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Abstract

Email remains the primary customer interaction channel in today’s business environment but is
generally followed by manual processing procedures regarding sorting and replies, leading to
significant inefficiencies and risks. This paper presents an all-encompassing solution for automating
email reading and routing through Pega’s Natural Language Processing, highlighting its real-world
uses in the areas of the healthcare and financial services industries. Pega’s NLP engine effectively
categorizes incoming emails, identifies relevant information, and routes them to the relevant
workflows within the organization using machine learning-based text classification, sentiment
analysis, and named-entity recognition. We suggest an overall end-to-end architecture comprising the
Pega Email Listener, Text Analyzer, Decision Tables, and Case Management to handle large
unstructured communications.

A sophisticated architecture is outlined, which includes data preparation, model training in an
adaptive fashion using Pega Prediction Studio, and testing using metrics including accuracy and F1-
score. The architecture supports incremental learning through user guidance and incremental
retraining, allowing it to adapt to changing language trends and business rule patterns. Examples
include but are not limited to appointment scheduling, patient query triaging, insurance claims
processing, and loan application intake, where we demonstrate how Pega's Natural Language
Processing (NLP) supports intelligent automation to reduce manual labor and response time and
enhance compliance. Experimental results, supported by visual performance metrics, verify the
effectiveness of the models, highlighting the entity extraction accuracy and better sentiment detection
compared to baseline practices. The future trends explored include multimodal Al, federated learning
for enabling privacy-preserving training in the health sector, and proactive interaction through
predictive natural language processing (NLP). This study confirms that incorporating enterprise NLP
into case routing rejuvenates workflow orchestrations and provides a foundation for scalable, safe,
and customer-centered digital operations.

Keywords: Pega NLP, Pega Email Automation, Text Classification, Entity Extraction, Adaptive
Learning, Intelligent Routing, Case Management, Healthcare Al, Financial Services Automation

l. INTRODUCTION

Pega’s Text Analyzer feature is at the core of email handling through natural language processing (NLP).
It provides text categorization models that include topic, intent, sentiment analysis, and text extraction
techniques like entity recognition and tag extraction [1]. For example, sentiment analysis determines whether
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an email uses negative or urgent language, allowing Pega to conclude whether the case is high-priority or
needs to be escalated. When an email is received through Pega’s Email Listener programmatically read from
an inbox to trigger a new case the Text Analyzer runs its set models to apply relevant tags to the message. A
text categorization model classifies it as a “complaint” or “service request”, and an entity extraction model
extracts structured data, such as customer 1D, invoice number, medication name, or transaction amount. This
structured intelligence then determines downstream steps: for instance, the complaint could go to support and
the billing query to finance, among other decisions [2]. Pega automates much of the inbox triage process by
combining ML-based NLP with decision logic.

A. Pega NLP Techniques:Text Classification, Extraction and Learning.

Pega’s NLP toolkit combines supervised learning models with business rules. Organizations label
historical emails for text classification to train a model that can assign categories to new messages. Common
classifiers include logistic regression or deep learning; Pega’s Prediction Studio supports building and
testing these models [3]. In Pega, a classifier might learn to distinguish an “appointment request” email
containing phrases like “schedule appointment” or dates from a “billing question.” Once trained, the model
labels each incoming email, enabling the workflow to branch accordingly.

Pega uses Named-Entity Recognition models and rule-based patterns for entity extraction. A typical
approach is to train a conditional random fieldon the annotated text to tag text spans with entity types. In
healthcare, entities might include patient names, medical record numbers, appointment dates, or ICD-10
codes; in finance, account numbers, transaction IDs, dollar amounts, or instrument names. Pega supports
building these extraction models via its Decision Studio: administrators label sample text and define CRGs,
which can combine ML with dictionaries [4]. Once operational, the model highlights text segments like
"John Doe" as a person, "Claim #12345" as a claim ID and others. This transforms an unstructured email
into structured data fields that feed into cases and can link to back-end records.

