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Abstract: Stricter privacy regulations and the rapid adoption of AI and analytics have increased the need for robust, 

repeatable mechanisms to detect and de-identify personally identifiable information (PII) across heterogeneous data 

sources. Microsoft Presidio is an open-source framework that provides context-aware PII detection and 

anonymization for text, images, and other modalities. This paper presents a practical architecture and 

implementation blueprint for enterprise-scale PII de-identification using the Presidio Anonymizer. We describe 

patterns for anonymizing production logs and telemetry, constructing privacy-preserving datasets for machine 

learning and large language models (LLMs), enabling safe data sharing with vendors, supporting non-production 

environments, meeting regulatory requirements (GDPR, HIPAA, PCI, and others), protecting data sent to LLMs and 

SaaS tools, and redacting PII in documents and images. For each use case, we outline threat models, design 

decisions, operator choices, and integration patterns with modern data and AI stacks. We also discuss operational 

considerations such as performance, extensibility, reversibility, and governance, making this a reusable reference for 

large organizations and a concrete demonstration of technical leadership in privacy-by-design systems. 
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1. Introduction 
Organizations increasingly rely on rich behavioral, 

transactional, and communication data to power analytics 

and AI systems. However, the same data often embeds PII 

such as names, addresses, phone numbers, IDs, and free-

form sensitive text. Regulations including GDPR, HIPAA, 

CCPA, and various sectoral standards mandate 

minimization, controlled use, and protection of such data. 

At the same time, engineering teams need realistic datasets 

for development, experimentation, and monitoring. 

 

Microsoft Presidio is an open-source data protection 

and de-identification SDK built to address this tension, 

providing fast PII detection and anonymization modules 

for text and images. Its core components are 

AnalyzerEngine and AnonymizerEngine that can be 

embedded into services, pipelines, or applications to detect 

entities using patterns, named entity recognition (NER), 

and contextual rules, then transform them using 

configurable anonymization operators (masking, redaction, 

hashing, encryption, tokenization, and others). 

 

This paper focuses on the Microsoft Presidio Anonymizer 

and demonstrates how to build a unified, enterprise-wide 

PII de-identification layer that: 

 Covers multiple high-value use cases (logs, ML 

datasets, vendor sharing, non-prod environments, 

regulatory compliance, LLM protection, 

document/image redaction). 

 Integrates with existing data platforms (data 

lakes, streaming systems, ETL/ELT jobs, 

application middleware). 

 Supports both irreversible anonymization and 

controlled deanonymization where business 

requirements demand it. 

 

The contributions of this paper are: 

 A reference architecture for a Presidio-based 

anonymization platform spanning batch, 

streaming, and interactive workloads. 

 A set of design patterns and configurations 

tailored to eight common enterprise use cases. 

 A discussion of operational and governance 

practices needed to make such a platform reliable, 

auditable, and compliant. 

 

2. Background 
2.1. PII De-Identification Concepts 

PII de-identification typically involves two main steps: 

 Detection: Identifying spans or fields that contain 

PII (e.g., an email address, phone number, or 

person name). 

 Transformation: Applying an operation that 

reduces identifiability, such as masking, 
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redaction, pseudonymization, or irreversible 

anonymization. 

 

Transformations include: 

 Masking/Redaction (e.g., replacing text with 

[NAME] or ***). 

 Tokenization/Pseudonymization (replacing with 

stable surrogate keys). 

 Encryption (reversible protection requiring key 

management). 

 Generalization (e.g., changing exact date of birth 

to year of birth). 

 

Regulations distinguish between anonymized data (no 

longer reasonably linkable to an individual) and 

pseudonymized data (still linkable under certain controls, 

e.g., via a mapping table). A robust system usually 

supports both, depending on the use case. 

2.2. Microsoft Presidio Overview 

 
Fig 1: Architecture of A PII Detection and Anonymization Framework 

 

Presidio is a context-aware, pluggable framework for 

detecting, redacting, masking, and anonymizing sensitive 

data (PII) in text, images, and structured data. Its key 

elements include: 

 AnalyzerEngine: Uses regexes, check-summed 

patterns, and ML-based NER models (e.g., spaCy) 

to detect PII entities across multiple languages. 

 Recognizers and Registry: Configurable recognizers 

for built-in entities (credit cards, SSNs, emails, etc.) 

plus custom recognizers via deny-lists, patterns, or 

custom ML models. 

 AnonymizerEngine: Applies operators to detected 

entities to produce anonymized text; supports both 

anonymizers and deanonymizers. 

 Image Redactor: An OCR-based pipeline that 

detects PII in images and redacts bounding boxes. 

 

Presidio can be deployed via Python packages, Docker 

containers, or integrated into larger platforms (e.g., Spark, 

Microsoft Fabric, LangChain, or application middleware). 

 

3. Reference Architecture 
3.1. High-Level Design 

We propose a central anonymization service built around 

Microsoft Presidio that sits on the data path between sources 

and sinks, offering: 

 Detection and Transformation API: A REST/gRPC 

or library interface exposing detection + 

anonymization for text and documents. 

