lift by comparin ccess rate in the target group with the control group.
Customers in the control group wi y a random propensity.
(® Percentage Field
Percentage
20 %

By comparing the success rate of model-based actions to random actions, you can see the
impact of Al. The ratio of the success rate in the majority group and in the control group is
called lift, and lift is an important KPI. The use of a control group also enables the models to
explore alternative offers and remain flexible. The target response has a Clicked label by
default. For the alternative response, the label is NOResponse.

Response labels

Labels for the possible values of the responses.
Propensity to Click &t

Target label Alternative label

[1']

Clicked NoResponse

You can use additional response labels when an outcome has multiple possible labels. For
example, when a channel passes multiple labels for the same outcome.

The Response timeout setting determines how long the system waits for a response
from the customer after the impression. In a web scenario, the response timeout is 30
minutes by default, but an outbound channel requires a response timeout of several days
to provide customers with enough time to respond to the message.

Response timeout
You can choose how long yo
f this period elapses, the a

Propensity to Click
Indefinitely (® Fixed time frame
Amount  Time unit

30 minutes v

The Web_Click_Through_Rate adaptive model drives the prediction. The decision request
for Troy in Customer Profile Viewer prompts the creation of adaptive model instances for
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the combination of the Standard Card and Rewards Card offers and their inbound web
treatments.

Success rate

50 60 70 80 S0 100

Performance

An adaptive model instance is a self-learning, online predictive model that uses machine
learning to calculate propensity scores.It automatically determines the data fields that help
to predict customer behavior. Predictors can be one of two types: numeric or symbolic. The
system uses the property type as the default predictor type during the initial set-up, but you
can change the predictor type. For example, when you know a numeric predictor has a
small number of distinct values, such as when the contract duration is either 12 or 24
months, change the predictor type from numeric to symbolic.

Customer.ContractDuration O+ Integer symbolic v

Select...

Customer.HasOptInCall 4 TrueFalse numeric

Keep in mind that changing the predictor type effectively means removing and adding a
predictor. A best practice is to make these changes early in the process, as there is no way
to retain previous responses.

As a data scientist, you can enhance the model by adding additional fields. It is highly
recommended to add many uncorrelated predictors, as the models figure out which ones
to use. Additional predictors can include customer behavior, contextual information, past
interactions with the bank, and even scores from external models. The FSClickstream page
represents customer behavioral data that the system architect recently introduced.

The Interaction History (IH) dataset captures the customer responses. Aggregated fields
from IH summaries are automatically provided to the models as predictors. IH summaries
leverage historical customer interactions to improve the predictions.
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Predictor Aggregate Field from interaction history

IH.{Channel}.{Direction}.{Outcome}.pxLastGrouplD Last pyGroup
IH.{Channel}{Direction}.{Outcome}.pxLastOutcomeTime.DaysSince Last pxOutcomeTime
IH.{Channel}.{Direction}.{Outcome}.pyHistoricalOutcomeCount Count

An example of a predictor is the group of the most recently accepted offer in the call center
with the naming convention /H.CallCenter.Inbound.Accepted.LastGroup.

The model update frequency determines the number of responses that triggers an update
of the adaptive model instance.

Model update frequency

Update model after every

5000 responses

As a best practice, configure the Model update frequency so that model instances
update every 2-4 hours on average. The default setting is 5000, which is suitable for a web
banner with around 40 impressions per minute. Additionally, a model update occurs at
least every 12 hours to ensure all recorded responses are regularly processed.

You can save historical customer responses to the offers for offline analysis in a repository.

The default values for the advanced settings in an adaptive model are based on best
practices. Only a highly experienced data scientist should change the default values. By
default, the system uses all received responses for each update cycle, which suits most use
cases. The option to use a subset of responses assigns additional weight to recent
responses and increasingly less weight to older responses when updating a model.

The Monitor performance for the last field determines the number of weighted
responses the model performance calculation uses for monitoring purposes. The default
setting is 0, which means that the calculation uses all historical data.

Monitor performance for the last

g Wweighted last responses

Additional parameters determine the binning of the responses.
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Data analysis binning
Grouping granularity

0.25

Grouping minimum cases

0.05

The Grouping granularity field determines the granularity of the predictor binning. A
higher value results in more bins. The Grouping minimum cases field determines the
minimum fraction of cases for each interval. The default setting is 5% of the cases.
Together, these two settings control the grouping of predictors by influencing the number
of bins. A higher number of bins might increase the performance of the model, but the
model might also become less robust.

The system activates predictors that perform above a threshold. Over time, the system
dynamically activates or deactivates the predictors when they cross the threshold.

Predictor selection
Activate predictors with a performance above

0.52 AUC

Group predictors with a correlation above
0.8

Area Under the Curve (AUC) is a measure of the model performance of the predictor. It
tells how well the predictor can distinguish between classes. The minimum AUC value is 0.5,
so the value of the performance threshold should always be above 0.5.

The system considers pairs of predictors with a mutual correlation above a threshold as
similar, groups them, and uses only the best predictor in a group for adaptive learning.

To test the adaptive learning on target behavior, log into the U+Bank website as Troy and
click the web banner. In the Customer Profile Viewer, after repeatedly logging in as Troy and
clicking on the web banner each time, you see that the Original model propensity goes
up when a target response is recorded.

Decision time Name Final propensity  Original model propensity

3/1/227:11 AM StandardCard 0.7056 0.875
3/1/227:03 AM StandardCard 0.9140 0.8333333333333334

3/1/227:02 AM StandardCard 0.6234 0.75

3/1/227:00 AM RewardsCard 0.5050 0.75

3/1/22 6:56 AM StandardCard 0.7667 0.5

3/1/22 6:55 AM RewardsCard 0.8000 0.5

Likewise, when Troy repeatedly ignores the offer, alternative responses are recorded after
the Response timeout elapses.
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Decision time Name Final propensity Original model propensity

3/1/227:51 AM StandardCard 0.5915 0.5625

3/1/22 7:49 AM StandardCard 0.7478  0.6428571428571429

3/1/22 7:47 AM StandardCard 0.5859 0.75

3/1/227:45 AM RewardsCard 0.8564 0.625

3/1/227:41 AM RewardsCard 0.9000 0.8333333333333334

3/1/22 7:40 AM I StandardCard 0.9387 09 I

Consequently, the Original model propensity for Troy and customers like Troy
decreases.

You have reached the end of this video.. What did it show you?
¢ How to request a decision for a customer in Customer Profile Viewer.
e How to configure additional potential predictors for an adaptive model.

e How to explore the original model propensities and the final propensities in
Customer Profile Viewer.
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Creating parameterized predictors
Introduction

Learn how to improve the predictive power of your adaptive models by creating
parameterized predictors. Input fields that are not directly available in the customer data
model can be made accessible to the models by configuring these fields as parameterized
predictors.

Challenge

To practice what you have learned in this topic, consider taking the Creating parameterized
predictors challenge.

Transcript

This demo shows you how to create parameterized predictors for adaptive models.

U+ Bank shows personalized offers on their website when customers log in.

Standard card

0% APR and no annual fee

Learn more

The bank relies on Pega Customer Decision Hub™ to decide which offer to show the
customer.

Customer Decision Hub uses a prediction to predict the likelihood that a customer clicks on
the offer.

The prediction ingests data about the customer to calculate the propensity.
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https://academy.pega.com/challenge/creating-parameterized-predictors/v1
https://academy.pega.com/challenge/creating-parameterized-predictors/v1

Ideally, this data includes the customer profile, interaction context, customer behavior and
predictive model scores.

Data About
Customer

m Customer profile

. @ 0 Interaction context

“ Customer behavior

Model scores,

Qvi(p
BLY

Customer Decision Hub weighs the propensity to decide which offer to show on the
website, balancing customer relevance and business priority.

Data About
Customer

Input fields that are not directly available in the customer data model can be made
accessible to the models by configuring these fields as parameterized predictors.

This video demonstrates the implementation of two new parameterized predictors that can
add additional predictive power to the models.

The first predictor is the ratio of customer visits to the Loans web page in the last 30 days
and in the last 90 days.
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A high value may indicate the increasing interest of the customer in the content of this
page.

The second predictor is the score of a churn model running in Customer Decision Hub.

A customer that is likely to churn in the near future may be interested in different offers
than a customer that is predicted to remain loyal.

CREDIT CARDS LOANS  INVESTMENT Churn risk score

Visits last 30 days / Visits last 90 days

Managing predictions is a regular data scientist task.

PEGA Customer Decision Hub

h Q z S

Fcﬂ
Manage Next-Best-Actions Manage predictions Monitor outcomes

L ] Increase customer value by coordinating your Leverage the power of Al in your Next-Best-Actions Visualize how actions are performing and run
customer journeys across channels to provide using adaptive and predictive models. simulations to determine how they may perform
proactive and contextual actions. using Visual Business Director.

ol

The prediction that calculates the propensity that a customer will click on the offer on the
U+ Bank website is the Predict Web Propensity prediction.

Predict Web Propensity 100.0
(AUC)

82.00
EE.00

Performance

22.00

Time

Decision Request Jun 14,2021

Open prediction

One or more predictive models drive a prediction.

