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Abstract

Purpose The purpose of this paper is to examine the role of tokenization in protecting Electronic Health Records (EHRs)
and healthcare data, with a focus on ensuring data security and privacy compliance. Tokenization, which replaces sensi-
tive patient data with unique identifiers (tokens), is explored as a means to prevent unauthorized access while maintaining
data utility for healthcare operations, research, and analytics. Additionally, the paper aims to assess how tokenization helps
healthcare organizations comply with regulations like HIPAA, and how it facilitates secure data sharing and analytics.
Methods This state-of-the-art review analyzes the latest advancements in tokenization techniques, particularly their applica-
tions in safeguarding patient data during storage, transmission, and analysis. The review includes an exploration of tokeni-
zation’s role in secure data exchange, system interoperability, and the integration of natural language processing (NLP) for
analyzing de-identified healthcare data. Various methodologies and real-world implementations of tokenization in healthcare
are comprehensively assessed.

Results The analysis reveals that tokenization effectively enhances data security and privacy, supporting compliance with
stringent regulatory frameworks like HIPAA. Furthermore, tokenization enables the secure exchange of healthcare data
across systems while maintaining interoperability. The integration of NLP for de-identified data analysis further expands its
application in research and analytics without compromising patient confidentiality.

Conclusions The review highlights the potential of tokenization to balance data security and usability within healthcare
systems. It improves patient care by facilitating secure data sharing and supporting advanced analytics, while simultaneously
ensuring operational efficiency and regulatory compliance. Tokenization emerges as a crucial tool in enhancing the protection
and utility of healthcare data.

Keywords Tokenization - Electronic health records (EHRs) - Healthcare data security - Data privacy - HIPAA
compliance - Data sharing - Interoperability - Natural language processing (NLP) - Healthcare analytics - Patient data
protection - Health information security

P4 Jodo Carlos Ferreira Logistics, Molde University College, Molde

joao.c.amaro.ferreira@himolde.no; jcaf2001@gmail.com NO-6410, Norway

< Miguel Mascarenhas 2 ISTAR, Instituto Universitario de Lisboa ISCTE-IUL,
miguelmascarenhassaraiva@gmail.com Lisboa 1649-026, Portugal
Luis B. Elvas 3 BioGHP, Lisboa 1000-260, Portugal
luisclvaas@gmail.com *  Department of Community Medicine, Information and
Ricardo Correia Health Decision Sciences (MEDCIDS), Faculty of Medicine,
ricardo@bioghp.com of University of Porto, Porto 4200-319, Portugal

@ Springer


https://doi.org/10.1007/s12553-025-01012-3
http://crossmark.crossref.org/dialog/?doi=10.1007/s12553-025-01012-3&domain=pdf&date_stamp=2025-9-17

1012

Health and Technology (2025) 15:1011-1020

1 Introduction

The tokenization of Electronic Health Records (EHRs) and
healthcare data has emerged as a vital technique for enhanc-
ing data security, privacy, and usability in the healthcare
industry. Tokenization involves replacing sensitive patient
information with unique tokens, ensuring that data remains
protected during storage, transmission, and analysis. This
approach not only helps healthcare organizations comply
with stringent regulations like the Health Insurance Porta-
bility and Accountability Act (HIPAA) but also facilitates
secure data sharing and analytics, essential for improving
healthcare outcomes.

Tokenization is a security procedure used to replace sen-
sitive health information with unique identifiers, or tokens,
that preserve the data’s usefulness while disclosing the true
secret information [1]. This is an effective strategy for pre-
venting unauthorized access and potential security and pri-
vacy breaches to patient data in the healthcare sector [2].

Once the tokens are formed, the original data cannot
be recovered from them without access to the tokeniza-
tion system. This strategy is especially important in light
of healthcare laws like the Health Insurance Portability and
Accountability Act (HIPAA), which impose strict require-
ments on the security of patient data [3]. Tokenization helps
healthcare firms comply with these regulations by ensuring
that sensitive data is never exposed in its unprocessed form.
Tokens are used to store actual data in a central, secure loca-
tion as opposed to being used for everyday operations, ana-
lytics, and data sharing.

