Paper MLO1
Intelligent Automation in Anonymization for CTIS Submission

Pinku Hooda, Genlnvo, Bloomington (lllinois), United States
Hiteshkumar Raval, Genlnvo, Mumbai, India

ABSTRACT

The automation of redaction processes across languages presents a formidable challenge due to linguistic variability,
cultural nuances, translation accuracy, and character encoding differences. This paper defines the current process of
redaction of other language documents for CTIS submission, challenges with current process, the complexities involved
in automating redaction using redacted English documents as a reference point and proposes the best solution to
automate the process fully using technology. Challenges such as language variability and cultural nuances require
sophisticated Natural Language Processing (NLP) algorithms capable of understanding the grammatical structures and
cultural sensitivities of different languages. Machine translation systems play a crucial role in ensuring accurate
translation of redacted English documents while preserving context and meaning. Existing solutions include the use of
multilingual NLP models like BERT which have been trained on diverse linguistic data to effectively redact information
across languages and continuous improvement further refine the automated redaction process.

INTRODUCTION

As globalization continues to increase, organizations must submit sensitive documents in various languages to
regulatory authorities worldwide, with redaction being crucial for compliance. A prime example of this is the Clinical
Trial Information System (CTIS) submission which requires redaction to protect private data. Traditionally, this has been
a manual, time-consuming process, especially for multilingual documents. Automating redaction through Natural
Language Processing (NLP) and machine learning can improve efficiency, reduce errors, and meet regulatory
deadlines. This paper explores the current process of redaction of other language documents for CTIS submission, the
challenges and proposes an intelligent automation solution, leveraging machine translation and advanced NLP models
like BERT to enhance the speed and quality of redaction.

CURRENT REDACTION PROCESS FOR CTIS SUBMISSION

Currently, the redaction process for Clinical Trial Information System (CTIS) submissions involves several manual steps
aimed at ensuring sensitive data is adequately protected before submission, especially when handling documents in
multiple languages. The process typically begins with identifying sensitive data in English-language documents,
followed by applying similar redactions to translated versions in other languages. While effective, this process is heavily
reliant on manual efforts, particularly when dealing with multilingual documents.

The following outlines the general workflow of the current redaction process:

1. Initial Document Preparation and Manual Redaction of Sensitive Data
The redaction process begins with the preparation of the original document, typically in English, for submission.
In this stage, sensitive personal data—such as names, addresses, medical information, and other confidential
study details—are manually identified and redacted. Clinical professionals manually review the content to
identify sensitive information, ensuring regulatory compliance. This stage is crucial for protecting patient privacy
and maintaining the confidentiality of research data.

2. Translation
Once the English document has been redacted, it serves as the reference for translating the content into other
languages, such as German, French, Spanish etc... Translation services are typically human-driven or involve
rule-based machine translation systems.

3. Redaction Application in Other Languages
After translation, experts in each language manually review and redact sensitive information, using the redacted
English version as a guide to ensure that the same sensitive data is appropriately masked in the translated
versions.

4. Reconciliation and Review
Following translation, a thorough reconciliation and review process is required to ensure that the redacted
content in the English version matches the redacted content in the translated documents. This step involves
extensive manual effort to verify the accuracy and consistency of the redaction across multiple languages.
Clinical professionals or legal experts carefully compare both the source and translated documents to ensure
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that no sensitive information has been overlooked. Given the volume of documents and the intricacies of
multilingual redaction, this step can be both time-consuming and prone to human error.

In summary, the current redaction process for CTIS submissions is highly manual, resource-intensive, and susceptible
to inconsistencies, particularly when dealing with multiple languages. The process is not only time-consuming but also
prone to errors due to inconsistencies in human judgment and potential translation inaccuracies. As globalization and
regulatory requirements continue to evolve, there is a clear need for more efficient and automated solutions to
streamline the process while ensuring the integrity of sensitive data protection.