Sentiment analysis in Pega interprets the emotional tone of the email. A negative can trigger higher-
priority routing or alerts, while neutral/positive emails follow standard flows [5]. Pega’s sentiment model is
often pre-trained on general language data but can be fine-tuned with domain examples. In effect, sentiment
scoring is one more feature in the case prioritization. For instance, an email from a patient with negative
sentiment may be flagged for immediate response or escalated to a supervisor.
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Fig. 1: NLP Architecture for Pega
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Crucially, Pega NLP models support adaptive learning. The system can incorporate new labels or
feedback over time to refine itself. For example, cases routed manually due to a misclassification can be fed
back to retrain the model. Pega’s Prediction Studio allows analysts to retrain models with fresh data and
monitor metrics on a validation set [6]. Pega’s Prediction Studio is a unified environment for building and
maintaining NLP models. Data scientists can upload labelled emails for text classification and train models
with automated pipelines. Prediction Studio also provides model governance: tracking version history,
performance metrics and automated retraining triggers. For example, if user feedback indicates many
misclassifications, the model can be retrained with additional samples. This ensures email NLP models
remain effective as customer language evolves.

Il. METHODOLOGY

A. DatasetPreparation:

Assemble a corpus of historical customer emails from healthcare and financial domains, ensuring
coverage of key types of inquiries for example claims questions, policy updates, billing issues, appointment
requests, fraud reports. Preprocess the emails by anonymizing sensitive information and converting text to a
consistent format. Label each email with its correct category (topic) and any relevant entities like names,
account numbers, policy I1Ds [7]. Perform data augmentation if needed to enrich scarce classes for example,
by paraphrasing sample emails, substituting synonyms, or adding slight variations to help the ML models
generalize. Ensure that entities of interest for example patient names, claim IDs, transaction amounts are
tagged in the training data to train the CRF entity extractor.

B. Model Training

Use Pega’s Prediction Studio to train separate models for classification and extraction. For text
categorization, train machine learning models for Topic Detection, Intent, and Sentiment using the labelled
emails. For example, create a Topic Model in Pega by feeding the system examples of each email category.
Pega supports multiple algorithms such as Maximum Entropy, Naive Bayes, and SVM and can use
historical emails as training input [8]. After initial training, configure the Text Analyzer to use this model
for topic detection instead of keyword rules. For entity extraction, train a Conditional Random Field model
with the labelled entities like person names, dates, policy numbers. The Pega entity extraction model learns
to recognize these patterns, and you can refine it with additional examples.

C. Model Evaluation

Evaluate the trained models on a hold-out test set. Compute standard metrics like accuracy, precision,
recall, and F1-score for each classification model and entity extractor. For example, measure the accuracy of
topic classification in each category to identify any weak spots. Pega’s Prediction Studio shows F1 scores
for entity models. Use precision/recall to assess extraction quality [9]. Compare sentiment model accuracy
against a simple baseline such as a lexicon-based approach. Track these metrics over time; per-class
accuracy charts and error-rate charts help visualize model strengths and weaknesses. Iterate by tuning the
models by adding training data to improve low-performing categories until performance meets targets (e.g.
F1 > 0.80 for critical entities).

D. Continuous Improvement

After deployment, monitor email traffic and model performance. As shown in Pega’s customer
examples, all incoming emails are logged and can be used to retrain models as feedback loop that keeps the
system up to date, periodically review cases where the model misclassifies or misses an entity and add those
to the training data [10]. Use metrics dashboards to compare current model accuracy against past baselines
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for instance, tracking sentiment model accuracy vs. baseline as in Fig. 4. This research-driven methodology
ensures that the Pega email routing solution stays accurate as language and business patterns evolve.

I1l. PEGA CONFIGURATION SNIPPETS

The following examples show how to configure key Pega rules for email automation. These are
illustrative templates; actual values depend on your application and data model
Email Listener Rule (Integration — Email Listener): Define a listener that polls a mailbox and invokes a
service. For example:

Rule Type: Email Listener

Name:  SupportEmailListener

Email Account: "SupportTeamInbox™
Folder:  "INBOX"

Service Package: "MyApp-EmailService"
Service Class: "MyCo-Service-Email"
Requestor ID:  "admin”

Password: Rakaialoiaioh

Startup Option: Enabled (Run on all nodes)
Maximum Messages per Interval: 50

This listener continuously checks the INBOX of the “SupportTeamInbox” email account and calls the
specified Service Package/Class to handle each email. It is configured to start automatically on server
startupcommunity.pega.com.