The Web Click Through Rate adaptive model drives the Predict Web Propensity
prediction.
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Supporting models

Name Component name Type Performance Status
Web_Click_Through_Rate Web_Click_Through_Rate_Customers Adaptive model 73.86 AUC

Adaptive models automatically determine which fields are used as predictors, based on the
individual predictive performance and the correlation between active predictors.

Maodels Predictors

Data last refreshed at Refresh data
June 14,2021 01:41:36 AM

Predictor name Modelﬁv Models Minimum Maximum
active  inactive performance performance p
Customer.Age 4 0 56.74 79.25
Customer.AverageBalance 4 0 54.78 61.26
Customer.AverageSpent 4 0 57.87 88.48
Customer.CLV_VALUE 4 0 53.85 61.05
Customer.CreditScore 4 0 54.69 64.07
Customer.MaonthlyPremium 4 0 55.60 65.98
Customer.NetPromoterScore 4 0 52.66 57.58
Customer.RiskScore 4 0 54.01 66.65
Customer.Gender 3 1 50.83 61.24
Customer.LifeCyclePeriod 2 2 50.00 56.66
Customer.DMOptin 1 3 50.43 52.52
Customer.MaritalStatus 1 3 50.29 52.72
Customer.SubscriptionFlag 1 3 50.70 55.16
Customer.BranchCode 0 4 50.00 50.00

Only fields with a predictive performance above the threshold become active predictors in
one or more models.

And, when predictors are highly correlated, they are grouped and only the best-performing
predictor from the group is used.

It is therefore a best practice to make many uncorrelated fields available to the models as
potential predictors.

In an adaptive model rule, three distinct types of predictors can be defined.
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Monitor Predictors Outcomes Settings

Fields (149) Parameters (5) IH summaries (Enabled)

Add field ~
Name Data type Predictor type
Customer.Age 4 Integer Numeric A
Customer.AverageBalance 4 Decimal Numeric A
Customer.Averagespent P Decimal Numeric A

The first predictor type concerns fields that contain customer attributes, such as age and
average account balance, and customer behavior data summarized in Customer Profile
Designer.

The second predictor type is parameterized to reference attributes that are not part of the
customer profile.

Examples that can provide additional predictive power include derived fields, such as the
time of day, and model scores.

Fields (45) Parameters (5) IH Summaries (Enabled) ]

Add parameter

Name Data type Predictor type

Journey Text w  Symbaolic ~
JourneyStage Text ~  Symbolic v
LastjourneyStage Text ~  Symbolic iV

The third predictor type is an Interaction History summary, which leverages historical
customer interactions.

[ Fields (46) ‘ Parameters (4) IH Summaries (Enabled)

Aggregated fields from interaction history summaries are automatically provided to the models as predictors.

IH summaries leverage historical customer interactions to improve the predictions. ®

Predictors based on interaction history summaries are Enabled ~

IH Last 91 Days for each Subject ID, Subject Type, Channel, Direction, Outcome

Predictor Aggregate Field from interaction history
IH.{Channel}.{Direction}.{Outcome}.pxLastGroupID Last pyGroup
IH.{Channel}.{Direction}.{Outcome}.pxLastOutcomeTime.DaysSince Last pxOutcomeTime

IH.{Channel}.{Direction}.{Outcome}.pyHistoricalOutcomeCount Count
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This demo focuses on parameterized predictors.

Monitor  Predictors ~ Outcomes  Settings

Fields (149) Parameters (5) IH Summaries (Enabled)

Add parameter

For adaptive learning, there is no difference between parameterized predictors and regular
predictors.

To create a parameterized predictor, you add it in the adaptive model rule.
In the example of Loans page views 30 days-to-90 days ratio, the data type is double.

Fields {149) Parameters (6) IH Summaries (Enabled)

Add parameter

Name Data type Predictor type

Journey Text ~ | Symbolic ~ |
JourneyStage Text w | Symbolic v |
Lastjourneystage Text ~ | Symbolic ~ Tl
TimeOfDay Time Of Day ~ || Numeric ~ Tl
RiskModelScore Double ~ | Numeric w Tal]
RatioLoansPageVisits30to90 Double ~ | Numeric v imi

A prediction is implemented as a decision strategy.

Define Web "\ Random/
> Control 1 1+ Treatmen - » \-' Model >
t Model ... c

Imports Imports <Alls from S Propensity and .

SetSubjectHash_101506 WebTreatmentModellmp sing ModelCo

The decision strategy defines the control group and contains a sub strategy that references
the adaptive model rule that drives the prediction, in this case the Web Click Through Rate
model.
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v i Customers

Web_Click_Th
External h_R.
. - rough_Rate_ & -

The values of parameterized predictors are set in the adaptive model component in the
decision strategy.

~ Supply data via

Parameterized predictors

RatioLoanPageVisitsLast30to90Day {o}

The expression used for the new predictor says that if a customer has never visited the
page in the last 90 days the value is set to zero ...

... otherwise it is set to the number of visits in the last 30 days divided by the number of
visits in the last 90 days.

Expression builder Browse Test

IF(Primary.Customer.FSClickstream.LoansPageVisitsL
ast9eDays=0,90,
divide(Primary.Customer.FSClickstream.LoansPageVis
itslLast3eDays,Primary.Customer.FSClickstream.Loans
PageVisitslLast9@Days)

When you add a parameter in the model rule, it automatically enables the field for input in
the adaptive model component.

In the second use case, you want to include the score of a churn model running in
Customer Decision Hub as a potential predictor.

Just as in the first use case, start by adding the new parameter to the adaptive model.
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RatioLoansPageVisits30to90 Double w || Numeric v

ChurnRisk Double ~ || Numeric ~

For this use case, you need to alter the prediction decision strategy.

To access the model scores, you add an external sub strategy that returns the score of a

predictive model that calculates the churn risk of a customer.

v # Customers }

Web_Click_Th
[Sub rough_Rate_...
. Strategyl o

Not configured Sets elEvidence,

ModelPerformance, MedelPos..

Create a new sub strategy that references the churn model on the customer page ...

. @
®—, - >

Sets ChurnRisk from Churn, for
Loyal and Churn segments

...and map the score of the model to a new property in the Strategy Result class.

Source components Predictive model Output mapping

Default mapping

Component sets .pxSegment equal to the result of the predictive model, and returns
.pyPropensity. In case of an error .pxSegment is set to 'error’

+ Additem X Delete

Target Source (Churn)

Set | ChurnRiskScore 4 equal to |Score v |

The Score output field of the churn model is a numeric field with values from 0 to 1000. A

high value indicates a high churn risk.

You can now use this ChurnRiskScore property to populate the predictor in the adaptive

model component in the decision strategy.
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RatioLoanPageVisits30to90 @IF{Primary.Customer.F5Cl ickstream.‘

ChurnRiskScore .ChurnRiskScore

After refreshing the data, the two parameterized predictors are available to the models.

They are currently inactive, but they will become active predictors over time, when they
prove to have predictive power.

The Churn model is now one of the supporting models in the prediction that calculates the
likelihood that a customer clicks a specific offer.

Supporting models

Name Component name Type Performance Status
Churn Churn Predictive model ——
Web Click Through Rate Web Click Through Rate Customers Adaptive model 73.86 AUC

You have reached the end of this demo. What did it show you?

How to create parameterized predictors
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Monitoring adaptive models

Description

It is a regular data scientist task to inspect the health of the adaptive models and share the
findings with the business. The predictive performance and success rate of individual
adaptive models provide information that can help business users and decisioning
consultants to refine business processes. The content of this moduleshowcases adaptive
models used in Customer Decision Hub predictions that aim to optimize customer
engagement but is equally relevant for case management predictions.

Learn how to monitor the performance of the adaptive models and how to export the raw
data that adaptive models have processed to inspect and validate the predictors.

Learning objectives

Name the key metrics of adaptive models visualized in the bubble chart
e Inspect individual active and inactive predictors

e Explain how predictors with similar predictive performance are grouped
e Examine the propensity distribution and the trend for the whole model

e Export the raw data that is used by adaptive models
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Regular monitoring of adaptive models
Regular monitoring of adaptive models

Adaptive models will learn from all customer interactions, adjusting to changing behavior
over time. To confirm the continuing accuracy of your adaptive models, perform the
following tasks regularly:

e Check the performance and success rate of your models every two weeks.
e Inspect predictors every two or three months.

The purpose of regular inspection is to detect factors that negatively influence the
performance of the adaptive models and the success rate of the actions.

Identifying technical problems

Look for adaptive models with a success rate of zero. This means that the actions for these
models do not have any positive responses.

Identifying actions for which the model is not predictive

Look for adaptive models with low performance. Consider adding additional data as
predictors.

Identifying actions that have a low number of responses

Look for adaptive models with a low number of responses. Discuss the eligibility criteria set
in the Next-Best-Action Designer with the business. Changing the exclusion settings may
increase the number of responses.

Identifying actions that are offered so often that they dominate other actions

Look for adaptive models with a high number of responses. A high number of responses
might be fine from the business point of view. However, if necessary, prioritization can be
adjusted in the Next-Best-Action Designer.

Identifying actions with a low success rate

Look for adaptive models with a low success rate. If the model performance is high, the
relevance to the customers is high, but the action is unattractive and should be discussed
with the business.

