RRRRR

World Journal of Advanced Research and Reviews W,
eISSN: 2581-9615 CODEN (USA): WJARAI Res:;z:“:ﬁ:
Cross Ref DOI: 10.30574/wjarr Reviews

WJARR Journal homepage: https://wjarr.com/ o

(RESEARCH ARTICLE)

W) Check for updates
Al Meets Anonymity: How named entity recognition is redefining data privacy
SANDEEP PAMARTHI *

Principal Data Engineer, AI/ML Expert, CGI Inc.
World Journal of Advanced Research and Reviews, 2024, 22(01), 2045-2053
Publication history: Received on 16 March 2024; revised on 24 April 2024; accepted on 27 April 2024

Article DOI: https://doi.org/10.30574 /wjarr.2024.22.1.1270

Abstract

In the era of exponential data growth, individuals and organizations increasingly grapple with the tension between
extracting value from data and preserving the privacy of individuals represented within it. From customer reviews and
support logs to medical records and financial statements, personal information permeates virtually every dataset. Data
anonymization—the process of removing or obfuscating personally identifiable information (PII)—has emerged as a
critical response to this challenge.

Historically, anonymization was a straightforward process: remove names, mask identifiers, and replace obvious
details. But in today’s data-rich world, this approach is no longer sufficient. Advanced analytics and Al models can infer
identities through behavioral patterns, geolocation data, timestamps, and unstructured text. Consequently, the
sophistication of anonymization techniques must evolve in tandem with adversarial capabilities and regulatory
scrutiny.

Modern anonymization blends mathematical rigor, Al-powered contextual detection, and synthetic data generation to
ensure irreversible de-identification. The goal is dual-fold: safeguard individuals 'identities and maintain data utility for
Al/ML systems. Striking this balance is essential not only for ethical data stewardship but also for compliance with
regulations such as the General Data Protection Regulation (GDPR), the Health Insurance Portability and Accountability
Act (HIPAA), and the California Consumer Privacy Act (CCPA).

This article explores the intersection of data anonymization and Named Entity Recognition (NER), a branch of Natural
Language Processing (NLP) that has become foundational for identifying sensitive text. We examine why anonymization
is vital in Al-driven applications, how NER can be leveraged, and what tools are setting new standards in data privacy.

Keywords: Data Privacy; Data Anonymization; PII; Al Ethics; Compliance; GDPR; HIPAA; Synthetic Data; Re-
identification Risk; Data Security

1. Introduction

1.1. Data as the Fuel of the Al Age

In the modern digital ecosystem, data is often referred to as the "new oil." It powers artificial intelligence systems, drives
innovation, and shapes the way businesses, governments, and societies operate. Al models ingest vast amounts of data
to learn patterns, make predictions, and automate complex tasks.

From facial recognition and voice assistants to medical diagnostics and fraud detection, Al systems have permeated
nearly every aspect of human life. But this data-hungry intelligence comes at a cost. Many datasets contain sensitive or
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personal information, and misuse or exposure of this data can lead to reputational damage, financial loss, and regulatory
penalties.

This rising concern has turned data anonymization from a technical afterthought into a strategic imperative.
Anonymization not only shields users from identification and surveillance but also enables responsible innovation. In
the face of tightening data regulations and increasing public scrutiny, effective anonymization techniques ensure that
Al can continue to thrive without compromising individual privacy.

In this context, Named Entity Recognition emerges as a powerful ally. By detecting and categorizing PII in text data, NER
plays a pivotal role in intelligent anonymization pipelines. When coupled with tools that balance privacy with model
utility, anonymization becomes a cornerstone of ethical, scalable, and compliant Al systems.

2. What Is Data Anonymization and How It Works

Data anonymization refers to a suite of techniques used to protect the privacy of individuals by transforming personal
information such that it can no longer be linked to a specific person. It plays a vital role in enabling the safe use of data
for analysis, research, and product development in compliance with global data protection laws.

For instance, in the financial sector, anonymization allows banks to analyze customer transaction data for fraud
detection and customer behavior modeling without exposing account numbers, names, or payment histories. A typical
transaction log may include fields like customer_name, credit_card_number, and transaction_time. With anonymization
applied, this log might retain only the transaction time and a masked or pseudonymized user ID, thereby preserving the
analytical value while protecting identity.

In the healthcare domain, anonymization is used to share patient data for medical research and public health studies
without violating HIPAA or GDPR regulations. A clinical note that originally contains:

“John Smith, a 45-year-old male from Denver, was diagnosed with Type 2 diabetes on March 12, 2022.”
...can be transformed to:
“,amale from , was diagnosed with on.”