Text Analyzer Rule (Decisioning — Text Analysis — Text Analyzer): Select the ML models for
processing email text. Example:
Rule Type: Text Analyzer
Applies To: MyCo-Work-Email (the case class for incoming email)
Text Categorization Models:
Sentiment:DefaultSentimentModel (detects positive/neutral/negative)
Topic:  EmailTopicModel (trained on labelled subjects)
Intent:  (optional custom intent model)
Entity Extraction Models:
CustomerNames (entity type for person names)
AccountNumbers (extract financial account IDs)
Dates (extract dates).

Here, the Text Analyzer is associated with the email case class. The “EmailTopicModel” is a trained
machine-learning model used for topic detection, and the extraction model (e.g. built with CRF) is used to
find entities. By default, Pega can also invoke built-in sentiment analysis. All these models run in parallel on
each incoming email text.

Decision Table Rule (Decision — Decision Table): Route the email based on analyzed fields. For
example, a table named RouteEmailByTopic might use the detected topic:

Rule Type: Decision Table

Name: RouteEmailByTopic

Inputs: .pyTopic (the topic from text analysis)

Results Column: .pyFlow (assigned work queue or flow)

Rows:

Topic is "Claims" — Set pyFlow = "Case-ClaimsProcessing
Topic is "Billing" — Set pyFlow = "Case-BillingInquiry"

IJIRMPS2303232477 Website: www.ijirmps.org Email: editor@ijirmps.org 4



https://www.ijirmps.org/
https://community.pega.com/sites/pdn.pega.com/files/help_v73/tools/emailaccelerator/emailaccelinbound1.htm#:~:text=Email%20listeners%20provide%20the%20Pega,to%20an%20email%20service%20rule

Volume 11 Issue 3 @ May - June 2023 IJIRMPS | ISSN: 2349-7300

Else (default)  — Set pyFlow = "Case-GeneralSupport"

In this example, if the Text Analyzer sets pyTopic to "Claims," the decision table assigns the case to the
Claims Processing flow. Otherwise, it may be assigned to a general queue. You can also use additional
conditions (e.g. sentiment or intent) to refine routing logic. This rule-based logic uses simple property tests
and values akin to an if/else ladder for routing.

IV.RESULTS
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Fig. 2. Monthly Email Volume Trends in Healthcare & Finance

Email Volume Trends (Fig2): In practice, healthcare and financial centers see rising email loads over time
(e.g. monthly volumes). The chart below shows hypothetical email counts (increasing from January to
October) for two verticals, indicating seasonal spikes or growth. Monitoring volume trends helps size the
system and identify peak loads.
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Fig. 3. Classification Performance by Email Category

Classification Performance (Fig. 3): This bar chart shows per-category accuracy for the trained topic model.
It highlights that some categories like Appointment may achieve ~92% accuracy, while others like Billing

might be lower (~85%). Such charts guide where more training data or keyword rules may be needed to
balance performance.
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Fig. 4. Entity Extraction Error Rates by Entity Type

Entity Extraction Error Rates (Fig 4): Different entity types have varying extraction error rates. For instance,
"Account#" IDs might yield a 10% error rate, whereas "Date" entities might be easier at only 4%. Knowing
error rates by entity guides model tuning for problematic entity types.
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Fig. 5: Sentiment Accuracy — Baseline vs. Pega Model

Sentiment Accuracy vs. Baseline (Fig. 5): This comparison shows that a Pega-trained sentiment model
achieves higher accuracy (e.g. 85%) compared to a simple baseline method (e.g. keyword lookup or lexicon
at 70%). It demonstrates the value of ML and continuous feedback: Pega’s sentiment model can adapt and
outperform static baselines over time.

Each chart is based on typical evaluation data. In a real deployment, you would compute similar graphs
from test results in Prediction Studio or analytics to validate that the Pega NLP models meet the required
performance.

V. INDUSTRIAL USE CASES

Pega NLP is particularly valuable in healthcare, where inboxes may flood with appointment requests,
patient questions, insurance documentation, and more [11]. Below are example workflows showing how
Pega can automate email processing in a hospital or clinic.