Inspecting an adaptive model
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Inspect your model after introducing a new action, adding or removing a predictor, or
changing prioritization. Take note of the active and inactive predictors.

Inspecting predictors

Check the details of a predictor with a low performance score. A possible cause can be too
many missing values for the predictor. Look at the top predictors and in the bins that have
a particularly high or low success rate.

Identifying predictors that are never used

Because unused predictors have only a minor effect on model performance, you do not
need to remove them from an adaptive model configuration; however, you can conduct an
occasional cleanup as part of your maintenance activities. An unused predictor might still
become relevant for a future action.
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Inspecting adaptive models
Introduction

The predictive performance and success rate of individual adaptive models provide
information that can help business users and decisioning consultants to refine the Next-
Best-Actions of the company. Monitoring of the health of adaptive models and their
predictors is a regular data scientist task that can be performed in Prediction Studio.

Transcript

This demo will show how to inspect the health of your adaptive models and their
predictors. This is a regular data scientist task.

The predictive performance and success rate of individual adaptive models provide
information that can help business users and decisioning consultants to refine the Next-
Best-Actions of the company.

/"% PREDICTION STUDIO Application: PegaCRM_Marketing O ® % oeveopment
i & Models Actions v New
e Al v | status | Al edby Anyone Last updated 54 models BN =

Web_Click_Through_Rate Email_Click_Through_Rate PegaCRM_Marketing2488 all Center Accept Ra MeasureLift

Adaptive model —_ Adaptive model Compliant Text categorization - Topic model Adaptive model —_ Adaptive model Compliant

Completed 417120 5:53 AM Completed 417120 5:16 AM Completed 417120 5:16 AM Completed 2/3/207:52 AM Completed 2/3/20 4:43 AM
|
|
]

Propensity To Accept Omni Adaptive Model Date Relationship Email Parse

Adaptive model —_ Adaptive model _ Text extraction - Ruta script Text extraction - Ruta script Text extraction

Completed 2/3/20 4:41 AM Completed 2/3/20 4:41 AM Completed 2/3/20 4:27 AM Completed 2/3/20 4:27 AM Completed

A

2/3/20 4:27 AM !

We will inspect the Web_Click_Through_Rate model, that calculates the propensity that a
customer will respond positively to an offer made on the web channel.

The Monitor tab of an adaptive model configuration shows a bubble chart that visualizes
the key metrics of all models generated.
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Each bubble represents the model for a specific action.

The size of a bubble indicates the number of responses (positive and negative) to that
action that have been used in the adaptive learning process.

In this example, there is a model for every action belonging to the Credit Card group.

When you hover the cursor over a bubble, you can view the name of the action, the
performance, the success rate, and the number of responses.

In the legend, display of models can be toggled on and off.

The Performance axis indicates the accuracy of the outcome prediction.

The model performance is expressed in the Area Under the Curve (AUC) unit of
measurement, which has a range between 50 and 100.

The higher the AUC, the better a model is at predicting the outcome.
The Success rate axis indicates the success rate expressed in percentages.
In this example, the success rate represents how often a web banner is clicked.

The system calculates this rate by dividing the number of times a banner is clicked by the
total number of times the banner was shown on the website.

The information you see here is extracted from the Adaptive Data Mart, which is a reporting
view of the Adaptive Decision Manager (ADM) server.
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The Adaptive Data Mart is built automatically by a process running in the background. This
process creates snapshots at regular time intervals.

This means that the data as reported may not be the same as the data you see when you
view it in real-time. You can refresh the view to synchronize the data.

The model context includes the channel and direction, so you have different models for the
Call Center, Email and Web channels, as well as for the inbound and outbound directions.

You can apply filtering to focus on models for a particular direction or channel, or a
combination of the two.

. Models . Predictors

Filter

Direction | Inbound ¥ Channel | Web v

Actionable insights are generated for individual models when the number of responses,
model performance or success rate significantly changes over time.

PREDICTION STUDIO ~ Application: PegaCRM_Marketing
NOTIFICATIONS

< Adaptive Model : Web_Click_Through_Rate

Adaptive Model ™
Monitor  Predictors ~ Outcomes  Settings Omni Adaptive Model - RewardsPlusCard
9 Model performance is at its minimum of 50
AUC
ek
Models  Predictors 1 hour 30 mins ago @
ck_
Filter Data last refreshed at Refresh data A =
Maodel status
April 13,2020 05:28:09 AM ool s SIpEEY
Direction | Any direction ¥ | Channel = Any channel v
Business issue Select...
Chart Actions: + Status Available
Data-Decis
Class
° ustomer
245 . PegaCRM-£
245 Ruleset
@ -
. er Rewards card
> Insights (0)
A2 ~ Model context
Business issue
Group
Performance Name

On the Predictors tab, the number of models in which a predictor is active, and the
performance of the predictor is displayed.
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#
Predictor name Models¥ Models
active inactive

4 0

4 0

0
0
4 0
0

In this case, the Age predictor is used in all four models.

The HasMorgage predictor is active in three models and inactive in one model, where its
predictive power is below the threshold.

The default value for this threshold is 52 percent.

Predictor selection
Activate predictors w th a performance above

0.52 AUC

The system continuously monitors the predicting power of every predictor. If the predicting
power of a predictor drops below the threshold value that predictor is deactivated.

The data that is used to visualize the models in the bubble chart is displayed in a table
below the chart.

For each model number of responses, success rate and performance are shown.

From the adaptive model table, you can drill down into a model report for a specific
adaptive model.

Predictors Score distribution Trend

Correlated predictors are grouped and the best performing predictors become active in the mode
Predictors Status Type Performance (AUC) Range/Symbols(#) Bins(#)
Customer.AverageSpent ACVE  \ymeric 80.86  [1001.33; 1997.33] 9
Customer.Age ACtive  \umeric 75.54 [19.0; 80.0] 9
Customer.InteractionContext.PreviousWebpage Active Symbolic 74.22 4.00 4
Customer.AverageBalance ACIVE N ymeric 73.51 [506.21; 1996.78] 9

There are three tabs, reporting on predictors, the model score distribution and the trend. In
the predictors report, you can examine the performance of individual predictors.
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Let's examine a couple of them.

In this case, the best performing predictor is AverageSpent. This a predictor of type
numeric.

The system split the AverageSpent predictor into 9 bins. Each bin has its own offer
propensity.
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Propensity is the likelihood of positive customer behavior, which in this example is clicking
on a web banner.

Now, let's examine the symbolic PreviousWebpage predictor.

The system split this predictor into 4 bins. The context of an interaction, in this case the
previous web page visited by the customer, can be highly predictive.
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To further improve the predictive power of the models the system uses Interaction History
summaries.

In this example, the adaptive system established that the number of days since the offer
was accepted is a well-performing predictor.

50

24

o

Responses (%)

=
() Aisusdoay

<5
Ty

Range

| Responses (%) Propensity {¥a)

The system grouped three predictors that are correlated. It then marked two of them as
inactive. Inactive predictors are not used in the propensity calculation.

H.Web.Inbound.Impression.pxLastO J:l::)meTi-ﬁe.E'ey-sS'n-:eACtive Numeric 56.52 [1.96; 3.9] 5
H.Web.Inbound.Impression.pxLastGrouplD Inactive Symbaolic 54.48 2.00 2
H.Web.Inbound.Impression.pyHistoricaloutcomeCount  M3tVE Nymeric 54.45 [1.0;1.0] 2

The Score distribution report enables you to examine the propensity distribution for the
whole model.
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Responses (%)

Range

tls Responses (%) <O Propensity (%)

And in the trend report you can see the performance of the model over time.

Perfarmance [AUC)

Apr-11 Apr-1Z Apr-13 Apr-14
Date

This demo has concluded. What did it show you?
- How the key metrics of adaptive models are visualized in a bubble chart.
- How you can customize the bubble chart by filtering.
- How to inspect active and inactive predictors.
- How to inspect individual predictors.
- How predictors with similar predictive performance are grouped.
- How to examine the propensity distribution for the whole model.

- How to examine the trend for the whole model.
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Exporting historical data
Introduction

Learn how to extract historical data (predictors and outcomes) from adaptive models in
your application to perform offline analysis or use the data to build models using the
machine learning service of your choice.

Transcript

This demo shows you how to export the customer interaction data that is used by adaptive
models to make predictions, including all predictor data and associated outcomes, for
offline analysis.

U+ Bank has implemented Pega Customer Decision Hub™ to show a personalized banner
on their website that advertises credit card offers.

When a customer is eligible for multiple credit
cards, adaptive models decide which card to show.

When the customer ignores the banner, the
adaptive model that drives the decision regards
this as negative behavior.

When a customer clicks on the banner, the model
regards this as a positive behavior.

As a data scientist, you may want to inspect the
raw predictor data used by an adaptive model and the customer interaction outcome to
validate data assumptions and check for concept drift.

You can also use the data to build various predictive models externally.
All models are managed in Prediction Studio.

The adaptive model that drives the decision over which banner to display is the Web Click
Through Rate model.
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Success rate
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Performance
Web_Click_Through_Rate

To extract the data, you enable the recording of historical data for a selected adaptive
model.