CHALLENGES WITH THE CURRENT REDACTION PROCESS

The redaction process for Clinical Trial Information System (CTIS) submissions, though necessary for compliance with
regulatory requirements, faces several key challenges that hinder its efficiency, accuracy, and overall effectiveness.
These challenges are particularly pronounced when handling sensitive data in multilingual environments and include
the following:

1. Manual Effort and Time Consumption

The current redaction process is highly manual and requires an immense amount of time and effort. Identifying
sensitive personal data—such as names, addresses, medical details, and confidential study information—
necessitates hands-on work by human reviewers. This process is slow, particularly when managing large
volumes of documents across multiple languages. The heavy dependence on human reviewers increases the
risk of errors, as manual identification and redaction of sensitive information are prone to oversight or
inconsistency. Additionally, the need for multiple rounds of checks across different document versions and
languages only adds to the workload, further prolonging the process. This reliance on manual efforts creates a
bottleneck, especially when rapid submission of redacted documents is required.

2. Language Variability

One of the biggest challenges in the redaction process arises from linguistic differences between languages.
Each language has its own unique sentence structures, syntax, and rules for conveying information, which can
create complications during the translation and redaction stages. For instance, certain phrases or terms that are
considered sensitive in one language may be expressed entirely differently in another, making it difficult to
maintain consistency in redactions across languages. For example, a direct translation can often cause a loss
of context—what’s considered sensitive or private in English may not carry the same weight in the translated
version. This means that redactions that worked in the original English version of a document may no longer be
effective or relevant in the translated versions, thus undermining the accuracy and integrity of the redaction
process.

3. Cultural Sensitivities and Regional Variability

Beyond language differences, cultural factors add another layer of complexity to the redaction process. Words
or phrases that might be seen as sensitive in one culture could carry a completely different meaning or level of
importance in another. For example, certain medical terms, personal identifiers, or culturally specific data may
be considered private or confidential in one region, but not in others. Therefore, there is a critical need for
contextual and cultural awareness when applying redactions in different languages. If these cultural nuances
are not taken into account, the redactions could end up being either too stringent or too lenient, potentially
compromising the confidentiality of sensitive data. It's clear that redaction practices must be culturally sensitive
to avoid mistakes or legal issues, particularly when meeting compliance standards in various regions.

4. Redaction Inconsistency

The lack of standardization across languages makes the redaction process even more challenging. Specifically,
redactions made in the English version of a document don’t always align with those in the translated versions.
Differences in how redactions are applied in English versus other languages can lead to discrepancies that
might go unnoticed, especially when the review process is manual. For instance, sensitive information might be
redacted in the English document but may not be treated the same way in the translated version, leaving gaps
in data protection. This inconsistency poses significant compliance risks, as regulatory bodies may require
uniform redaction standards across all versions of a document. Inaccurate or incomplete redactions can lead to
breaches of confidentiality and increase the risk of failing to meet global privacy regulations.

In summary, the current redaction process faces numerous challenges, from the manual effort and time required to the
complexities introduced by language, culture, and inconsistency across documents. These issues underscore the need
for more advanced solutions that can automate and standardize the redaction process. The integration of technology
such as natural language processing (NLP) and machine learning (ML) models could significantly improve the
efficiency, accuracy, and consistency of redactions across languages, reducing the potential for human error and
ensuring compliance with international regulatory requirements. By addressing these challenges, organizations can
better protect sensitive data while meeting the growing demands of globalization in clinical trial submissions.



COMPLEXITIES IN AUTOMATING REDACTION

Automating redaction in multilingual contexts introduces several complexities, making it challenging to achieve
accurate, efficient, and contextually appropriate results. While the primary goal of automation is to ensure data privacy,
regulatory compliance, and efficient document processing, these objectives become significantly more difficult in a
multilingual environment. Each language presents unique challenges that influence how sensitive information is
identified and redacted. As a result, creating a system capable of consistently and correctly redacting sensitive content
across multiple languages requires overcoming a number of intricate hurdles. Below are some of the key complexities
faced when automating the redaction process:

1. Understanding Grammatical Structures and Multilingual Text Processing

One of the primary obstacles in automating redaction is the need to account for the diverse grammatical
structures present in different languages. For example, English typically follows a Subject-Verb-Object (SVO)
sentence structure, whereas languages like Japanese use a Subject-Object-Verb (SOV) structure. This
fundamental difference in sentence construction significantly impacts how sensitive information is identified and
redacted.