This anonymized version retains the essential medical and demographic information useful for research while
eliminating the PII that could lead to re-identification.

Effective anonymization ensures that the transformed dataset supports meaningful insights and model training while
shielding sensitive information from potential misuse. In both industries, the goal is to maintain data utility and
analytical integrity without compromising individual privacy.

Data anonymization is the process of transforming personal data in a way that the individuals whom the data describe
remain unidentifiable. The goal is to allow the use of rich datasets while ensuring that the privacy and identity of
individuals are protected beyond the possibility of re-identification.

2.1. Principles of Data Anonymization

. Irreversibility: Anonymized data should be impossible to reverse-engineer or re-identify using any
available external datasets or computational methods. This principle protects individuals from de-
anonymization attacks that exploit cross-referencing.

. Minimal Disclosure: Only the data necessary to accomplish a given analytical task should be retained.
Redundant or unnecessary attributes that may increase re-identification risk must be suppressed or
removed.

. Context-Awareness: The risk of identification varies based on data type and usage. For example, while a

ZIP code may appear harmless, in combination with gender and birthdate, it could uniquely identify
individuals in small populations. Context-aware anonymization considers such correlations.

. Risk-Based Evaluation: Before publishing or processing anonymized datasets, risk assessments should be
conducted to evaluate the potential of re-identification. This involves adversarial modeling, k-anonymity,
l-diversity, and t-closeness metrics to quantify protection levels.
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. Transparency and Accountability: Anonymization strategies should be transparent and reproducible.
Auditable logs and documentation of anonymization methods provide accountability, especially under
compliance regimes.

2.2. Techniques for Data Anonymization

. Data Masking: A technique where actual data is replaced with obscured characters (e.g., replacing a name
with 'XXXX"). This is useful in UI/UX or demo environments but not suitable for analytics due to data
distortion.

. Pseudonymization: Replaces real identifiers with artificial tokens that retain consistency across records.
Though reversible with a key, it is considered a privacy-enhancing technique when combined with strong
key management.

. Generalization: Converts specific values into broader categories. For instance, an age of '32' becomes '30-
40', reducing granularity while preserving general patterns. This technique supports statistical analyses
while improving privacy.

. Permutation: This involves shuffling attribute values across records, breaking direct record-level
associations while maintaining overall dataset characteristics. For example, email domains can be shuffled
across users.

. Synthetic Data Generation: Leveraging generative models such as GANs, Variational Autoencoders (VAEs),
or tabular synthesizers to generate artificial datasets that mimic the statistical behavior of real data. These
datasets are ideal for ML training and benchmarking with minimal privacy risk.

2.3. How Data Anonymization Works

2.3.1. The anonymization workflow typically includes the following stages

e Data Ingestion: Sensitive datasets are collected from internal systems, logs, APIs, or cloud storage. Formats may
include structured (databases), semi-structured (JSON/XML), or unstructured (text, emails, images).

e  PII Detection: This is the most critical step, involving automatic detection of sensitive information. Rule-based
systems (e.g., regex), dictionaries, or machine learning (NER) are employed to identify names, SSNs, emails,
phone numbers, addresses, and contextual cues.

e Transformation: Based on classification, the data is anonymized using one or more techniques described above.
The selection of method depends on the data type, context, and the intended use of the anonymized output.

e Evaluation: Metrics such as data utility scores, k-anonymity, and re-identification risk are calculated to validate
that the transformed data achieves both privacy and usability goals. Domain experts may manually review
anonymization outcomes for high-risk data.

e Export & Use: Anonymized datasets are deployed for downstream uses such as machine learning model
training, QA testing, data sharing with third parties, or publication in public repositories. Access is often
governed by data usage policies and role-based access controls.

Modern anonymization frameworks are increasingly being integrated with DataOps pipelines, allowing continuous
anonymization of streaming data and integration with CI/CD workflows. These tools use a combination of statistical
privacy metrics, real-time processing, and explainable Al to meet privacy-by-design objectives.

3. The Need for Data Anonymization in AI/ML

Al/ML systems are inherently data-driven, relying on extensive datasets for training, evaluation, and deployment. These
datasets often contain personal, financial, medical, or behavioral information that, if exposed or mishandled, could
compromise privacy, violate regulations, and damage public trust. As machine learning moves from research labs into
real-world applications—from predictive banking models to personalized healthcare diagnostics—the integrity of the
data pipeline becomes paramount.