A web banner typically has a low click-through rate and a significantly lower number of
positive responses than negative responses.

In such cases, you can sample all positive outcomes and just one percent of the negative
outcomes to limit the storage space needed.

Recording historical data

Save historical data in a repository t

B o

o o

You can find an overview of the hist n

Historical data overview.

Record historical data

Sample percenta

Sample percenta

MNoRes ponse, 1.00%
Impression

The sample percentages determine the likelihood that a customer response is recorded.

The system stores the predictor data and outcome as a JSON file in a repository of your
choice.

By default, the data is stored for 30 days in the defaultstore repository.

However, this repository points to a temporary directory, and a system architect should
switch to a resilient repository to avoid data loss.

Supported repository types include Microsoft Azure and Amazon S3.
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Select repository type X

O

= AMAZON $3 £ FS
JFrog Artifactory
Artifactory 53 File system
gl Microsoft
.. -"‘\," ire
Azure

For this demo, we use the default store repository and create a data set to export the data.

New data set X
Name %
ADMPayload
Type *

File hd
Apply to %

PegaCRM-Data-Customer

Development branch Add to ruleset Ruleset version
[No branch] + PegaCRM-Artifacts 01-01-99 w

The data set is mapped to the file that contains the recorded historical data.
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File Mapping

Data source

(®) Files on repository
Embedded file

Connection

Repository configuration#

defaultstore

File configuration

(®) Use a file path
Use a manifest file

File path#* (&
ADM!RUIe—Decision-AdaptiveModel.fData-Decision-Requesj Preview fila

With these settings in place, the input data used for the prediction and associated outcome
are stored in the configured data set when customers see an offer and click on an offer.

The system architect can download the data set in DEV Studio.

Data set: ADMPayload [ Available]
PegaCRM-Data-Customer ADMPayload PegaCRM-Artifacts:01-01-99

Save as Actions ~

File Mapping Specifications History Run
Refresh

Data source Delegate

Add to favarites

(®) Files on repository

Embedded file
Import

Every record contains the predictor values used for the prediction, as well as the context
and the decision properties, including the outcome of the interaction.

All property names are automatically converted to comply with the JSON format.
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Monitor  Prdictofg,
—" ~ Details

Web_Click_Through_Rate

Farameters P oo
: "Premier Rewards card tile",
Ll
Add field ~ B . v
: "CreditCards",
Howe 1 "8817.0",
: "7.0m,
- : "Joanna",
TN
= 4 s "100:0%;
= 110023,
= ngon,
: owym,
ustomer.BranchCode : "-3320806451547993547",
: "400.07,
Customer.ChurnScore . . ws550.0"
: "250.0",
etk : mclicked”,

DT

To use the JSON file for further analysis, import the file into a third-party analytics tool.

Keep in mind that when many customers visit the website, the file size becomes very large
in a short time. To limit the storage space needed, you can lower the sample percentages.

You have reached the end of this demo. What did it show you?
- How to export the raw data that is used by adaptive models.

- What data is captured during a customer interaction.
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The impact of machine learning

Description

The boost in the success rate, also known as lift, that artificial intelligence (Al) achieves is an
important business metric. To report on this metric, a data scientist can use predictions.
Predictions add best practices to predictive models and use a control group as a
benchmark to measure lift. Customers in the control group receive a random offer instead
of the one selected by Al. The use of a control group also adds a degree of exploration to
the exploitation of the models.

Learning objectives
e Describe how predictions add best practices to predictive models
e Explain how the use of a model control group allows the measurement of lift

e Explain how the use of a model control group adds exploration to the exploitation of
the models
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Measuring lift using a control group
Introduction

The boost in success rate achieved with adaptive models can be measured using a control
group in Predictions. Predictions are strategies that add best practices to predictive models.
Customers in the control group will receive a random offer instead of the one
recommended by the Al. This allows a comparison between the control group and the rest
of the audience. It also enables the models to explore alternative outcomes.

Transcript
This demo shows you how to use a control group to measure the boost in success rate the
adaptive models achieve.

U+ Bank is a small retail bank. When customers log in to the U+ Bank website, they see the
credit card offers for which they qualify based on the engagement policy defined by the
business.

When customers qualify for multiple credit card offers, adaptive models decide which is the
best offer to show.

Adaptive models are self-learning and will automatically learn from customer interactions.

The models interpret a click on the offer banner as positive behavior. When a customer
ignores the banner, this is interpreted as negative behavior. Models are updated
frequently.

Standard card

0% APR and no annual fee

An important business metric is the lift in success rate that the models generate.

To measure and report on this metric, a data scientist can use Predictions. Predictions add
best data science practices to predictive models.

One of these is to use a control group as a benchmark for measuring the lift that the
models achieve.
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All out-of-the-box predictions available are listed on the Predictions landing page in
Prediction Studio.

Pl PREDICTION STUDIO Application: PegaCRM_Marketing

Predictions

Predict Web Propensity 82.61 Predict Outbound SMS Propensity 'a‘cf" Predict Outbound Retail Propensi... ::‘cr'nz'ca
: (AUQ) availabie yer available yer
. + \ g
80 '—‘-'_"*—-—-Q—-—f—"‘._—'.
g
§ 60
£
Data £ 40
&
20
: + +

Decision Request Nov 12, 2020 Decision Request Jul 28, 2020 Decision Request Jul 28, 2020
Open prediction H Open prediction i Open prediction

All predictions

All subjects ~ | |Search

Name T Subject T Qutcome T Performance (AUC)
Predict Web Propensity Decision Request Clicked 1 82.61

Predict Outbound SMS Propensity Decision Request Clicked

The Predict Web Propensity prediction monitors the responses from the U+ Bank website.

The outcome of this prediction is the propensity to click on a web banner.

Overview Models Settings

Predict Web Propensity

ne frame
Day ~ Nov062020-Nov122020 Refresh data

Propensity to Click
e
Data_Decision_Request_Customer
4 50.93 Propensity to Click Rate 4 103.72 Lift (%) Configure
Insights
No insights present for this model in
the latest data refresh,
i 202
v o °

A percentage of the total number of customers is randomly reserved for the control group.

The customers in the control group receive a random action instead of the action that the
Al recommends.
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A small percentage is sufficient to measure lift. By default, the control group is set to reflect
2% of the population, but you can change that value if desired.

24 Control group
The control group is use
Customers in the control group w

p with the control group.

@® Percentage

Alternatively, customers can be appointed to the control group based on a customer
attribute.

24 Control group
The control group is usec
Customers in the cont

o measure lift by comparing the success rate in the tar
‘oup will receive an action determined by a random prt

roup with the control group.

Percentage @ Field

.ControlGroup p equalto Yes

In the first chart, the yellow line shows the success rate, such as the accept rate, or, in the
case of the Predict Web Propensity prediction, the click rate for the control group.

The blue line shows the success rate for all other customers, referred to as the test group.

4. 50.93 Propensity to Click Rate

ag
@ 25
E S0
<
w
n
@
G
2 L,
a <

- [

2

Control group, Nov 11,2020, 23.81
m Test group, Nov 11,2020, 51.34
Mov 06,2020 Nov 07,2020 MNov 08,2020 Nov092020 Nov 10,2020 Nov 11,2020 Nov 12,2020

Control group @ Test group

As customers in the control group are presented with a random offer, the success rate is
expected to be lower than for the test group, for whom the offer is based on the propensity
to click.

The second chart shows the lift over time, which is the difference between the blue and
yellow lines, expressed as a percentage.
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4 103.72 Lift (%)

Lift

06,2020 07,2020

The use of a control group allows the measurement and monitoring over time of the
efficiency of the machine learning process.

The control group also enables another data science best practice: mixing some exploration
into the Prediction exploitation.

As the random offers made to the customers in the control group are not based on a
particular customer profile, the models have a degree of freedom to explore.

In the notification section, two actionable insights related to lift are provided when
applicable: absence of lift ...

... and a lift that is significantly lower than in the previous week.

Predict Web Propensity

Propensity to Click

Data_Decision_Request_Customer

Insights
Lift has dropped by more than

10% compared to the previous
woeek

Both notifications prompt for an inspection of the model that drives the prediction as well
as its predictors.

The third graph shows the performance of the model over time.
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J- 82.61 Performance (AUC) Show distribution
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The ROC curve shows the true positive rate, or sensitivity, versus the false positive rate, or 1
minus the specificity, of the prediction.

1

True positive rate

o Ly
o

False positive rate

=% Artua

Also, a decile distribution graph is provided for further inspection.
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1K 0.9

0.72

0.34

Count

0.36

0.18

0
0-0.053 0.053- 0.101- 0.193-0.24 0.24-0.352 0.352- 0.534- 0.733- 0.807- 0.8231
0.1M 0.193 0.534 0.733 0.807 0.823
Score range
il, Count = Behavior

You have reached the end of this demo. What did it show you?
- How predictions add best practices to predictive models.
- How the use of a model control group allows the measurement of lift.

- How the use of a model control group adds exploration to the exploitation of the
models.
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Pega Process Al overview

Description

Gain a greater understanding of the key features, capabilities, and benefits of Prediction
Studio. Prediction Studio is the dedicated workspace for data scientists to control the life
cycles of predictions and the predictive models that drive them. Configure the predictions
that are deployed in Pega Process AI™ to increase efficiency and effectiveness in case
management.