Machine models that do not account for these language-specific grammatical rules may struggle to accurately
detect sensitive data, especially when working across multiple languages. A "one-size-fits-all" approach to
redaction models cannot adapt to these complexities. Effective NLP systems must be able to parse and
comprehend how information is structured and expressed within each language, adjusting redaction rules
accordingly. Addressing these complexities demands highly adaptable models capable of processing diverse
linguistic structures and regional differences, ensuring data privacy and regulatory compliance across
languages.

2. Contextual Ambiguities and Named Entity Recognition (NER) in Multilingual Redaction
Automating redaction is complicated by contextual ambiguities and challenges in Named Entity Recognition
(NER). Words like "bank" can have multiple meanings, such as a financial institution or the side of a river,
requiring NLP models to understand context to accurately redact sensitive information, like medical details.
Failure to account for these contextual differences could lead to over-redaction or under-redaction,
compromising document security. Additionally, NER involves identifying sensitive entities like patient names,
medical conditions, or drug names, which can vary across languages and regions. Inaccurate recognition of
these entities can result in incomplete redactions, putting patient privacy at risk. Effective redaction in
multilingual clinical documents demands advanced NLP systems capable of addressing both contextual and
linguistic challenges.

3. Redaction Using English as a Reference Point
A common practice in multilingual redaction workflows is to use the redacted English version of a document as
the reference point for applying redactions in translated versions. However, this approach introduces its own set
of challenges. English redactions may not translate directly into other languages, as some words or phrases
may not have exact equivalents. For example, certain legal terms or cultural references in English might not
exist in other languages, and in some cases, a simple translation may fail to convey the same level of sensitivity.

As a result, Automated systems must be capable of recognizing equivalent sensitive information in translated
documents, using advanced NLP and machine learning models. These models need to account for variations
in phrasing, syntax, and cultural context to ensure that redactions in the English version align with those in non-
English versions, making the process more complex than simple translation.

4. Legal and Compliance Challenges
Legal and regulatory redaction requirements vary across different regions. For instance, the definition of
sensitive data in a clinical trial can differ depending on the jurisdiction, such as GDPR in the EU versus HIPAA
in the U.S. Under GDPR, the EU enforces strict rules on what constitutes personal data, including information
related to race, ethnicity, health, or political views. Redaction systems must be designed to accommodate these
regulations when handling clinical trial documents. This requires the system to be flexible enough to adapt to
various legal frameworks, a challenge for automation.

Automating redaction in multilingual contexts is challenging due to differences in grammatical structures, contextual
ambiguities, and regional variations in named entities. Using English as a reference for translations adds complexity,
as redactions may not directly translate. Additionally, varying legal and regulatory requirements across regions further
complicate the process. Advanced NLP and machine learning models are needed to handle these complexities and
ensure accurate, compliant redactions across languages.



TECHNOLOGICAL SOLUTIONS: NATURAL LANGUAGE PROCESSING (NLP) & MACHINE
TRANSLATION

In multilingual environments, automating redaction processes become increasingly complex, especially when handling
sensitive information across different languages. Advanced technologies like Natural Language Processing (NLP) and
Machine Translation (MT) play a pivotal role in ensuring the accurate, efficient, and contextually correct redaction of
sensitive data. These technologies help ensure that personal information, medical details, and other confidential
content are properly identified and anonymized across languages while adhering to data privacy and regulatory
standards.

1. Natural Language Processing (NLP)
NLP allows machines to interpret, understand, and generate human language, enabling them to automatically
identify and redact sensitive information in documents. The power of NLP lies in its ability to process context,
syntax, and semantics, ensuring that redactions are applied correctly across different languages.