 Policy-Driven Configuration: Mapping from data 

domains and use cases to anonymization policies 

(what entity types to detect, which operators to 

apply). 

 Batch Connectors: Jobs that run in Spark, Fabric, or 

equivalent ETL/ELT tools for large datasets. 

 Streaming/Real-Time Middleware: Integration with 

log pipelines where Presidio is invoked per event 

before logs are persisted. 

 LLM & SaaS Gateways: A proxy for outbound 

requests that anonymizes payloads before they 

reach external services; optionally performs 

deanonymization of results on return. 

 Audit & Monitoring: Logging of anonymization 

decisions, metrics on PII removal, and error 

tracking. 

 

At a logical level: 

 Input: Raw text/log records/documents. 

 Classification: Contextual identification of source 

and associated policy. 

 PII Detection: Presidio AnalyzerEngine with a 

source-specific set of recognizers. 

 Anonymization: AnonymizerEngine with operators 

configured per entity type and use case.Output: De-

identified text/documents, optionally with mapping 

tables for reversible pseudonymization. 
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3.2. Deployment Patterns 

Presidio components can be deployed in several ways: 

 Sidecar pattern: Presidio runs as a container 

alongside applications, providing local 

anonymization before any data leaves the pod/VM. 

 Central service: A shared anonymization 

microservice serving multiple clients over 

HTTP/gRPC. 

 Library mode: Direct integration of presidio-

analyzer and presidio-anonymizer into Python-

based data pipelines or application code. 

 

Choice depends on latency constraints, data locality, and 

organizational boundaries. 

 

4. Use Cases and Design Patterns 
This section captures the core enterprise use cases and 

shows how a Presidio-based anonymization layer addresses 

each one. 

 

4.1. Anonymizing Logs and Telemetry 

Problem. Application logs and traces often contain free-

form user input that may contain PII. Sending raw logs to 

observability systems increases the attack surface for 

sensitive data. 

 

Design pattern: 

 Insert an anonymization step into the logging 

pipeline (e.g., log shipper/forwarder or 

middleware). 

 For each log event, run detection with 

AnalyzerEngine and masking or replacement 

operators with AnonymizerEngine. 

 Preserve non-PII fields (timestamps, log levels, 

error codes) for observability. 

 

Key configuration: 

 Prefer irreversible masking for logs. 

 Introduce a safe allow-list of fields that bypass 

anonymization. 

 Rate-limit or truncate large payload fields to bound 

cost and risk.  

 

4.2. Privacy-Preserving Datasets for ML and LLMs 

Problem. Training and evaluation datasets frequently 

contain PII embedded in text fields. For compliance and 

ethical reasons, ML and LLM pipelines must limit exposure 

of directly identifying data. 

 

Design pattern: 

 Integrate Presidio into ETL/ELT workflows that 

create ML/LLM datasets. 

 For each record, detect PII spans and apply 

transformations appropriate to model goals: 

masking, category-aware tokenization, or synthetic 

replacement. 

 

 

 

Benefits: 

 Enables ML teams to use real data distributions 

without leaking PII. 

 Supports reproducible, privacy-safe dataset 

generation (same pipeline, same policies). 

 

4.3. Safe Data Sharing with Vendors and Partners 

Problem. Organizations routinely share data with SaaS 

vendors, auditors, and research partners for troubleshooting, 

analytics, or joint projects. 

 

Design pattern: 

 Introduce an export pipeline that routes all external 

data deliveries through the Presidio anonymization 

service. 

 Define partner-specific policies (e.g., support 

debugging vs. research). 

 Optionally use reversible anonymization 

(encryption or tokenization with deanonymizers) 

only when internal teams must later re-identify data 

under strict controls. 

 

Governance: 

 Maintain policy manifests that are traceable to Data 

Protection Impact Assessments (DPIAs). 

 Log all exports and associated anonymization 

decisions for auditability. 

 

4.4. Non-Production Environments and Testing 

Problem. Developers and QA engineers often rely on 

production data copies for realistic testing. These datasets 

contain PII and can be exposed across broader audiences. 

 

Design pattern: 

 Build a data cloning pipeline where production 

datasets are snapshotted or sampled, passed through 

Presidio, and then loaded into dev/test/UAT 

environments. 

 Use stable pseudonymization to maintain referential 

integrity. 

 

Implementation: 

 Use Python/Spark integration with Presidio for 

structured or semi-structured data fields. 

 Combine with database-level masking for purely 

structured identifiers. 

 

4.5. Regulatory Compliance and Privacy-by-Design 

Problem. GDPR, HIPAA, PCI DSS, and other 

regulations require minimization of PII, control over 

secondary use, and demonstrable safeguards. 

 

Design pattern: 

 Position Presidio as the central de-identification 

engine in data platforms, used whenever data leaves 

high-trust domains for analytics, ML, or sharing. 

 Tie anonymization policies to regulatory purposes 

(e.g., GDPR legitimate interests, HIPAA limited 

datasets). 
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 Integrate with governance tools where data products 

are tagged with their anonymization profile. 