Be aware that the content of the Pega Process Al mission is partly based on Pega Customer
Decision Hub™ use cases. Although a data scientist working with Pega Process Al does not
use the Customer Decision Hub portal, the material has a generic value.

Learning objectives
e Describe the use of Pega Process Al in case management

e Explain the types of predictions that are available in Prediction Studio
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Pega Process Al overview
Introduction

In recent years, artificial intelligence has moved out of the labs and helped enterprises
generate proven business value. At the same time, operationalizing Al can be a bottleneck.
Pega Process Al™ tackles this problem by using Al to self-optimize processes and applying
your own Al in Pega case management.

Transcript
This video provides an overview of the Pega Process Al capabilities in intelligent
automation.

Process management aims to optimize business processes by increasing efficiency,
consistency, and transparency, which decreases costs and improves quality.

o On OO | @ PRoRTzAT.

3

For example, consider an online order process. The customer submits an order, and the
company processes and then delivers the order.

B-5-§

Submit order Process order Deliver order

An Pega Platform application that models the online order process follows the same
sequence as a series of stages. A case type is the abstract model of that process.

Case types model repeatable business transactions that might refer to a customer, or
another entity, such as a machine in a maintenance case type.
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The case life cycle for a case type helps to visualize the work to complete as part of a
business transaction.

Each stage in the life cycle contains the steps required to complete it and move to the next
stage.

Place Order Process Order Ship Items

1. Enter customer details 1. Check inventory 1. Forward to shipper

2. Confirm basket contents 2. Pack items 2. Deliver to customer

3. Enter payment information

A case is a specific transaction instance of the case type.

Each time a user submits an online order, Pega Platform creates an order case and assigns
the case a unique identifier.

=

0-67 \
o
a ~
0-68 L mmp W
|
/| o
Submission Processing Delivery

A case type can use declarative rules to manage the workflow, for example, to confirm that

the order contains a valid shipping address or the order amount threshold to qualify for
free shipping.

180



Pre-Defined

e ——————

Declarative rules to guide workflow

Pega Process Al can improve the quality of the decisions in the workflow by weighting in
predictions, driven by predictive models.

The first approach is to operationalize existing predictive models that have proven their
efficiency, to support the decisions that benefit from predictions, such as credit risk in a
sales case or fraud risk in a claims case.

For example, the decision not to process an order can be based on a high credit risk score,
and then the application can route the dubious claim for closer inspection.

Pre-Defined

Predictive models and rules
as inputs to a workflow
decision point

Declarative rules to guide workflow

The inputs for such a predictive model can be attributes of the case itself, such as the
claimed amount in a claims case type, but they can also include data such as the number of
claims submitted recently by the same customer.

You can build predictive models in Prediction Studio, import the models in the PMML and
H20 formats, or run externally on the Amazon SageMaker and Google ML platforms to
drive a prediction.

To optimize case outcomes, use adaptive models that can predict outcomes, such as case
resolution, or intelligently prioritize and route cases to optimize business value and
customer experience.
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Adaptive

Self-optimizing models and

always-on strategies that
optimize outcomes, such as
. Case resolution
Pre-Defined

SLA forecast
Predictive models and rules
as inputs to a workflow

Escalation
Prioritization
decision point

Get next work
Routing
Next-Best-Action

Declarative rules to guide workflow

Adaptive models self-optimize by learning from the previous case outcomes that they
capture.

The objective of Pega Process Al is to make sense of the incoming data and then decide on
the best action to take in a specific stage of the case.

You can enhance the incoming data analysis by event processing to detect patterns of
interest in real-time data streams and by natural language processing of incoming text.

01010110

10010011

01100110

10101001

Make sense of Decide in real time
incoming data on the best action

; Business rules
Event processing

Text analytics Decision management and
predictive analytics

The decision is based on the business rules and supported by predictive analytics. This
process is repeated every time that the case requests a decision.

As the number of processed cases increases and model evidence accumulates, the
predictive power of the models increases over time.

To summarize, Pega Process Al uses artificial intelligence in case management to produce
better business outcomes.

You can use real-time, adaptive case outcome predictions and your own Al models in
custom predictions.
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Real-time, adaptive case outcome predictions
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Predicting fraud

Description

Occasionally, an insurance claim might be erroneous or even fraudulent. To detect fraud
and optimize the way in which the application routes work and meets business goals, learn
how to use your own predictive models in case management.

Learning objectives
e Create a prediction to detect fraud

e Use the new prediction in a case type
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Predicting fraud
Introduction

Pega Process AI™ lets you bring your own predictive models to Pega. Use predictions in
case types to optimize the way in which your application processes work and to meet your
business goals. Learn how to use a predictive fraud model to effectively route suspicious

claims for closer inspection.

Transcript
This demo will show you how to use a predictive fraud model in a case type to route
suspicious claims to an expert.

U+ Insurance uses Pega Platform™ for case management. The life cycle of the case type
that processes incoming car insurance claims contains a fraud detection stage, a regular
process stage, and a complex claim process stage.

2 Detet 1Comelex dainy L et C e

Create Detect fraud Assessment Complex claim inspection Completed

E Collect claim details n Decision n Decision Expert assessment Disbursement email
+ FORM STEP Straight-through Regular process + STEP + STEP

Fraud assessment To expert

CONFIGURE PRO CONFIGURE PROCESS

When the case is resolved, the claimant receives an email that communicates the decision.

The decision step in the Detect fraud stage routes cases with a low claimed amount for
straight-through processing.
When
Custom condition v
(ClaimedAmount is less than 100)

Goto
Straight-through v

A set percentage of claims with a high claimed amount is routed to an expert for fraud
assessment.

ClaimedAmount ~ is greater than v 1000
and v
Is Random Check ~ is true vl @

Consider this car insurance claim. The claimed amount is 50.

185



ClaimedAmount

50

The claim qualifies for straight-through processing as the claimed amount is below the
threshold. The case is automatically resolved, and the claimant receives an email that states

that the claimed amount will be disbursed.
Car insurance claim

Subject: Disbursement of claim

Dear customer,

This is to inform you that claim number E-5004 has been resolved. The claimed amount will be disbursed.

A fraud expert inspects a set percentage of cases with a high claimed amount.

Car insurance claim

Assignments

Task Assigned to
Please approve or reject this Car insurance claim e Expert
~ CREATE DETECT FRAUD CLAIM PROCESS

After approval, the system routes the case to the regular claim process.

Car insurance claim

Assignments

Task Assigned to
2m  Expert inspection (Claim process) @ Claims Operator
~/ CREATE ~/ DETECT FRAUD CLAIM PROCESS

U+ Insurance wants to improve the effectiveness of fraud detection by using a predictive
model that calculates the fraud risk of each claim.

The business requirements are that claims only qualify for straight-through processing if
the fraud risk score is very low, while all claims with a high fraud risk score are inspected by
the fraud expert. The routing of randomly selected cases to the fraud expert must remain

in place to create a control group.

186



The data scientist team of U+ Insurance has developed a fraud model on the H20.ai
platform and has validated the model against historical data that the company captured.

The system qualifies a claim as abnormal if the probability of fraud exceeds the threshold;
otherwise, the system classifies the case as normal.

To implement the fraud model, you create a new case management prediction. You can
create a custom prediction that can forecast binary or numerical outcomes.

What is the outcome type? (@
(® Two categories
Continuous value

For fraud detection, Process Al provides an out-of-the-box template. The claim is the
subject of the prediction.

Prediction name

Predict Claim Fraud

QOutcome

Custom %

Case completion

Claims fraud

Custom

Subject

Claim v

A placeholder scorecard initially drives the prediction.

Claims fraud

Name Type Performance Status

Predict Fraud Scorecard —_ ACTIVE

When the predictive fraud model replaces the scorecard, the prediction is ready for
implementation in the Car insurance claim case type. You replace the placeholder with a
machine learning model, a scorecard, or a field that contains a precalculated score. You can
upload a machine learning model as a PMML or H20 file. Alternatively, you can connect to
online machine learning services.
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Replace model

()l Compare the models @
Upload Machine learning service ~ Model list

Select a PMML, H20 MOJO or Pega OXL file

Choose File

You can select predictive models that are available in the application in the model list. When
the model is ready for review, approve the model to replace the scorecard.

Evaluate FraudH20 X

Evaluate the model and provide your feedback. @
Evaluation

(®) Approve candidate model and replace current active model
Reject candidate model

Reason %

H20 model replaces placeholder scorecard

Cancel Save

The fraud model now drives the prediction.

Claims fraud

Name Type Performance Status

FraudH20 Predictive model —_— ACTIVE

When you run the model with these input values, the model qualifies the claim as
abnormal.

Field name T Type T Input T
EntitledAmount Double 10000

ClaimedAmount Double 900

ClaimFrequency Double 1

SuspiciousClaim Double 2

ClaimRatio Double 0.8

The model predicts the claim to be abnormal because the propensity value is above the
threshold.
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~ Outputs
Results

Result
abnormal

Propensity
0.8375238099694252

Predictors of the model include the claim data, such as location and claimed amount, but
can also cover customer behavior data, such as the number of recent claims.