A. Appointment Scheduling
A common scenario: a patient emails the clinic to book or reschedule an appointment. The email text
might read: “Hello, I would like to schedule an appointment with Dr. Smith next Tuesday if possible, and
also update my address.” Pega’s email workflow would proceed as follows:
1. Email Ingestion: Pega’s Email Listener captures the message and spins up a new case. The system
immediately runs text classification on the subject/body.
2. Classification: The NLP model tags this email as an “Appointment Request” (as opposed to, say, a
billing question). The text “schedule an appointment” and date keywords guide the model’s decision.
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3. Entity Extraction: The system extracts key data: patient name, requested date/time (“next
Tuesday”), doctor name, and possibly the new address. A specialized entity model recognizes dates
and names, converting them into structured fields.

4. Scheduling Logic: The workflow then queries the scheduling system (via a Pega connector or API)
to check Dr. Smith’s availability. This might involve a REST call to an EHR or calendar service.

5. Case Creation: A case is created for the appointment (or updated if an existing request is made),
with the extracted info pre-populating fields.

6. Automated Response: Pega composes a response email. If the requested slot is free, it confirms the
appointment; otherwise, it proposes alternatives. Email templates with placeholders (populated by
the NLP-extracted data) can generate a personalized reply.

Table 1: Appointment Scheduling Workflow table
Workflow Step Description Pega Tools/Features

Ingest incoming email,
create a new case

Email Capture Pega Email Listener

Classify message type | Text Analyzer
Text Analysis (Appointment), extract | (classification, entity
data extraction models)

Look up provider
Schedule Query availability in  the
back-end system

Connector (REST/SOAP) to
EHR/scheduling DB

Populate appointment

Case Management | case with patient info Pega Case Type

(Appointment request case)

and slot
Response Send confirmation or [ Pega Correspondence/Email
Generation reschedule options (templates)

This automation dramatically reduces manual triage. Rather than a staff member reading each request,
the system self-serves many scheduling tasks. HIPAA compliance is critical throughout: Pega must handle
protected health information (PHI) securely. For example, all email traffic and data at rest should be
encrypted, and access controls limit who can view PHI. Pega’s cloud services can be HIPAA-compliant; the
vendor will sign a Business Associate Agreement (BAA) to meet HIPAA obligations. This allows
healthcare providers to use Pega for sensitive tasks like appointment booking while maintaining compliance.

B. Patient Inquiries and Triage
Another healthcare use case is routing general patient inquiries. Patients might ask about bill payments,
prescription refills, lab results, or medical advice [12]. For instance: “Hi, I got my bill and have a question
about the insurance coverage. Also, my new phone number is [number].” Pega can split and route this
multi-part email:
1. Classification: The NLP models might label parts of the email as “Billing Question” and “Profile
Update.”
2. Entity Extraction: It extracts the new phone number and any patient ID or policy number
mentioned.
3. Routing: The case is forked or categorized accordingly. The billing question goes to the finance
team, while the profile update (phone number) might automatically update the patient's contact
record.
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4.

Sentiment Check: If the patient’s tone is frustrated, the system might flag the case for quicker
handling or supervisory review.

Table 2: Patient Inquiries and Triage Workflow table

Workflow Step Description Pega Tools
Email Intake Receive and log email Email Listener
case
Intent Detect_ ANQUIY | o Categorization (NLP
e categories (billing vs.
Classification models)
contact update)
Data Extraction !Extract new  contact Entity Extraction model
info, 1Ds
Route sub-tasks: . .
i . . Decision logic / Case
Case Routing billing case to finance, -
assignment
contact update
Update patient record Integration (Database
Update Systems with  new  phone
update/API)
number
Send standard
Pega Correspondence
Customer Reply acknowledgement or
templates
answer

This intelligent routing improves patient satisfaction by ensuring queries reach the right experts quickly
and that routine updates happen automatically.

C.

Insurance Claim Processing

Emails from insurance agents or patients often contain claim forms or inquiries about claims. Pega NLP
can ease claims processing by reading these emails. For example, a hospital biller might email, “Submitting
Claim ID 98765 for patient Jane Doe. Please process and advise. ” Pega’s workflow could be:

1.

Classification: Tag the email as an “Insurance Claim Submission.” Attachments (like PDFs) might
be flagged for document processing.

Extraction: Pull out Claim ID = 98765, patient name, and any service dates mentioned. A
healthcare-specific entity model could recognize common claim form fields.