 Outcome: Consistent, policy-driven anonymization 

makes it easier to demonstrate privacy-by-design in 

DPIAs, audits, and compliance reviews. 

 

4.6. Protecting Data Sent to LLMs and SaaS Tools 

Problem. External LLM APIs and SaaS tools may 

process sensitive text inputs. Directly transmitting PII can 

violate data residency and confidentiality requirements. 

 

Design pattern. 

 Build a PII firewall in front of external LLM/SaaS 

endpoints: all outbound requests pass through 

Presidio, PII is replaced with placeholders or 

tokens, responses are post-processed and, if needed, 

re-identified internally. 

 For chatbots and copilot-like tools, use 

conversation-level tokenization to keep 

conversational coherence while protecting real 

identities. 

 Advantages: Allows teams to leverage external 

LLM capabilities while keeping raw PII confined 

within their own environment. 

 

4.7. Document and Image Redaction 

Problem. Organizations often handle screenshots, 

scanned forms, images of IDs, or PDFs with embedded PII. 

Manual redaction is error-prone and unscalable. 

 

Design pattern. 

 Use Presidio’s Image Redactor to run OCR, detect 

PII in extracted text, and apply redaction to 

bounding boxes on the image. 

 For text-centric PDFs, convert pages to text and use 

the text anonymizer or a hybrid text+image 

approach. 

 

Use cases. 

 Legal discovery document sets shared with law 

firms. 

 Medical documents and reports shared across 

institutions. 

 Internal knowledge base screenshots posted in 

collaboration tools. 

 

4.8. Governance, Auditing, and Risk Analytics 

Problem. De-identification is only defensible if 

decisions are consistent and auditable. 

 

Design pattern. 

 Capture decision logs for anonymization runs (data 

source, policy version, entities detected, operators 

applied). 

 Generate risk metrics (percentage of records 

containing PII, entity type distribution, false-

positive/false-negative trends). 

 Integrate logs with SIEM/SOC tooling for anomaly 

detection. 

Presidio’s structured output (entity spans, types, scores) 

is well-suited for building such metrics and dashboards. 

 

5. Implementation Considerations 
5.1. Configuration Management 

A mature implementation centralizes configuration in policy 

files specifying, per use case or data domain: 

 Enabled recognizers and languages. 

 Entity-specific operators (mask, hash, encrypt, 

tokenize). 

 Thresholds and confidence scores for detection. 

 

CI/CD pipelines validate these policies before 

promotion to production. 

 

5.2. Performance and Scalability 

Key strategies: 

 Batch pipelines: Use distributed processing with 

Presidio invoked in UDFs for large datasets. 

 Streaming: Use micro-batching or asynchronous 

processing in log pipelines to avoid blocking critical 

paths. 

 Caching and specialization: For known formats, 

selectively invoke Presidio only on free-form text 

fields. 

 

Benchmarking should include throughput, latency 

impact, and resource usage. 

 

5.3. Extensibility and Domain-Specific Recognizers 

Presidio allows: 

 Deny-list recognizers for known values (e.g., VIP 

customers, specific project names). 

 Pattern recognizers for organization-specific IDs 

(account numbers, ticket IDs). 

 Custom ML models plugged into AnalyzerEngine 

for specialized domains (medical, legal). 

 

This extensibility is central to making anonymization 

effective beyond generic entities. 

 

5.4. Reversible vs. Irreversible Anonymization 

Some use cases (logs, external exports) should use 

irreversible anonymization. Others may require re-

identification. 

 

Presidio supports both via anonymizers and deanonymizers, 

but reversible schemes must be governed tightly: 

 Keys or token mapping tables stored in secure, 

access-controlled systems. 

 Explicit approval workflows for deanonymization 

requests. 

 

6. Discussion 
The architecture and patterns presented show that 

Microsoft Presidio Anonymizer can serve as a central 

privacy primitive across a wide range of enterprise scenarios. 

Compared with ad-hoc regex filters or product-specific 

masking features, a unified Presidio-based layer offers 
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consistency, easier auditing and compliance evidence, 

extensibility, and deploy-anywhere flexibility. 

 

Limitations remain, including dependence on recognizer 

and NER model quality, the inherent risks of pseudonymized 

data, and OCR limitations for image redaction. Nonetheless, 

the combination of Presidio’s capabilities with strong 

governance and engineering practices provides a pragmatic 

path to privacy-by-design in real-world systems. 

 

7. Conclusion and Future Work 
This paper has outlined a comprehensive, practical 

approach to building an enterprise-scale PII de-identification 

platform using Microsoft Presidio Anonymizer. We 

described an architecture that spans batch, streaming, LLM, 

and document/image workflows; articulated eight concrete 

use cases; and discussed implementation and governance 

considerations. 

 

Future work directions include integrating quantitative 

privacy risk metrics, combining Presidio with differential 

privacy mechanisms, building semi-supervised feedback 

loops, and evaluating cross-tool interoperability. 

 

By standardizing on Presidio as a core de-identification 

engine and applying the patterns detailed here, organizations 

can materially reduce the risk of PII exposure while still 

unlocking the value of their data for analytics and AI. 
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