The need for anonymization is not merely about data protection; it is about ensuring that innovation can scale safely.
Without anonymization, access to rich and sensitive datasets is limited, impeding the development and validation of
robust models. By contrast, privacy-preserving datasets open the door for broader collaboration, accelerated
experimentation, and responsible Al development.
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3.1. Privacy Risks in Al Systems

Privacy vulnerabilities in Al are not hypothetical—they are well-documented and increasingly common. Al models,
especially deep learning architectures, have been shown to memorize training data. In 2017, researchers at Cornell
University demonstrated how neural networks could leak training data, including credit card numbers and medical
notes, during inference.

3.1.1. Some of the most critical risks include

. Memorization of PII: Models trained on raw customer support logs, medical transcripts, or financial records
have been found to regurgitate names, emails, and account numbers.

. Model Inversion Attacks: Adversaries can reconstruct training data by probing models with synthetic
inputs.

. Membership Inference Attacks: Attackers can determine whether specific data points were used during
training, which can have legal and ethical consequences, especially in healthcare.

. Data Sharing Pitfalls: Teams collaborating on model training often share datasets. Without anonymization,

even internal data transfers pose privacy risks.

3.2. Consider the following scenarios

. A bank trains a fraud detection model using labeled transaction logs. If these logs contain unredacted
account holder details and are shared with a third-party analytics firm, it creates a compliance and ethical
violation.

. A hospital collaborates with a university research lab to develop predictive models for patient readmission.

Without anonymizing patient notes and lab results, this partnership risks HIPAA non-compliance and
patient re-identification.

These examples illustrate why privacy risks must be considered proactively in Al development—not as an afterthought.

Global data privacy regulations mandate strict controls over how personal data is stored, processed, and shared:

. GDPR (Europe) requires that data used for processing be anonymized or minimized.
. HIPAA (U.S. Healthcare) mandates the de-identification of protected health information (PHI).
. CCPA (California) provides consumers with the right to access and delete personal data, requiring

traceability and anonymization mechanisms.

Failure to comply can result in severe penalties, fines, or reputational loss. Anonymization thus becomes a legal and
operational necessity in Al workflows.

3.3. Unlocking Data Utility with Privacy

Effective anonymization empowers organizations to:

. Safely analyze sensitive datasets for behavioral patterns, risk scoring, and segmentation.
. Build and test Al models in real-world environments without risking data exposure.
. Accelerate collaboration across teams and external partners while maintaining privacy boundaries.

3.4. AI/ML Lifecycle with Embedded Anonymization

To illustrate how anonymization fits within a machine learning pipeline, consider the following process diagram. This
visualization shows a streamlined AI/ML lifecycle where anonymization is applied early in the data journey,
safeguarding privacy without compromising functionality.

@ Data Collection — Data Anonymization » @ Data Preprocessing — Feature Engineering —» @ Model
Training —» € Deployment
3.4.1. Key Components

o Data Collection: Raw data is sourced from applications, user interactions, devices, and databases.
. Anonymization Layer: Personally identifiable information (PII) is automatically detected and transformed
using techniques like masking, generalization, or synthetic generation.
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. Feature Engineering: The anonymized data is processed and transformed into ML-ready features.
. Model Training & Evaluation: AI/ML models are trained and validated using safe, anonymized data.
. Deployment: Final models are deployed in production pipelines that no longer require raw sensitive data.

By embedding the anonymization layer at the earliest opportunity, data scientists and engineers ensure that the entire
ML workflow—from training to inference—remains compliant, ethical, and secure.

4. Introduction to Named Entity Recognition (NER)

Named Entity Recognition (NER) is a subtask of Natural Language Processing (NLP) that involves locating and
classifying named entities within unstructured text into predefined categories such as names of persons, organizations,
locations, dates, monetary values, medical codes, and more. It is foundational to any application where sensitive
information must be extracted, analyzed, or anonymized.

NER allows machines to understand the context of a given text by identifying proper nouns and other key information
in a way similar to how a human would interpret written content. This semantic understanding has broad applications
ranging from information retrieval and knowledge graphs to chatbots, business intelligence systems, and data
anonymization.

4.1. Core Functions of NER

. Entity Detection: Identifying phrases in the text that represent entities (e.g., "John Doe", "New York", "April
14,2023").

. Entity Classification: Assigning a label to each identified entity (e.g, PERSON, LOCATION, DATE,
ORGANIZATION).