Attachment Handling: If a form is attached, Pega’s Intelligent Document Automation (leveraging
OCR/IDP) can read structured fields from the document (though this extends beyond basic email
NLP) [13].

Case Creation: A new insurance claim case is created in Pega’s Smart Claims application and
populated with the extracted data.

Integration: The system may push the claim data into an external claims adjudication system or
check policy details via an API call to the insurer’s system.

Response or Follow-up: Pega can generate an acknowledgement email or task follow-ups (e.g.,
request missing information) [14].
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Table 3: Insurance Claim Processing Workflow table

Workflow Step Description Pega Tools

Email Receipt Capture incoming claim email Email Listener

Content Analysis Classify as cl_aim submission, Te>_<t Analyzer (classification &
extract IDs/details entity)

Document Processing (If _attachments) Extract data from | Pega Document Intelligence
claim forms (OCR/IDP)

Open claim-processing case with
extracted data
Send data to the insurer's claim | Connector/APlI to insurance

Case Initiation Pega Case Type (Claims Case)

External Update

system (if needed) back-end
Response Automation Auto-reply ac!<nowledg|ng receipt | Pega Email (templates, dynamic
or requesting info. text)

By automating email triage for claims, healthcare organizations can speed up reimbursement cycles

and reduce errors [15]. Again, compliance matters: insurance claims often contain PHI, so the email
processing flow must encrypt data in transit and ensure only authorized users (e.g., billing staff) see the
contents.
Smart Claim Engine: Pega offers a Smart Claims solution for healthcare that tightly integrates NLP and
case management. The NLP email reader can feed data into this engine to accelerate first-pass claim
resolution. Combining text analytics with model-driven workflows can drastically reduce manual data entry
in claims processing.

D. Loan Application Processing
Consider a bank receiving email applications for personal or business loans. A sample email: “Dear Loans
Team, 1'd like to apply for a 350,000 home improvement loan. My income is $120,000 per year. Attached is
my most recent pay stub. ” Pega’s response:

1. Email Capture: The Email Listener creates a Loan Application case.

2. Classification: The system categorizes this as a “Loan Application” inquiry [16].

3. Entity Extraction: Key figures are pulled: loan amount ($50,000), purpose (home improvement),
income, and borrower name. If an attachment is present, Pega may launch a document data
extraction process to read structured details from the pay stub (e.g. income, employer).

4. Decisioning: The extracted data (loan type, amount, credit info) is fed into a decision table or
strategies to evaluate preliminary eligibility. Using predictive models, Pega may assign a risk
category (low/medium/high).

5. Routing: The case is routed to the underwriting team or loan officer best suited for that customer or
loan size.

6. Automated Response: An acknowledgement email is sent, possibly with the next steps or
information needed.
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Table 4: Loan Processing Workflow table

Workflow Step Description Pega Tools

Receive loan inquiries and
create case

Tag as loan request, | Text Categorization (NLP

Email Intake Email Listener

Content Classification

identify loan type model)
Extract the  requested . . .
Data Extraction amount, income, and ID Entity Extraction (numeric
amounts)
data
Apply business rules or ML .
o PPYY Decision  Table/Strategy
Eligibility Check model to pre-approve the .
and Analytics
amount

Assign to a loan officer or
queue based on criteria
Send confirmation and the | Pega Correspondence
next steps (email reply)

Automating the initial intake speeds turnaround and creates an audit trail. Under SOX compliance,
financial records including loan communication must have immutable logs and approvals. Pega’s case
management inherently maintains a history of who did what. As one compliance guide notes, SOX demands
detailed audit trails for modifications and tamper-proof recordkeeping [17]. Pega aligns with this by logging
all case changes, making it suitable for regulated environments.

Case Assignment Case Routing Rules

Reply to Applicant

VI. INTEGRATION LEGACY SYSTEMS WITH PEGA

Integrating Pega into the enterprise ecosystem is a strategic challenge. Many organizations have legacy
infrastructure like mainframe systems, homegrown databases, older messaging platforms alongside modern
cloud apps. Pega’s architecture is built to bridge these worlds. It provides connectors and integration
services like REST/SOAP calls, database access, JMS, file listeners that allow email workflows to fetch or
update data in other systems [18].