Tokenization lowers the possibility of data breaches,
which may be extremely costly and damage the reputations
of healthcare providers [4, 5]. Data breaches are prevented by
limiting the exposure of private health information. Further-
more, it increases patient trust as people feel more certain that
the greatest degree of security is being applied to their per-
sonal data [6]. The efficient provision of healthcare services
and the motivation of patients to contribute their data, which
might enhance health outcomes through more informed clini-
cian judgments and research, depend on this trust.

It can also facilitate data exchange and interoperabil-
ity among various healthcare organizations and systems.
Tokenization makes data sharing between entities safe and
de-identified in situations like population health manage-
ment or research partnerships [7]. This allows for collabo-
ration without compromising privacy. Additionally, it gives
medical professionals the ability to do sophisticated analyt-
ics on patient data without disclosing private information,
allowing them to use data-driven insights to enhance both
patient care and operational effectiveness [8].

The aim of this state-of-the-art review is to explore
the latest advancements, methodologies, and real-world
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implementations of tokenization in EHRs and health data.
Specifically, this review highlights technological innova-
tions, including applications in natural language processing
(NLP), and addresses the challenges faced by the healthcare
industry in maintaining a balance between data security and
utility. By synthesizing recent literature, this report wishes
to provide an in-depth analysis of how tokenization, in con-
junction with NLP techniques, can help safeguard sensitive
health data while enabling its meaningful use in healthcare
operations, research, and population health management.

2 Methodology

This section explains the overall research methodology we
followed during the paper selection process. We adopted a
Preferred Reporting Items for Systematic reviews and Meta-
Analyses (PRISMA) methodology to ensure the accuracy
and reliability of our findings. The PRISMA statement is a
widely recognized guideline for conducting and reporting
systematic reviews and meta-analyses. It provides a check-
list of preferred reporting items to help authors improve the
transparency and completeness of systematic review publi-
cations [9]. The methodology comprised several key stages,
which are explained in the following sections.

We began with a comprehensive search strategy across
multiple databases to identify relevant studies, followed by
screening based on predefined inclusion and exclusion cri-
teria. Next, the full texts were assessed for eligibility, ensur-
ing only high-quality studies were included. Finally, the
data was extracted, synthesized, and analyzed to draw the
study’s conclusions. This systematic approach helps mini-
mize bias and ensures transparency, as recommended by the
PRISMA 2020 guidelines [10].

2.1 Search strategy

This research was conducted in August 2024 with the aim of
carrying out a systematic review on the tokenization of EHR
and healthcare data. The review sought to identify and ana-
lyze the most current and relevant publications on this topic.

The review targeted English-language journal articles
published between 2017 and 2024, ensuring the inclusion
of the latest research in this rapidly evolving field. Three
reputable databases were utilized for the literature search:
Web of Science Core Collection [11], IEEEXplore [12], and
Scopus [13].

The search terms were carefully crafted to capture articles
addressing tokenization in the context of EHR, healthcare
records, and related technologies. Keywords such as “Tokeni-
zation,” “EHR,” “EMR,” “Healthcare data,” “Clinical Data,”
“Patient Records,” “NLP,” “Natural Language Processing,”



Health and Technology (2025) 15:1011-1020

1013

“Text Mining,” “Blockchain,” “Machine Learning,” and “Al”
were incorporated into the final search query. Additionally, the
search was limited to journal articles and review papers to ensure
the inclusion of high-quality, peer-reviewed publications.

Figure 1 of the PRISMA flow diagram provides a com-
prehensive overview of the study selection process used in
this research. We employed the two main approaches to find
relevant studies - identification through databases and regis-
ters and identification through other methods.

The database and register search pathway initially yielded
40 results, all from the Scopus website, with no duplicates pres-
ent. These papers underwent a preliminary selection process
where their abstracts were analyzed, resulting in the exclusion
of 21 articles that did not fully align with the search objec-
tives. In the subsequent round, one article was excluded due
to retrieval issues, leaving 19 papers for further consideration.
The remaining articles were then screened in their entirety,
leading to the exclusion of 5 papers that did not sufficiently
focus on tokenization, the primary theme of this review.