The following are the key components of Natural Language Processing (NLP)

o Named Entity Recognition (NER):
Named Entity Recognition (NER) is a vital component of Natural Language Processing (NLP) in automating
the redaction of sensitive information. NER identifies specific entities within text, such as names, addresses,
medical conditions, and dates, which need to be protected for privacy and compliance reasons.
For example, in clinical documents, a sentence like “John Smith, a 45-year-old male with a history of heart
disease, was admitted” contains personal details that must be redacted. NLP models automatically detect
entities like "John Smith" and "heart disease" and ensure they are properly removed to safeguard patient
privacy.
By identifying and categorizing sensitive information, NER ensures compliance with privacy regulations,
such as HIPAA or GDPR, while maintaining the integrity of the document. NER plays a crucial role in
streamlining the redaction process, especially in healthcare and clinical research settings, where protecting
sensitive data is of utmost importance.

¢ Semantic Analysis:
Traditional redaction techniques often rely on keyword matching, a method that is inherently flawed. While
this approach might catch some instances of sensitive data, it often falls short by either over-redacting—
removing harmless information—or under-redacting—missing critical, sensitive content. The limitations of
keyword matching are particularly pronounced in complex, nuanced texts where context plays a crucial role
in determining sensitivity.

This is where Natural Language Processing (NLP) and semantic analysis shine. Unlike keyword-based
approaches, semantic analysis enables the system to understand the underlying meaning of the text, not
just the words themselves. This enhanced understanding enables the redaction system to distinguish
between benign references and sensitive information, based on the context.

For example, in clinical trial documents, terms like "heart disease" or "sensitive medical history" must be
flagged for redaction. A simple keyword-based system might fail to detect these terms in the proper context,
potentially leaving sensitive information exposed. However, through semantic analysis, NLP systems
evaluate the surrounding text to ensure that only genuinely sensitive content is redacted, and irrelevant or
non-sensitive terms are left intact.

e Multilingual NLP Models:
Models like BERT (Bidirectional Encoder Representations from Transformers) are designed to process
multiple languages. They handle the grammatical differences, syntax, and structure of different languages.
Multilingual models are vital in ensuring that sensitive data is accurately detected and redacted in both the
original and translated versions of a document.

2. Machine Translation for Multilingual Redaction
Once redactions are made in the source language (typically English), it is crucial to preserve these redactions
when the document is translated into other languages, ensuring the integrity of the redactions is maintained.
This is where Machine Translation (MT) plays a key role.

¢ Machine Translation Tools:
When translating redacted documents into languages with different sentence structures, such as Spanish,
MT tools such as Google Translate, DeepL, and specialized domain-specific systems ensure that the
redactions remain intact. These tools not only translate the text but also preserve the context and integrity
of the redactions across languages. When translating a document into languages with different syntax and



sentence structures, such as Spanish, MT tools handle these structural variations without compromising the
redactions applied in the original language.

Example of Redacted Translation:

o Original English Text:
“John Smith, a 45-year-old male with a history of heart disease, was admitted.”

o After Redaction in English:
‘[REDACTED], a 45-year-old male with a history of [REDACTED], was admitted.”

o After Machine Translation to Spanish:
‘IREDACTED], un hombre de 45 afios con antecedentes de [REDACTED], fue admitido.”

In this example, the MT tools ensures that even after translation, sensitive data such as the patient's name and
medical history are consistently redacted across both the original English and the translated Spanish
documents. This seamless integration of NLP for redaction and MT for translation provides a robust solution for
handling sensitive data in global, multilingual environments.

. Custom Redaction Algorithms:

Custom redaction algorithms play a critical role in ensuring accurate, efficient, and legally compliant redaction
of sensitive information across multilingual and multicultural documents. Developing custom algorithms that
incorporate rules for different languages and scripts can help ensure that redaction occurs consistently. These
algorithms can be trained to recognize sensitive information in diverse contexts, accounting for language
nuances and regulatory requirements.

. Machine Learning Feedback Loops:

Machine learning (ML) feedback loops play a crucial role in improving the accuracy and adaptability of redaction
systems, especially in complex, multilingual environments. These loops enable systems to evolve by learning
from real-world use cases and incorporating feedback from a variety of stakeholders, such as regulatory experts,
domain specialists, and end-users. In the context of automated redaction, feedback loops help fine-tune models,
ensuring they become increasingly precise over time and can effectively handle diverse languages, contexts,
and changing data protection regulations.