As an application developer, you can implement the fraud prediction to route claims based
on the fraud risk calculated by the model. To use your fraud prediction, add the prediction
to the case type.

Predictions

‘-.-‘anage predictions ana associated 'Jb‘EIIZ Ves

Prediction Objective Data object
Predict Fraud Risk [] Claims fraud Claim

-+ Add prediction

Next, in the Decision step in the Detect fraud stage of the life cycle, implement the
prediction. Add the condition that only claims with a very low predicted fraud risk qualify
for straight-through processing.

ClaimedAmount ~ is less than A 100
and v
Probabhility ~ is less than v 10

Replace the condition that routes a claim to a fraud expert based on the claimed amount
with a condition that is based on the outcome of the fraud model and change the logical
operator to generate the control group.

Probability ~ is greater than v 50
or v
Is Random Check ~ is true vl ©

When you run the same claim that previously qualified for straight-through the claim now
disqualifies because the condition that fraud risk is very low is not met and the system
consequently routes the case for regular processing.

189



Car insurance claim

Assignments

Task Assigned to

2m  Expert inspection (Claim process) @ Claims Operator

When a claim with the same predictor values as previously tested in Prediction Studio is
run, the system routes the case to the fraud expert.

Car insurance claim
Assignments

Task Assigned to

Please approve or reject this Car insurance claim e Expert

This demo has concluded. What did it show you?
e How to create a case management prediction driven by a predictive model.

e How to use a prediction in a case type.
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Predicting case completion

Description

Pega Process AI™ can help to distinguish regular from complex claims. Complex claims
often escalate into a lengthy process, which is not only costly, but also leads to poor
customer experiences.

Learn how to use Process Al to create an adaptive model to route complex cases to an
experienced handler and leave many of the claims for straight-through processing. As the

adaptive model learns from the outcome of each case, it becomes more accurate at
predicting which claims to escalate, and in that way to self-optimize the process.

Learning objectives
e Create a prediction that predicts case outcomes

e Use the new prediction to route complex cases to an expert
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Predicting case completion
Introduction

Pega Process AI™ can help to distinguish regular from complex claims. Complex claims
often escalate into a lengthy process, which is costly and leads to a bad customer
experience. The distinction lets you detect these claims early and address them at once.

Learn how to create a prediction that aims to identify cases that are likely to miss their
deadlines and route them to a senior employee to handle them more efficiently and
improve the customer experience.

Transcript

This demo shows you how to use adaptive models to predict successful case completion.

U+ Insurance uses Pega Platform™ for case management. An incoming car insurance claim
is routed to a claims operator, who approves or rejects the claim to resolve the case.

Claim Customer CustomerID
C-1

Claim AccidentDate
08/08/2021

Claim AccidentlLocation

High Street, Boston

Claim Casualities

Claim Fatalities

Assigned to

@ Claims Operator Begin

A case is escalated to an expert when the claim is not completed in the allotted time for
regular processing.

Task

2m  Expert inspection (Claim process)
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Assigned to

e Expert Begin

Claims that involve casualties can be very complex and are always routed to an expert
instead of a regular claims operator as a precaution.

Claim Customer CustomerID
C-1

Claim AccidentDate
08/08/2021

Claim AccidentlLocation
High Street, Boston

Claim Casualities

Claim Fatalities
V' CREATE + DETECT FRAUD + CLAIM PROCESS COMPLEX CLAIM

However, claims that involve casualties can often be resolved on time in the regular claims
process. The experts consequently spend valuable time on relatively simple claims.

The primary stages of the Car Insurance claim case type comprise the regular claims
process that leads to disbursement of the claimed amount. The alternative stages
represent other process resolutions, such as the rejection of the claim.

Process Al can help optimize the process by predicting the likelihood that a case is resolved
before the deadline in the regular workflow and otherwise, route it to an expert irrespective
of the cause of the complexity of the claim. This optimization requires a data scientist to
create a case management prediction that calculates the propensity of whether the case is
complex.

Create a prediction
Where will you be using the prediction?

(O Customer Decision Hub
Optimize the engagement with your customers

@ Case management

Use predictions to improve the automation in cases

O Text analytics
Analyze the text that comes through your channels
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Process Al offers a wizard to create case completion predictions.
Create a prediction X

Choose what you want to predict and what data you want to base the prediction on.

Prediction name

Predict regular case completion

Outcome

Case completion v

Case completion
Predict how likely a case will reach successful completion.

Subject
Car insurance claim

The subject of the prediction is the insurance claim. You do not need historical data, as the
prediction is self-learning and uses adaptive models.

Do you have historical data?

| do not have historical data
I have historical data

The target response label for the prediction is Resolve. It denotes a claim that is approved
or rejected in the regular process. The alternative label, Fail, maps to resolution of a claim
by an expert. The CX'in the outcome names denotes a complex claim.

Response labels for Case completion

Targetlabel Alternative label
Resolve Fail

Prediction output

Predicting Case completion for each Stage Name

Data mapping

Outcomes mapped to ' Outcomes mapped to 'Fail’

Resolve'

Resolved-CX-Completed
Resolved-Completed

Resolved-CX-Rejected
Resolved-Rejected
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A best practice is to deselect fields that have no predictive value or are not allowed. Also,
use a date field only if it reflects a time interval and not a definite date. An adaptive model
drives the prediction.

Case completion

Name Type Performance Status

Case completion ~ Adaptive model — m

A best practice is to include many unrelated fields, including the claim properties.
Casualties is one of the fields, and Al determines how well this predictor performs in
predicting a complex case. Also include customer properties and behavior data such as the
claim frequency of the customer.

[J Name Data type
Current page (EscalateApp) ClaimFrequency Integer
Page Claim ClaimRatio Decimal
Page Customer (J EndDate DateTime
Page Policy EntitledAmount Decimal
(J PolicylD Text
(J StartDate DateTime
SuspiciousClaim Decimal

The adaptive model learns from previous cases and automatically activates predictors that
perform above a threshold and deactivates predictors when their performance drops over
time. The prediction is ready to be implemented in the Car Insurance claim case type by an
application developer.

In the Claims process stage of the case type, a decision component routes cases to a
claims operator or, when the claim involved casualties, to an expert.

When

Custom condition v

(Casualities is false)

Go to

Regular process A
Add path
Otherwise go to

To expert hd
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The condition requires an edit to meet the business requirement that the routing decision
is based on the propensity that is calculated by the case outcome prediction. To use a
prediction in a case type, add it to the settings.

Prediction Objective
Predict regular case completion [] Case completion

~+ Add prediction

To qualify for the regular claims process, the propensity to resolve the claim without the
involvement of an expert exceeds a threshold.

Probability ~ is greater than v 02

When a claims operator handles a claim the case status is Resolved-Completed or
Resolved-Rejected, and the outcome of the case maps to the target label for the
prediction. When a complex claim misses the deadline and is reassigned to an expert the
outcome of the case maps to the alternative label for the prediction.

\/ECRE.L._EE ~/ DETECT FRAUD ~ CLAIM PROCESS ~ COMPLEX CLAIM ~/ RESOLVED-CX-COMPETED

A claim with a low propensity to be resolved successfully in the regular workflow is
immediately routed to an expert. The claim is routed to the regular workflow when the
expert assesses the claim and does not consider it a complex case. This reassignment
allows the adaptive model to learn from cases that are incorrectly routed to the expert.

An adaptive model is created for each primary and alternative stage in the case type. A
decision request in a stage uses the model that is specific to that stage to calculate the
propensity.

Success rate

000000

Performance

The models have no predictive power yet but self-optimize as more case outcomes are
captured over time.
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This demo has concluded. What did it show you?
e How to create a case completion prediction.

e How to implement a case completion prediction to improve efficiency.
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Text analytics for email routing

Description

Humans can effortlessly interpret a single tweet but are unable to parse a large volume of
information efficiently. Businesses are exploring ways to use machine learning to extract
meaningful information from a large quantity of text messages. These insights help
improve business performance and customer experience.

Learning objectives
e Explain text analytics
¢ Name a few practical applications where text analytics can be used
e Describe the role of artificial intelligence (Al) in text analytics

e Explain how text models for text categorization are trained
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Text analytics
Introduction

A company wants all incoming emails to be automatically routed to the correct department.
The company must find a way to process the text and extract the information for which it is
looking. Text analytics is the most efficient and effective way to obtain information.

Transcript

In this lesson you are going to learn what text analytics is and how it is used to help
understand customer sentiments and needs.

Consider this message from a customer.

've been a customer of UPlus for over 5 years.
| love the cell phone connectivity. But now | am being
overcharged for the services in the August-2017 billing
slicliaigiiclali

Humans have the ability to understand the implications of a piece of text. We can
summarize it or elaborate on it or even re-phrase it and still preserve the original meaning.
In fact, we do this very well. But can we do it on a large scale?

Today, digital sources such as news, blogs, social media and emails are generating more
text than ever before.

Emails Customer Service Records

[ Xele}
‘OOO

iy 08

_.. SOCIAL MEDIA
I

199



It's not possible for humans alone to analyze and extract valuable information from such a
large volume of text. Consider a company that has tens of thousands of customer service
records in text form.