The second pathway, identification of studies via other
methods, produced 9 results, all of which were successfully
retrieved. These articles were subjected to a comprehensive
analysis to determine their relevance to tokenization and
potential contribution to the review. This process led to the
exclusion of 4 articles. The remaining 5 articles were then
combined with the 13 papers from the first pathway, result-
ing in a total of 18 articles for in-depth review.

By employing these two complementary approaches, we
significantly enhanced our ability to identify all relevant lit-
erature on the tokenization of electronic health records and
healthcare data. This dual-pronged methodology strength-
ens the validity and comprehensiveness of the systematic
review, ensuring that the final set of included studies pro-
vides a robust foundation for subsequent analysis and syn-
thesis. The rigorous selection process across both pathways
ensures that only the most pertinent and high-quality studies
are included, thereby enhancing the overall quality and rel-
evance of our review.

2.2 Results

This chapter presents a comprehensive analysis of the find-
ings from our literature review on tokenization in healthcare
data analysis. Our examination of the current research land-
scape reveals a multifaceted picture of tokenization’s role,
applications, and challenges in the healthcare domain. The
results are organized into three main sections to provide a
structured overview of the field: Data Analysis, Technologi-
cal Advancements and Implementations and Challenges and
Limitations of the studies.

Through this structured presentation, we aim to provide a
clear and comprehensive picture of the state of tokenization
in healthcare data analysis, setting the stage for the discus-
sion that will follow.
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2.3 Data analysis

Tokenization plays an important role across the reviewed
articles, particularly in preprocessing EHR and clinical
text for various NLP tasks. In many studies, tokenization is
applied to transform unstructured text into structured data
that can be analyzed using machine learning models. For
example [14] and [15], use tokenization as an initial step
in segmenting clinical text into tokens, facilitating further
tasks like named entity recognition (NER) and predictive
modeling. Both papers demonstrate how tokenization helps
break down medical narratives and clinical notes into man-
ageable units, allowing deep learning models to capture rel-
evant patterns and improve the accuracy of the extraction
and classification processes.

Tokenization also appears as a core preprocessing step
in studies that focus on improving data quality and text nor-
malization [16] and [17]. emphasize tokenization’s role in
handling noisy healthcare data, such as EHRs and clinical
notes. Both studies focus on text normalization techniques,
including tokenization, stop word removal, and punctua-
tion filtering, to enhance data quality and improve machine
learning model performance. The use of tokenization to
standardize text, particularly in multilingual or complex
medical terminologies, highlights its importance in reduc-
ing variability and improving NLP outputs across diverse
healthcare settings.

Articles [18, 19] demonstrate the use of tokenization in
conjunction with advanced NLP models, especially trans-
formers and BERT-based models. Both utilize tokenization
within transformer models, specifically through WordPiece
and subword tokenization techniques. These techniques
break down complex medical terminology into subwords,
enabling the models to handle rare or out-of-vocabulary
terms more effectively. Tokenization in these models
ensures that medical terms are processed accurately, leading
to improved outcomes in entity recognition and patient out-
come predictions. Similarly, in [20], tokenization is crucial
in transforming texts into manageable tokens that are used
in large language models (LLMs) and multimodal LLMs for
clinical decision-making.

In [21] it is presented a novel hierarchical framework for
medical NLP, where tokenization is used as an initial step in
the processing pipeline. The framework breaks down medi-
cal text into individual tokens that represent surface-level
words, forming the basis for further semantic analysis. The
paper proposes a hierarchical processing model inspired by
human cognition, where tokens are transformed into logical
representations of meaning. This hierarchical tokenization
approach allows the system to progressively build higher-
level interpretations from simple word tokens, ultimately
enabling more complex understanding tasks like semantic
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memory and predictive coding. By organizing tokeniza-
tion within a cognitive-inspired architecture, the framework
facilitates more transparent and explainable NLP models,
particularly in the medical domain.

In studies focused on patient data privacy and secure data
sharing, tokenization is utilized to anonymize and protect
sensitive information [22] and [23]. both highlight the use
of tokenization to convert patient data into secure tokens,
ensuring privacy during data exchanges across healthcare
providers. In these cases, tokenization is used not just for
data structuring, but also for generating encrypted tokens
that safeguard patient privacy while enabling linkage across
diverse datasets. This approach facilitates secure, large-
scale analysis of healthcare data while ensuring compliance
with data protection regulations.