NER is typically performed using rule-based systems, statistical models, or deep learning architectures like Conditional
Random Fields (CRFs), Recurrent Neural Networks (RNNs), and Transformer-based models such as BERT.

4.2. Importance of NER in Data Anonymization

In anonymization workflows, NER is critical for accurately detecting sensitive text-based information that must be
masked or replaced. Traditional anonymization relies on structured fields (like database columns), but many sensitive
datasets include free-form text such as emails, chat transcripts, or physician notes. NER automates the discovery of:

. Personal names

. Email addresses

. Geographical locations
. Company names

. Financial terms

NER-powered systems significantly reduce the risk of PIl exposure by ensuring contextual and comprehensive detection
across a variety of linguistic forms, including misspellings, abbreviations, and colloquial expressions.

4.2.1. For instance, consider the sentence

"Dr. Sarah Mills at Mount Sinai Hospital emailed jacob.doe@example.com on March 3 regarding patient ID #74298."

An NER model can detect and label:

. PERSON: "Dr. Sarah Mills"

. ORGANIZATION: "Mount Sinai Hospital"
. EMAIL: "jacob.doe@example.com”

. DATE: "March 3"

. ID: "74298"

These detections can then be anonymized or replaced programmatically, maintaining both privacy and the semantic
structure of the original message.
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5. Data anonymization empowering ner: banking use cases

While Named Entity Recognition plays a crucial role in detecting sensitive information, anonymization techniques can
also enhance NER workflows, particularly in regulated domains like banking. By pairing NER with anonymization, banks
can safely harness insights from sensitive communications and documents while maintaining compliance and
protecting customer trust.

5.1. Use Case 1: Customer Support Chat Redaction

Customer service chats are a rich source of operational insights, containing valuable feedback and service interaction
history. However, they frequently include unstructured PII such as customer names, account numbers, dates, merchant
names, and even geolocation details. These interactions are typically used to train NLP models like conversational
agents, sentiment analyzers, and recommendation engines.

In this context, combining NER and anonymization is essential. NER automatically identifies sensitive entities in real
time, and the anonymization layer replaces them while retaining the grammatical integrity and contextual richness of
the chat.

Example

"Hi, 'm Jane Patel. My account number is 4892018743. I noticed a double charge on 14th March at Whole Foods. Can
you help?”

5.1.1. NER Components Detected

. PERSON: "Jane Patel"”

. ACCOUNT_NUMBER: "4892018743"
. DATE: "14th March"

. MERCHANT: "Whole Foods"

5.1.2. Anonymization Flow

. Replace entities with consistent placeholders or synthetic data:
"Hi, I'm. My account number is <ACCOUNT_ID>. I noticed a double charge on at."

5.1.3. Benefits

. Enables training of chatbots and customer service analytics tools.
. Prevents exposure of customer data during model development.
. Retains language context for NLP models.

5.2. Use Case 2: Loan Document Processing and Anonymized OCR Pipelines

Loan application workflows often rely on scanned documents or handwritten forms. These contain unstructured text
filled with sensitive information, which must be digitized using Optical Character Recognition (OCR) and then processed
using NLP.

NER ensures that the extracted text is accurately parsed for entities relevant to risk modeling and credit scoring. When
paired with anonymization, banks can build pipelines that process real application volumes without putting personal

borrower details at risk.

5.2.1. Example Text Extracted from OCR
"Applicant: Marcus Lin, DOB: 02/17/1986, SSN: 473-45-9230, Address: 2410 Pepper Ave, Boston."

5.2.2. NER Components Detected

. PERSON: "Marcus Lin"

. DOB: "02/17/1986"

. SSN: "473-45-9230"

. ADDRESS: "2410 Pepper Ave, Boston"
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5.2.3. Anonymization Flow

. Replace entities with generalized or synthetic alternatives:
"Applicant: Alex Johnson, DOB:, SSN:, Address: ."

5.2.4. Outcomes

. Enables safe ML-driven decisioning tools.

. Protects borrowers’ identities while supporting underwriting, fraud analysis, and document indexing.
5.3. Use Case 3: Transaction Monitoring for Compliance

Transaction messages in financial systems are often short, cryptic, and inconsistent. Despite their brevity, they
frequently contain names, account numbers, and transaction reasons—elements that are sensitive under data
protection regulations.