Customer Service Records

Dear Uplus
| would like to repart that... /\ I I

A A

N

Let's say the company wants all of the complaints to be automatically routed to the right
department. Then it wants a report that breaks down the complaints by department. The
company also wants to use these records to understand how satisfied its customers are
about various products and services. The company must find a way to process the text so
that the information it's looking for can be extracted. Text analytics is the most efficient and
effective way to do this.

Text Analytics is the process of deriving high-value information from text.

Text Analytics

——— ﬂ- ‘T
L S 11

unstructured structured
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It involves converting unstructured text into structured data that can be analyzed using
statistical methods. There are three main steps involved in text analytics.

Text Analytics Process

Data Source Natural Language Store Result &
Processing Analyze

:

Emai'
E Customer Service Records jl\ﬂ “

SOCIAL MEDIA
= //\>< ) h'l
- 60 pv

Qa
.

o
00
00

|>

o_;
5, D

First, data is fetched from a source, such as social media, emails or customer service
records. Second, natural language processing techniques are applied to extract certain
attributes from the text and present them as structured data. And third, the extracted
structured data is stored and analyzed.

Natural language processing is a field of computer science, artificial intelligence and
computational linguistics concerned with the interactions between computers and human

Natural Language
Processing

Computer Science 0

Artificial
Intelligence

language.

"I Computational
Linguistics

In particular, it is concerned with programming computers to fruitfully process large
volumes of natural language text. At a high level, the following analyses occur during
natural language processing.
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Natural Language Processing
High-level Analyses

Syntactic Semantic Linguistic
Analysis Analysis Analysis
* Study of the * Study of the * Study subtle
structure meaning nuances in a
* Find words, * Establish language.
word roots, relationship * Ascertain the
phrases, between words true meaning
sentences and sentences af g sentence.

Syntactic analysis analyzes the structure of text and recognizes the parts of speech, such as
nouns, verbs, adjectives, etc. Semantic analysis establishes the meaning of a piece of text.
So the relationship between words and sentences is analyzed. In the linguistic analysis
phase, the nuances of a language are considered to ascertain the exact meaning of the text.

Here are the outcomes of natural language processing.

Natural Language Processing Outcomes

I've been a customer of UPlus for over 5 years. | love the cell

But now | am being overcharged for the services in August-2017 billing statement.

Language detection [EEEE

* Overall: Neutral

Sentiment detection [ ——

+ 3™ sentence: Megative

* Billing/Payment > Accuracy

Classification

Entity detection o

The language of the text is detected. The sentiment is detected as positive, negative or
neutral. Sentiment is the general attitude expressed towards a subject. The overall
sentiment as well as the sentiment per sentence is reported.
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The text is classified into one or more pre-defined categories, such as the business
functions in a company. For each category detected, the sentiment of the corresponding
sentence is also reported. Entities refer to the proper nouns found in the text such as

names of people, places, dates and times, organizations, etc. This helps in establishing the
subject of the text.

You have now reached the end of this lesson which provided an overview of text analytics
and how it works.
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Email routing
Introduction

A company has an email channel where its customers can send any email — from service
requests to compliments to sales inquiries — to the product support team. This email
variety makes it difficult to provide each customer with a prompt and personalized
response. Pega Infinity™ uses Al-powered text analytics to perform intelligent email routing.

Transcript
In this video, you will learn how Pega Infinity™ uses Al-powered text analytics to do
intelligent email routing.

Customer satisfaction is a reflection of what a customer expects from a company vs. what
they experience from the company.

Meeting, or even better, exceeding customer expectations means addressing their service
requests and complaints promptly, accurately, and with personalized solutions.

Doing this will ensure the customer has a great experience.

PROMPT ACCURATE

¢

PERSONALIZED

Assume a company has an email channel in which its customers can send any type of email
—from service requests to compliments to sales inquiries—to the product support team.

These emails are often routed to the same container and are uncategorized. This makes it
difficult to provide each customer with a prompt and personalized response.
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Traditional email routing

In Pega Infinity, this issue can be addressed by routing the emails using artificial
intelligence.

Pega Infinity uses Al-powered Natural Language Processing to detect the topic of an email
and route the email to the appropriate container.

Consider emails from customers requesting an account address change, making a
compliment, or requesting a new credit card.

With the help of Al-powered text analytics, Pega Infinity is able to read and understand the
content of each email and route it appropriately.

This means customer service representatives can be alerted to any account-related service
requests and resolve them quickly.

Natural Language Processing

2 %
=

Email routing is done using the topic detection mechanism. The two types of topic detection

are rule-based and model-based.
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Al powered email routing

In rule-based topic detection the routing is based on the rules configured in the email
channel.

Al-powered text analytics is used to detect the topic of the email, and the channel rules
route it to the right container.

This type of topic detection may detect one or more topics if the email contains words
associated with more than one topic.

Let's consider a service request email from a customer. The email content is analyzed and
routed to the right container.

If an email from another customer contains words that are associated with two topics, the
rule-based topic detection detects both topics.

The email can then be routed to two different containers depending on how the channel
rules are configured.

Routing based on the rules
configured in the email channel

Al Text analytics is used for
interpreting email content for
routing

Detects one or more topics based on
the email content

In model-based topic detection the routing is based on Al models built by a data scientist
using machine learning.

Al powered text analytics is used to detect the topic of the email. Building these models
requires a training data set and a test data set.
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The data sets consist of a list of emails and the associated topic for each email.

This type of topic detection identifies the most accurate topic based on the Al model and
training set used by the data scientist.

Let's consider the same service request email from the customer. The email's content is
analyzed and routed to the right container.

If an email from another customer contains words associated with two topics during the
training of the models ...

...the model-based topic detection detects both topics but typically with a different accuracy
factor.

In this case, the topic with the highest accuracy factor is chosen.

Routing based on Al models built by the
Data Scientist using machine learning

Al Text analytics is used for interpreting
email content for routing

Detects the most accurate topic as
per the training data

Pega Infinity also enables you to extract entities from an email.

This means that when an email is sent, certain entities such as account number, email
address, street address, etc. can be automatically detected and extracted.

This allows certain emails to be automatically processed or given priority.

Natural Language Processing
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Besides Topic detection and Entity Extraction, Pega Infinity uses its Al-powered text
analytics to enable you to detect the sentiment of an email based on its content.

Suppose a customer sends the following email to customer service. The email's content is a
combination of different types of sentences.

The first sentence has a neutral sentiment. In the second sentence, the customer expresses
his satisfaction with the connectivity, so it has a positive sentiment.

The third sentence is negative, as the customer is complaining about an overcharge.

The overall sentiment of the email is determined based on the weight of the content
sentiments. In this specific example the overall sentiment is neutral with a sentiment score
of 0.05.

I've been a customer of UPlus for over 5 years. @
But now overcha - the

Neutral (0.05)

The sentiment score is a value between -1 and 1.

In the out-of-the-box configuration, a sentiment score <-0.25 results in a Negative
sentiment, a sentiment score between -0.25 and 0.25 results in a Neutral sentiment ...

... and a sentiment score above 0.25 results in a positive sentiment.

Sentiment Score
1to1

©

-0.25 to 0.25
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Once the email sentiment is detected, you can configure the email channel to route a
specific topic with a specific sentiment to a specialized agent for a quick and personalized
response.

For example, you could route an address change with a neutral sentiment to a Service
Agent, a complaint email with a negative sentiment to a Manager ...

... and a credit card inquiry with a negative sentiment to a Financial Services Specialist.

)

Service Agent

:

r

Manager

'

Financial Services Specialist

a

In summary, Pega Infinity's Al-based email routing capability enables customer service
representatives to be more productive, reduces request processing time ...

... and improves the customer experience by providing prompt and personalized service.

@:—»
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Training a topic model to improve email

routing
Introduction

U+ Bank uses Pega Customer Service™ to route incoming emails to the appropriate
department based on the topic of the email. For several use cases (for example, an address
change), emails are routed based on keywords that are detected in the message. To
improve the email routing, learn how to train the text prediction with a data set that
contains classified messages.

Transcript
This demo shows you how to train a text prediction to improve email routing.

U+ Bank uses machine learning to route inbound messages in the email channel to the
appropriate department based on the topic of the email.

A text prediction that aims to detect the topic of the message drives the routing.

U+ Bank customer support

’.

*

U+ Bank customer support

Mar 11, 2021

Open prediction

For example, when Sara writes an email to inform U+ Bank that she has moved to a new
house, the text prediction detects an address change as the topic.
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Dear U+,

I am happy to inform you that I have found a new house. The address Is 330 West Warren Blvd., Irving, TX.

--a:'“hnd message 7§ Save to Orafts By Attachments: 0

fram | customeri ~ || <customeri@enablement.com> ~ | in Mail

To: Jubanksupport <ubanksuppert@enablemant. com>

CcC:

BCC:

Subject: [Moving to a new house

B I umEEES iz X B

Alzo, | have a new email address: sara@gmail.com

My account number is 123456782

Cheers, Sara Connoryg

The Account maintenance department receives all emails where an address change is

detected as the topic of the message.