Some articles [24, 25], use tokenization to deal with
complex or irregular clinical data. The two of them discuss
innovative methods of tokenizing continuous and discrete
EHR data to improve the performance of machine learn-
ing models in predicting patient outcomes. These studies
use tokenization to handle time-series data, converting it
into sequences of tokens that can be fed into transformers
or autoregressive models. By tokenizing both static and
dynamic clinical measurements, these models can process
data more effectively, improving their predictive power and
interpretability in critical care settings.

Moreover, several studies use tokenization to enhance
sentiment analysis and emotion recognition in healthcare
contexts [26] and [27]. both employ tokenization to prepro-
cess unstructured healthcare data, converting text into word
tokens or vectors that can be analyzed for patterns related
to emotions or behaviors. These tokenization strategies are
essential for creating structured datasets from free-text med-
ical notes, enabling accurate predictions in areas like mental
health and smoking behavior classification.

Tokenization is also employed in domain-specific tasks
such as medical entity extraction and disease diagnosis. In
[28] and [29], tokenization is used to segment clinical texts
and extract key medical entities such as disease diagnoses,
treatment details, and biomarkers. These studies rely on
tokenization to ensure that relevant medical terms are iden-
tified and processed efficiently, improving the accuracy of
clinical entity recognition and information extraction tasks.
Likewise, the study [30] emphasizes tokenization as a foun-
dational step in preparing clinical notes for tasks like named
entity recognition and relation extraction, further underlin-
ing its critical role in healthcare NLP pipelines.

In article [31], tokenization plays a crucial role in analyz-
ing clinical discharge summaries for patient phenotyping,
which involves predicting ten patient disorders. The study uses
tokenization to segment text into word-level and sentence-
level tokens, which are then processed through a convolutional
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neural network (CNN) model. The authors highlight that only a
small fraction of the tokens contributes significantly to the clas-
sification tasks, with token selection mechanisms employed to
improve the model’s interpretability and performance. This
selective use of tokens enhances the explainability of the
CNN’’s predictions, particularly for rare disorders like chronic
pain, demonstrating the importance of token quality in patient
classification from EHRs. Tokenization in this context enables
a focused analysis of relevant linguistic features, which leads
to moderate improvements in classification accuracy over tra-
ditional models. Table 1, resume this major findings.

Table 1 This table summarizes the key findings related to the role of
tokenization in healthcare data analysis and natural Language process-
ing (NLP)

Major Findings Description Refer-
ences

Tokenization for Tokenization is applied to convert [14,

NLP Preprocessing  unstructured EHR and clinical text 15]

into structured data for machine learn-

ing tasks like named entity recognition

(NER) and predictive modeling.
Text Normalization Tokenization aids in improving data [16,
quality by handling noisy data, reduc- 17]
ing variability, and enhancing machine
learning model performance.
Use of WordPiece and subword
tokenization techniques in transformer [18—
and BERT-based models improves the 20]
handling of rare or out-of-vocabulary
medical terms.

Advanced Tokeni-
zation Techniques

Hierarchical Tokenization used in a hierarchical [21]
Tokenization NLP model inspired by human cogni-
Framework tion, enhancing explainability and

semantic understanding.
Patient Data Pri- Tokenization helps anonymize sensi-  [22,
vacy and Security  tive patient data for secure sharing, 23]

enabling privacy while maintaining
data utility across datasets.

Tokenizing Time-  Tokenization applied to continuous [24,
Series and Irregular and discrete EHR data improves the ~ 25]
Data performance of machine learning

models in predicting patient outcomes,
particularly in time-series analysis.
Sentiment Analysis Tokenization converts unstructured [26,
and Emotion healthcare data into word tokens 27]
Recognition or vectors for sentiment analysis
and behavior prediction, aiding in
mental health and smoking behavior
classification.
Tokenization segments clinical text
and extracts key medical entities (e.g., [28—
diagnoses, treatments), improving 30]
entity recognition and information
extraction.
Tokenization for Tokenization in CNN models for [31]
Patient Phenotyping clinical discharge summaries aids
in patient classification, particularly
for rare disorders, improving model
interpretability.