For example, in a multilingual environment, consider a redaction system handling both English and Spanish
documents. Initially, the system may struggle with Spanish medical terms, potentially missing sensitive content
related to patient health conditions, such as "hipertensiéon” (hypertension). Through the feedback loop,
regulatory experts and linguists can point out these missed terms, and the model can be updated to ensure that
“hipertension” is appropriately flagged for redaction in future Spanish documents.

Furthermore, new medical terms related to emerging diseases or updated guidelines (e.g., COVID-19-related
terms) can be incorporated into the feedback loop to ensure that the redaction system remains relevant and
accurate over time.

By combining NLP and MT, organizations can improve the efficiency of their redaction processes, automate the
identification and protection of sensitive data, and ensure adherence to data privacy regulations. These technologies
provide a robust framework for managing multilingual documents, particularly in industries like healthcare and clinical
research, where accuracy and privacy are critical.

AUTOMATION APPROACH FOR MULTILINGUAL REDACTION

Translation APl Process and Enhancements with Al/ML.:

For the translation API, we initiate the process by retrieving the necessary data from the database to determine the
strategies applied to the English document. These strategies are then adapted and applied to documents in other
languages using the following Al/ML-powered steps:

1. Document Parsing and Segmentation:

o The Fitz(pyMUPDF) library in Python is utilized to extract and segment both the English and target language
documents into blocks, each associated with specific coordinates. This process enables structured handling



of the document content, and through feature extraction, we represent the text in a manner that can be further
analyzed and processed.

2. Preprocessing and Data Cleaning:

o Inthis step, we utilize data preprocessing techniques to clean the data by eliminating unwanted characters,
handling null values, and removing duplicates from the redacted strings. This process is crucial for preparing
the data for machine learning models to ensure that noise does not negatively impact the analysis and
prediction accuracy.

3. String Processing:

o The re(regular expression) package is utilized for text normalization and string manipulation, addressing
punctuation, newline characters, and sentence boundaries. This ensures standardizing the text into a
consistent format, preparing it for further analysis and enabling it to be ingested by our machine learning
models. The process is essential for natural language processing (NLP) tasks such as tokenization and
vectorization, allowing the machine learning algorithms to understand and compare the text efficiently.

4. Translation and NLP:

o We leverage Amazon Translate API for automated language translation, powered by Al, to translate the
redacted text from English to the target language. The translation process is further enhanced by machine
translation models that incorporate statistical learning and deep learning algorithms to produce high-quality
translations.

5. Text Embedding and Semantic Similarity Calculation:

o To compare the meaning and context of sentences in different languages, we employ the Sentence-
Transformer model (intfloat/multilingual-e5-base), which generates sentence embeddings. These
embeddings represent sentences in a vector space, enabling semantic similarity analysis through cosine
similarity and Jaccard similarity metrics.

from sentence transformers import SentenceTransformer, util
bert model = SentenceTransformer('intfloat/multilingqual-e5-base’)
|

o By applying vector space models and calculating similarity scores, we can determine the most relevant
matches between translated sentences and their counterparts in the target language documents, leveraging
machine learning techniques for prediction and pattern recognition.

6. Semantic Analysis using WordNet:

o We integrate WordNet from NLTK to perform semantic analysis. By leveraging Al-driven word embeddings
and synonym matching, we enhance the model's understanding of word relationships, enabling more
accurate matching of redacted strings even when synonyms or context-based variations are present. The
model applies Al to identify these semantic connections between words, improving overall translation quality
and consistency.

from nltk.corpus impert wordnet as wn

o Additionally, we download Open Multilingual Wordnet (OMW) to extend the model’s ability to handle multiple
languages in a global context, supporting cross-lingual word relations for improved multilingual processing.

import nltk
nltk.download( omw-1.4")
7. Intersection ldentification Using Al Models:

o Using the similarity scores generated from the sentence embeddings and TF-IDF vectors, we apply Al-
based techniques to identify the intersection between the target string/word and the corresponding sentence.
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This step utilizes machine learning to determine the most relevant matches by calculating the semantic
distance between sentences, ensuring precise redacted string alignment across documents.