My Work

Messages & coaching

Q

Handling account address changes

Service case tip- Address Change: It's import:
account addresses up o date. Check ourt this
benefit

The b

Select...
Account Maintenance

LNt

| Branch processing
| Coaching session
| Customer Circumstance

| Customer data rights

| Customer suggestions

' GDPR requests

| General service requests
! Inbound correspondence

| Material fulfillment

i Qutbound Call

i Qutbound campaigns

| Outbound correspondence
| Pending outbound call

My work | Statement copy requests bri
= Transaction disputes
View gqueue for | Select... '

The text prediction also detects entities such as a ZIP Code and an email address and the

overall sentiment of the message.
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=1 emaill @EEIED

G:ustnmﬂ Tue, Mar 09, 05:52 AM | 42mago ) -

Subject: Moving to a new house

Dear U+,

I am happy to inform you that | found a new house. The mailing address is
222 West Las Colines Bivy.. [T (50 EEERW. Usa

Alsa, | have a new email dddress;

Cheers, Sara Connors

Notice that the topic Account Address Change is detected with 100% confidence.

Text analysis

Collection of all information extracted from this email and attachments

All content ki Tapic Confidence
ERgee Account Addr 100%
All entities ess Change
Email Language
State HIEaN
Postal code
City
Other
Topic

Email header info

The intelligent routing is set up in the email channel, in App Studio.

U+ Bank Support

ubanksupport@enablement.com

Suggested cases
Close Account, Account Address Change, Order statement
copy, Dispute Transaction

Suggested replies
Apology, Clarification, Thank You

An email is routed to the work queue of the Account maintenance department when the
detected topic is an address change.
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Complaints are routed to the Transaction Disputes department.

If the address change and complaint topics are not detected, the email is routed to a
default work queue.

Intelligent routing

Process:  First matching action +

sasrs anhy the first action that matches

Naile value

Route to work queue ¥ |AccountMaintenance 4

When Topic ~ || Isequa ~ | Account Address Change 4 ey

aluea

Route to work queue ¥  TransactionDisputes P

When Topic w | Isequal w» | Complaint y +

+ Ad dition
Action value
rwise Route to work queue * | InboundCorrespondence

Note that in the When condition of the email routing, you use the outcome of the text
prediction.

Optionally, you can also use the sentiment of the email in the routing conditions.

Topic ~ | Isequal v Account Ac
Header
NLP S Entities
Condition Topic
n Value | Decisioning result
ute to work queue v~ Inbou
Language

You can set a threshold for the confidence with which a topic must be detected to trigger
routing.

onfidence threshald

Is Greater Than w 0.8
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Every channel is associated with a text prediction.

Text Analytics [ Use advanced configuration

Record training data

] Enable subject analysis

Analyze email attachments = Always v

Open Text Prediction [] @
A text prediction is driven by predictive models that detect topics, entities, and sentiments.

Qutcomes

Topics Entities Sentiments |

Many entity extraction models, and a sentiment model, are available out of the box.

For topic detection, Prediction Studio supports keyword models as well as machine learning
models based primarily on training data.

A keyword model uses Should words, Must words, And words, and Not words.
Action > Account Address Change

Machine learning Keywords
A single keyword can consist of multiple words. Use tab/enter to separate keywords.
Should words
move X change x address x
Must words
N

And words

Not words

If any of the Should words appear in a piece of text, topic detection assigns that text to
the corresponding topic. To achieve accurate results, create an exhaustive list of Should
words.

Only if all Must words appear in a piece of text, will the topic detection assign that text to
the corresponding topic.

Use And words to distinguish between similar topics while using identical Must words.
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If a Not word appears in a piece of text, the text is not assigned to the corresponding
topic.

You can test the output of a prediction on a sample message.
Two topics are correctly detected: an address change and a complaint.

Notice that the confidence score for both topics is 1. The keyword model performs a
Boolean match based on the presence or absence of words and detects the topic with
absolute certainty.

~ Topic detection

Granularity Analysis

Document Rule
Topic T Sentimentr Sentimentscorer Model name T Model typeT| Confidence score
Action > Account Address Change Neutral 0 pylnteractionTaxonomy Pega NLP 1.00

It is highly recommended to use a machine learning model for topic detection. It
determines the confidence score based on evidence.

A machine learning model is based on training data that consists of categorized texts.

You can get training data from two sources. The first is training data accumulated through
the application that is running in production.

When a customer service representative corrects the topic of an incoming email, this
change is added to the training data.

After the messages are reviewed and approved, they are used to rebuild the topic model.
Also, you can choose to import data, provided you have accumulated data in the past.

The file must contain the message and the associated topic.

A B C
1 |content result type
20 |Effective 11/28/17 please change mailing address to Action > Account Address Change Test
21 |Please amend the mailing/billing address to the follov Action > Account Address Change Test
22 |Confirm - mailing address: 1430 E 33rd St., Signal Hill Action > Account Address Change Test
23 |Effective 8/28/17, please change the insured's mailinj Action > Account Address Change Test
24 |Per our insureds request, please issue the following cl Action > Account Address Change
25 |Effective 8/25/17, please correct the mailing address Action > Account Address Change
26 |Effective 8-16-17 please amend the mailing address ¢ Action > Account Address Change
27 |Please amend the mailing address. Action > Account Address Change
28 |Effective 8/28/17 please change the mailing and billir Action > Account Address Change
29 |AMEND insured's MAILING ADDRESS to read: Action > Account Address Change
30 |Effective: 09/01/2017 Please amend mailing address Action > Account Address Change
31 |Please update mailing address per the below: Action > Account Address Change
32 |We have received a request to change your mailing a Action > Account Address Change
33 |Please change mailing address to read: 197 Warren £ Action > Account Address Change
34 |Please change the mailing address as per the attachei Action > Account Address Change
35 |Please amend mailing & billing address to 3253 Phillip Action > Account Address Change
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Notice that training data for the address change and the complaint topics are in the
pending state.

You can now rebuild the models.

You can select individual models or rebuild all models across model types and languages.
While training is in progress, you have the option to cancel.

When the process completes, you can view the latest model report on the Models tab.
The report contains the validation data, the confusion matrix, and the score sheet.

The topic detection now uses machine learning models based on the training data and the
keywords provided for the address change and complaint topics.

Cutcomes

Topics Entities Sentimeants

English »
Topics Tatal keywords Tatal training data F-scare
A A Address C 7e B2 ) i

Close Account 0 (0 pen

Action = mplaint 84 = o oo

Action > Report a lost or stolen card 13 0 (0 pending)

The Should words and Must words act as positive features for matching text to a topic,
while the Not words act as negative features.

But the training and testing data have the greatest impact on your machine learning model,
while keywords have a smaller impact.

Once the models are rebuilt, you can test the prediction.
Notice that the topics are detected with a confidence score below one.

In this case, the topic message is recognized as a complaint with high confidence. The
address change topic is detected, but with a lower confidence score.

When multiple topics are detected in a message, comparison of the confidence scores
allows selection of the one with the highest priority.
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Topic T Sentimentr Sentiment scoreT  Model name T Model typeT Confidence score

Action = Complaint MNeutral -0.25 U+ Bank customer support Pega NLP 0.75
Action = Account Address Change  Neutral -0.25 U+ Bank customer support Pega NLP 0.25
Action = Report a lost or stolen card Neutral 0.25 U+ Bank customer support Pega NLP 0.00

The other outcomes of the text prediction are the entities detected, such as an email
address and the sentiment of the message.

i o O
Output

| am happy ta infarm you that | found a new house, The address: 330 West Warren Blvd.. Irving.
LY E R N EEE G ET RSl ET Rdlald For the third time, | have noticed an invalid transaction,
The amount is small. but could you please check?

Sentiment indication

Positive MNegative, Meutral

You have reached the end of this demo. What did it show you?

e How Pega Customer Service routes incoming emails to the appropriate department
based on the topic of the email

e How text predictions work to predict the topic and sentiment of a message and
detect entities

e How to train a topic model and use machine learning to identify the topic correctly
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	Regular monitoring of adaptive models
	Regular monitoring of adaptive models

	Inspecting adaptive models
	Introduction
	Transcript

	Exporting historical data
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	The impact of machine learning
	Description
	Learning objectives
	Measuring lift using a control group
	Introduction
	Transcript


	Pega Process AI overview
	Description
	Learning objectives
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	Transcript


	Predicting fraud
	Description
	Occasionally, an insurance claim might be erroneous or even fraudulent. To detect fraud and optimize the way in which the application routes work and meets business goals, learn how to use your own predictive models in case management.
	Learning objectives
	Predicting fraud
	Introduction
	Transcript


	Predicting case completion
	Description
	Pega Process AI™ can help to distinguish regular from complex claims. Complex claims often escalate into a lengthy process, which is not only costly, but also leads to poor customer experiences.
	Learn how to use Process AI to create an adaptive model to route complex cases to an experienced handler and leave many of the claims for straight-through processing. As the adaptive model learns from the outcome of each case, it becomes more accurate at predicting which claims to escalate, and in that way to self-optimize the process.
	Learning objectives
	Predicting case completion
	Introduction
	Transcript


	Text analytics for email routing
	Description
	Learning objectives
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	Introduction
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	Email routing
	Introduction
	Transcript

	Training a topic model to improve email routing
	Introduction
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