Medical Entity
Extraction

2.4 Technological advancements and
implementations

A prominent development in this field is the integration
of tokenization with advanced deep learning models, par-
ticularly transformers and BERT-based architectures. For
example [18] and [19], demonstrate how subword tokeniza-
tion techniques, like WordPiece, are essential for breaking
down complex medical terminology. These advancements
enable models to handle rare or out-of-vocabulary terms,
improving their performance in clinical entity recognition
and predictive modeling. This shift towards transformers
and BERT highlights the growing reliance on sophisticated
tokenization methods to manage specialized healthcare
texts.

Tokenization has also advanced in its role in generating
secure, privacy-preserving datasets, in a way to secure data
but also to anonymize it, enabling secure data exchanges
across healthcare systems [22, 23]. These advancements
ensure that sensitive patient information is protected while
still allowing comprehensive data analysis across multiple
platforms, showcasing the growing intersection between
tokenization and blockchain technologies for secure health-
care applications.

Another key advancement is the application of tokeni-
zation in dynamic healthcare data, particularly time-series
data. In [24] and [25], tokenization is used to handle con-
tinuous and discrete EHR data in real-time, facilitating
accurate patient outcome predictions. These innovations
in handling time-series data show the expanding utility of
tokenization beyond static textual data, enhancing its role in
real-time clinical decision support systems.

This is the major findings but on Table 2 we provide also
criticisms of this approach.

This table provides a concise overview of the key criti-
cisms of the findings from the literature review.

2.5 Challenges and limitations of the studies

Despite these advancements, several challenges and
limitations related to tokenization persist across the
reviewed literature. One of the major challenges is scal-
ability. Studies such as [31] reveal that token selection
strategies are crucial for improving performance in
patient phenotyping models. However, the limited num-
ber of informative tokens and the need for larger sample
sizes restrict the scalability of such models, especially in
handling complex, unstructured clinical texts. Similarly,
the need for more advanced architectures to fully exploit
tokenization remains an issue, as demonstrated by the
moderate improvements in deep learning models in this
context.
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Table 2 This table provides a concise overview of the key criticisms of
the findings from the literature review
Criticism

Description

Limited Focus
on Tokenization’s
Drawbacks

Tokenization can fragment or misinter-
pret complex medical terminology, espe-
cially multi-word expressions, leading to
a loss of context, which is not adequately
addressed in the literature.

Overreliance on
Tokenization

Many studies emphasize tokenization as
the core preprocessing step but over-
look more advanced techniques (e.g.,
domain-specific embeddings) that could
handle nuances in healthcare texts more
effectively.

Scalability and Perfor-
mance Issues

Tokenization’s efficiency in processing
large-scale, unstructured datasets like
EHRs is a concern. Strategies for improv-
ing scalability, especially in real-time
applications, are not sufficiently explored.
Lack of Token
Interpretability

While tokenization enhances accuracy,
the challenge of interpreting tokens in
clinical settings is not thoroughly dis-
cussed. Subword tokenization techniques
may obscure meaning, reducing transpar-
ency in healthcare applications.
Although tokenization helps anonymize
data, the risks of re-identification in
tokenized datasets are not adequately
covered. More robust anonymization
techniques, such as differential privacy,
should be explored.

Privacy Risks and
Token Re-identification

Tokenization’s Role in
Emerging Areas

The review does not explore tokeniza-
tion’s limitations in emerging areas like
multimodal data analysis (combining text
with images or clinical signals), where its
effectiveness may vary significantly.

Integration issues with legacy systems also present sig-
nificant challenges. Articles like [23] report difficulties in
integrating tokenization frameworks within existing health-
care infrastructures, particularly when using blockchain for
secure data exchanges. The complexity of implementing
tokenization in a way that supports legacy systems while
maintaining efficiency and security is an ongoing limitation
that requires further research and development.