NER models trained on financial text help uncover hidden patterns and identify potentially sensitive elements, even
when represented in non-standard ways. The anonymization layer then processes these fields before they are stored or

analyzed, ensuring regulatory compliance while enabling real-time risk evaluation.

5.3.1. Example Transaction Description

"Transfer to John Wesley, Acct: 9238475837, Reference: Tuition Fee, NYU."

5.3.2. NER Components Detected

. PERSON: "John Wesley"

. ACCOUNT_NUMBER: "9238475837"

. EDUCATIONAL_INSTITUTION: "NYU"

. CITY: inferred from "NYU" if paired with address context

5.3.3. Anonymization Flow

. Pseudonymize or tokenize detected components:
"Transfer to, Acct: <ACCOUNT_ID>, Reference:, ."

5.3.4. Benefits

. Enables pattern detection without exposing individual beneficiaries.
. Maintains auditability and regulation compliance.
. Supports safe model training for anomaly detection and risk scoring.

These use cases illustrate how a unified pipeline of NER and data anonymization allows financial institutions to achieve
privacy-preserving Al. The integration is seamless and powerful—automating risk mitigation without degrading model
quality or analytical depth.

6. A Tool That Balances Privacy and Model Performance: Tonic.ai

One of the most advanced tools for achieving privacy-preserving machine learning without compromising data utility
is Tonic.ai. It combines Named Entity Recognition, intelligent data synthesis, and customizable anonymization
workflows to help teams manage sensitive data across environments securely.

6.1. What Is Tonic.ai?

Tonic.ai is a data anonymization and synthesis platform designed to enable safe access to production-like data for
development, testing, and ML use cases. It supports a wide variety of data sources including relational databases, NoSQL
systems, and unstructured files.
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The platform uses built-in machine learning and NER pipelines to automatically detect PII, then applies anonymization
techniques—ranging from simple masking to full synthetic generation—while preserving statistical properties and
referential integrity.

6.2. How Tonic.ai Works

Tonic’s architecture consists of the following key components:

. PII Detection Engine: Uses NER models and domain rules to identify sensitive fields in structured and
unstructured data.

. Anonymization Engine: Applies transformation techniques such as tokenization, generalization, shuffling,
and synthetic data generation.

. Synthetic Data Generator: Uses generative models to produce new records that mimic original distributions
without containing real user data.

. Policy Customization Module: Allows users to define field-level anonymization rules and set compliance

profiles (e.g., GDPR, HIPAA).
6.3. Diagram: Tonic.ai Workflow

6.3.1. Workflow Stages

. Data Ingestion: Tonic connects to data sources securely.

. PII Detection: Automatically identifies entities using trained NER and user-defined patterns.
. Transformation/Synthesis: Applies anonymization or generates synthetic data.

. Export: Outputs privacy-safe data for ML, testing, or sharing.

6.4. Balancing Privacy and Performance

6.4.1. Tonic.ai ensures

. High precision and recall in PII detection via advanced NER integration.

. Minimized privacy risks through irreversible transformations.

. Maintained model performance by preserving feature distributions and correlations.
. Seamless CI/CD integration for MLOps and test automation.

By using Tonic.ai, organizations can anonymize training data for ML models while keeping performance metrics stable.
It allows data scientists to build real-world systems without ever accessing real-world identities.

7. Conclusion

7.1. Uniting Privacy, Performance, and Progress

In a world where artificial intelligence is becoming inseparable from everyday life, the importance of safeguarding
personal data has never been more critical. As data grows in volume, velocity, and complexity, so does the responsibility
to ensure it is processed ethically and securely.

This article has shown how Named Entity Recognition (NER), combined with modern data anonymization techniques,
creates a foundation for building intelligent, privacy-compliant Al systems. From redacting sensitive banking
conversations to extracting medical insights without exposing patient identities, these technologies enable high-utility,
low-risk data workflows across domains.

Tools like Tonic.ai demonstrate that it's not only possible—but increasingly practical—to strike a balance between
privacy and performance. By embedding anonymization early in the Al pipeline and leveraging NER for dynamic PII
detection, organizations can build secure, scalable, and regulation-ready solutions that respect user privacy while
advancing innovation.

For AI/ML practitioners, this means training on real-world scenarios without regulatory friction. For business leaders,

it means driving data-led decisions responsibly. And for general audiences and scholars, it reaffirms that privacy and
progress can coexist.
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As data continues to fuel Al breakthroughs, anonymization guided by NER and advanced tools like Tonic.ai will become
the new norm—ensuring that the future of artificial intelligence is not only powerful but also private.
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