Intelligent Automation Process Flow:

Figure 1 illustrates the process flow for intelligent automation in multilingual redaction, with a focus on the management
and translation of documents in English and other language such as Spanish/French. It outlines a systematic approach
where documents are uploaded, translated, and redacted using various techniques such as regular expressions, entity
recognition (names, locations), narrative analysis, and query builders. The objective is to initially apply redaction
strategies to create a redacted English version of the document. Once redacted the translation engine retrieves these
strategies from the central repository and applies them to the corresponding versions in other languages. This ensures
that redactions are consistently applied across all languages, with mapped occurrences distinctly highlighted in the
translated documents.

Figure 1: Intelligent Automation Process
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Step 1 — Step 5: The process begins with the upload of the English document to the central repository. Once uploaded,
the document undergoes processing, during which redaction strategies are applied to generate a redacted version of
the English document. These strategies include techniques such as regular expressions, entity recognition (names,
locations), and narrative analysis, tailored to redact sensitive information effectively. Any modifications made to the
redaction strategies during this phase are captured and stored back in the central repository, ensuring that the
repository remains up to date with the latest redaction configurations for future use.

Step 6 — Step 11: The document in the other language (French or Spanish) is uploaded to the central repository. The
translation engine retrieves all redaction strategies applied to the English document from the central repository and
applies them to the corresponding document in the other language. This ensures consistency in the redaction process
across languages. The redacted version of the document in the other language is generated, with all mapped
occurrences clearly highlighted, maintaining the integrity of the redaction across all language versions.



Examples of Multilingual Redaction:

Figure 2 illustrates an example of redaction in an English document, where the words " Study" and "Drug" are marked
for redaction. In the preview copy, these keywords are highlighted to indicate their selection for redaction. In the
redacted copy, the words "Study" and "Drug" are removed, and their absence is clearly indicated by highlighting the
redacted areas, ensuring transparency and consistency in the redaction process.

Figure 2: Redaction in English Document
1. SYNOPSIS

FP0 PO
Name of Study Drug
PA28R330

Name of Active Ingredient

Recombinant human monoclonal antibody (immunoglobulin gamma-1 with kappa light chains, 1gGl
kappa) directed against Tumor necrosis factor-like Ligand 1A (TL1A)

PFD
Title of Study

FPD
A Phase 2, Multicenter, Double-blind, Two-arm Study of Subcutancous PA28350 for the Treatment of
Subjects with Moderate to Severe Active Crohn's Discase

PO
Study Ceater(s)

PFD
This study will be conducted in up to approximately 150 sites worldwide. Werldwide Clinical Trials, a
contract research organi@éon. will oversee operational aspects of this study on behalf of
the Sponsor of the study.

Phase of Development
Phase 2

(Preview Copy)

1. SYNOPSIS
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Name of Study Drug
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Recombinant human monoclonal antibody (immunoglobulin gamma-1 with kappa light chains, 1gG1
kappa) directed against Tumor necrosis factor-like Ligand 1A (TL1A)
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A Phase 2, Multicenter, Double-blind, Two-arm Study of Subcutancous PA283350 for the Treatment of
Subjects with Moderate to Severe Active Crohn's Discase
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This study will be conducted in up to approximately 150 sites worldwide. Werldwide Clinical Trials, a
contract research orgnniz;%on. will oversee operational aspects of this study on behalf of
the Sponsor of the study.

Phase of Development
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(Redacted Copy)



Figure 3 illustrates an example of redaction in a Spanish document, where the document undergoes redaction by
importing redaction strategies from the corresponding English version of the document. This ensures that the same
redaction protocols applied to the English document are consistently applied to the Spanish version, maintaining
uniformity in the redaction process across different languages.