Another key limitation is the risk of re-identification,
particularly when dealing with sensitive healthcare data.
Although tokenization enhances privacy by anonymizing
patient information, as seen in [22], there are still con-
cerns about the robustness of these techniques in protecting
against data re-identification attacks. Moreover, tokeniza-
tion in time-series data models, such as those discussed in
[25], faces challenges in maintaining patient privacy while
ensuring that predictive models remain accurate and effec-
tive. Addressing these privacy concerns requires more
advanced tokenization strategies, such as integrating differ-
ential privacy or other cryptographic methods.
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Table 3 This table provides a concise overview of the main challenges
and limitations found in the literature on tokenization in healthcare
data analysis
Challenge/Limitations
Scalability

Description

Token selection strategies are crucial for
patient phenotyping, but limited infor-
mative tokens and small sample sizes
restrict scalability in handling complex
clinical data.

Integrating tokenization frameworks into
existing healthcare infrastructures, espe-
cially with blockchain, poses difficulties
in maintaining efficiency and security.
While tokenization enhances privacy,
concerns remain about re-identification
attacks, especially in time-series data
models. Further privacy-preserving
techniques are needed.

Performance Bottlenecks Tokenization improves accuracy in tasks
like emotion recognition but leads to
computational delays and inefficien-
cies, especially with large datasets in
resource-limited environments.

Integration with Legacy
Systems

Re-identification Risk

Finally, performance bottlenecks remain a challenge in
tokenization workflows. For instance, in [26], although tokeni-
zation significantly improved accuracy in emotion recognition,
the computational demands associated with processing large
healthcare datasets led to delays and inefficiencies. These bot-
tlenecks suggest that while tokenization improves accuracy, its
computational complexity can limit its real-world application
in resource-constrained environments. The Table 3, summary
table of the findings from the literature review:

3 Discussion

The rapid advancement of digital technologies in healthcare
has ushered in an era of unprecedented data generation and
analysis. Within this landscape, tokenization has emerged
as a critical tool for processing and securing healthcare
data. This discussion chapter aims to synthesize the find-
ings of our comprehensive literature review, offering a criti-
cal examination of the current state, challenges, and future
prospects of tokenization in healthcare data analysis.

Our analysis reveals a complex picture of tokenization’s
role in healthcare informatics. From its foundational use in
natural language processing to its innovative applications in
privacy preservation and real-time data analysis, tokenization
has demonstrated remarkable versatility. However, this review
also uncovers persistent challenges that hinder its full potential.
In the following sections, we will delve into the principal find-
ings, explore future directions for research and development,
acknowledge the limitations of our study, and draw conclusions
about the trajectory of tokenization in healthcare.
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By critically examining these aspects, we aim to provide
researchers, healthcare professionals, and policymakers
with a nuanced understanding of tokenization’s impact on
healthcare data analysis. This discussion not only highlights
the transformative potential of tokenization but also under-
scores the need for continued innovation to address exist-
ing limitations and harness its full capabilities in improving
patient care and advancing medical research.

3.1 Principal findings

Tokenization has emerged as a fundamental preprocessing
step in healthcare NLP, serving as a bridge between unstruc-
tured clinical text and structured data suitable for machine
learning analysis. Its widespread application across various
studies underscores its importance in transforming complex
medical narratives into manageable units. This transforma-
tion is crucial for subsequent tasks such as named entity
recognition and predictive modeling, ultimately enhancing
the accuracy of information extraction and classification in
healthcare contexts.

The integration of tokenization with advanced NLP mod-
els, particularly transformers and BERT-based architectures,
represents a significant leap forward in handling specialized
medical terminology. The adoption of subword tokenization
techniques, such as WordPiece, has markedly improved the
processing of rare or out-of-vocabulary terms, addressing a
longstanding challenge in medical NLP. This advancement
has far-reaching implications for improving the accuracy
of clinical entity recognition and patient outcome predic-
tions, potentially revolutionizing clinical decision support
systems.

A noteworthy finding is the dual role of tokenization in
data privacy and secure sharing within healthcare systems.
By converting sensitive patient information into secure
tokens, tokenization facilitates anonymization while main-
taining data utility. This approach enables large-scale anal-
ysis of healthcare data across institutions while ensuring
compliance with stringent data protection regulations. The
synergy between tokenization and blockchain technologies
for secure healthcare applications represents a promising
avenue for balancing data accessibility with privacy con-
cerns in collaborative research efforts.