A case study notes that Pega’s extensible architecture allows you to build new business applications that
leverage your current IT investments. In practice, Pega often sits as an orchestration layer: it ingests email
via its Email Listener, then invokes external APIs for context for example CRM lookups, applies decision
logic, and finally may create transactions or update records in legacy systems. These calls can be
synchronous or asynchronous [1]. Middleware can also be used where direct integration is complex.
Throughout, the goal is straight-through processing with minimal manual handoffs.

Legacy challenges are especially acute in regulated industries. In healthcare, data must often remain on-
premises When integrating Pega Cloud, customers typically set up secure VPNSs or use regional data centers.
Pega Cloud for Healthcare can operate under HIPAA, given that Pega will execute a Business Associate
Agreement [19]. Similarly, financial firms subject to SOX and SEC rules must maintain strict audit trails.
Pega’s platform natively logs every decision and data change and can be configured for write-once-read-
many storages if needed.

Integration planning also involves change management. IT teams collaborate with business users to
define the right touchpoints which data fields to expose, which automated actions to permit, and fallback
paths when connectivity fails.
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VIl. FUTURE OUTLOOK AND EMERGING TRENDS

In the future, email processing will evolve with broader Al advances. One trend is multimodal Al:
systems that can interpret text, images, audio, or other data together. In an email context, this could mean
analyzing an attached photo for example an ID card alongside the text or processing a voice message
transcription. Pega’s future releases may incorporate vision models to read IDs or hand-written forms
attached to emails [12].

Federated learning is another relevant trend, especially in healthcare, where data privacy is paramount.
Federated learning allows models to train across multiple hospitals data without sharing the raw data. Pega’s
NLP models could be adapted to use federated training as each hospital trains on its patient
communications, and only model updates not PHI are aggregated [4]. This would improve performance
leveraging broader patterns while adhering to data privacy regulations. As privacy laws tighten, such
federated approaches enable continued ML improvements without centralized PHI storage.

Proactive email intelligence is an area of much investigation for Pega and other organizations.

Rather than just reacting to emails, these applications can now predict and trigger communications [20]. For
instance, where there is a history of delays in sending lab result emails, Pega can automatically send patient
status messages. In addition, Al agents can create customized outreach where communication has lagged for
a notable case. Pega can develop contextual cues for customer representatives by forecasting the user's
needs, advancing beyond simple routing to predictive engagement.
As generative artificial intelligence evolves, email workflows can include large language models. Pega, for
instance, might propose draft responses by summarizing case context for human review or even enable an
Al to create complete responses for routine inquiries [20]. Though restraint is needed in regulated industries,
creative uses are conceivable. Blending deterministic business rules with generative conversation, like that
generated by modern large language models, could create sophisticated email agents.

VII1.CONCLUSION

Pega’s NLP-driven email automation has the potential to significantly improve enterprise workflows by
quickly understanding unstructured customer mail. In healthcare and finance industries, where high email
volumes and strict compliance standards are the norm, this innovation yields real benefits in reducing
manual effort, faster response times, and lower errors. By methodically classifying and extracting key
information from every email, Pega systems ensure that appointment requests, claims forms, loan
applications, and fraud alerts are recognized early and routed accordingly. In addition, extensive model
training and adaptive learning guarantee that Al models stay current, while integration layers make it easy to
connect NLP insights to back-end systems seamlessly [20].

As illustrated, complex use cases like appointment scheduling and loan processing can be successfully
realized using Pega’s platform, which takes advantage of its case management, decisioning, and artificial
intelligence capabilities. Summary tables clarify the common workflow steps and the Pega tools involved,
thus highlighting the solution’s practicability. In addition, the platform’s compliance capabilities, such as
signing a HIPAA Business Associate Agreement (BAA) and providing Sarbanes-Oxley (SOX)-level audit
trails, make it appropriate for sensitive fields.

Emerging Al trends like multimodal inputs, federated learning, and proactive insights will further
enhance what email automation can achieve. One commentary observes that shifting to proactive Al-driven
service allows companies to anticipate needs better and deliver solutions before customers even realize a
problem exists. Pega’s roadmap suggests continued investment in NLP and analytics, positioning it to keep
pace with these trends. In sum, embedding NLP into email routing exemplifies how intelligent automation
can modernize communication workflows across industries, setting a foundation for more agile and
customer-centric operations.
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