Figure 3: Redaction in Spanish Document
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THE FUTURE OF AUTOMATED ANONYMIZATION

The future of automated anonymization promises significant advancements in data security and regulatory compliance.
Real-time, adaptive anonymization tools will ensure instant compliance with various regulatory standards. Cloud-based
solutions will simplify data redaction across vast datasets, integrating with Regulatory Information Management (RIM)
systems for efficient eCTD submissions. Al-driven solutions will provide transparent processes, maintaining audit trails
for accountability. Advanced techniques like differential privacy and federated learning will enable secure data sharing
while preserving confidentiality. Additionally, automated tools will dynamically update to meet evolving global regulatory
requirements, ensuring continuous compliance without the need for manual intervention.

1. Real-Time & Adaptive Anonymization
The future of automated anonymization will involve real-time tools that ensure compliance at every stage of
document creation, submission, or data transfer. These tools will feature adaptive anonymization, allowing
regulatory teams to dynamically adjust masking levels according to the document type, jurisdiction, and specific
regulatory requirements (e.g., EMA, FDA, PMDA, MHRA). Cloud-based solutions will facilitate instantaneous
redaction and pseudonymization across extensive document repositories, significantly reducing the need for
manual intervention.

2. Integration with Regulatory Submission Workflows
Future anonymization tools will seamlessly integrate with Regulatory Information Management (RIM) systems,
automating compliance workflows for document submissions. Automated anonymization will be a standard
feature in eCTD (Electronic Common Technical Document) submissions, ensuring that regulatory agencies
receive properly redacted data without delays caused by manual processing. Al-driven anonymization pipelines
will also track changes and maintain audit trails, ensuring full transparency and accountability throughout the
compliance documentation process.

3. Differential Privacy & Federated Learning for Secure Data Sharing
In the future of automated anonymization, differential privacy techniques will allow organizations to share
anonymized regulatory documents securely, without compromising data integrity. Federated learning will enable
Al models to continuously improve anonymization accuracy while ensuring that sensitive regulatory data
remains decentralized and protected. This automation will be crucial for pharmaceutical companies, allowing
them to share clinical trial data with regulatory agencies, sponsors, and third parties securely, all while
maintaining privacy and compliance with data protection regulations.

4. Synthetic Data & Privacy-Preserving Al
Future automation in anonymization will leverage Al-generated synthetic regulatory documents as an alternative
to traditional anonymization techniques. These synthetic documents will enable organizations to train Al models,
perform regulatory reviews, and share insights without risking the exposure of sensitive information. Privacy-
preserving Al models will play a key role by allowing organizations to extract valuable insights from anonymized
documents while ensuring that confidential data remains secure, streamlining the regulatory process while
enhancing data privacy.

5. Automated Regulatory Compliance Across Global Jurisdictions
Future automated anonymization tools will be designed to be compliance-aware, automatically adjusting
redaction rules in line with the latest global regulatory frameworks (e.g., GDPR, CCPA, EMA Policy 0070 and
Health Canada PRCI). Al-driven solutions will continuously monitor and update anonymization policies as
regulations evolve, ensuring that organizations remain compliant without the need for manual updates, thus
streamlining compliance management across multiple jurisdictions.

CONCLUSION

To conclude, automating multilingual redaction is a complex challenge due to linguistic differences, cultural nuances,
and translation accuracy. This paper has examined the difficulties of redacting sensitive information for CTIS
submissions, particularly when using redacted English documents. The process requires advanced tools like NLP
algorithms and machine translation systems to achieve accurate redactions while maintaining contextual integrity.

The proposed intelligent automation process provides a systematic approach to streamline multilingual redaction. By
utilizing a central repository and applying redaction strategies such as entity recognition, regular expressions, and
narrative analysis, the redacted English document serves as a model for consistent redaction across multiple
languages, ensuring the integrity of the original process while respecting cultural and linguistic differences. Additionally,
it demonstrates the potential of intelligent automation to address the complexities of multilingual redaction, offering a
scalable and consistent approach. While improvements in NLP models and machine translation continue, this method
marks a significant advancement in fully automating redaction. By utilizing advanced technologies like BERT-based
multilingual NLP models, organizations can enhance efficiency, accuracy, and consistency in their redaction workflows,
saving time and resources while ensuring compliance with privacy and security standards.
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