The application of tokenization to time-series and multi-
modal healthcare data marks a significant expansion of its
utility beyond traditional text analysis. Innovative meth-
ods for tokenizing continuous and discrete EHR data have
enhanced the performance of machine learning models in
predicting patient outcomes, particularly in critical care
settings. This evolution demonstrates tokenization’s adapt-
ability to diverse data types, paving the way for more com-
prehensive and real-time patient monitoring systems.

Performance limitations in processing large healthcare
datasets present another significant challenge. While tokeni-
zation improves accuracy in tasks such as emotion recogni-
tion and sentiment analysis, the computational demands can
lead to inefficiencies in resource-constrained environments.
This constraint underscores the need for optimized tokeni-
zation algorithms and enhanced computational resources to
facilitate real-world applications in healthcare settings.

3.2 Future directions

The future directions of tokenization in healthcare data present
a broad range of opportunities for enhancing both the secu-
rity and efficiency of data processing models. Many studies
highlight the need for larger datasets to improve model per-
formance, particularly in patient phenotyping and disease
prediction. Increasing the size and diversity of EHR datasets
would allow tokenization strategies to capture a broader array
of clinical nuances, especially for rare phenotypes and under-
represented medical conditions. This expansion could lead
to more robust models that are better suited for personalized
medicine and precision healthcare applications.

In terms of technological advancement, there is a growing
interest in integrating tokenization with cutting-edge machine
learning models. The application of neuro-fuzzy theory, trans-
former-based architectures, and advanced deep learning tech-
niques is a key area for future exploration. Researchers plan to
combine tokenization with neuro-fuzzy systems and state-of-the-
art language models to reduce dependency on expert knowledge
and enhance model flexibility. Additionally, pre-training models
with larger, more diverse datasets and employing self-supervised
learning could further improve tokenization’s effectiveness in
handling diverse clinical data formats.

Privacy and security concerns remain a top priority for
future research. To address the risks of data re-identification and
improve the protection of sensitive patient information, future
work will focus on integrating more advanced privacy-preserv-
ing techniques, such as differential privacy and cryptographic
methods, into tokenization frameworks. This is particularly
relevant for large-scale data exchanges across healthcare pro-
viders, where maintaining privacy while enabling meaning-
ful data analysis is critical. Further, enhancing the security of
blockchain-based tokenization methods to support dynamic and
adaptive data exchanges is another focus area. This includes the
development of more flexible public and private chain integra-
tions to optimize security in real-time data exchanges.

Tokenization’s role in time-series data and real-time
healthcare applications will also evolve. Future research will
seek to optimize tokenization processes for continuous and
dynamic healthcare data, such as monitoring patient vitals in
intensive care units. Enhancing the scalability and adaptabil-
ity of tokenization in these settings will ensure models can
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handle fluctuating data with minimal preprocessing, improv-
ing real-time clinical decision-making. Additionally, efforts
will focus on reducing computational bottlenecks in tokeni-
zation methods to ensure their practical applicability in
resource-limited environments, particularly in mobile and
remote healthcare solutions.

Another promising area of future exploration is the inte-
gration of tokenization with domain-specific knowledge and
ontologies. Researchers aim to incorporate more specialized
medical knowledge into tokenization processes, which could
improve the accuracy of models in understanding complex
medical language and context. By leveraging medical ontol-
ogies and refining existing genomic signatures, tokenization
could be adapted to provide more precise insights into dis-
ease progression and treatment outcomes.

There is also a push towards enhancing the transparency
and explainability of tokenization models. Future work will
aim to make tokenization-based models more interpretable for
clinicians, ensuring that healthcare professionals can under-
stand and trust the outputs of machine learning models. This
will involve refining token selection mechanisms and devel-
oping frameworks that provide clear justifications for model
decisions, making tokenization a more effective tool for clini-
cal practice. In Table 4, we have a summary table of the future
directions for tokenization in healthcare data.

Table 4 This table outlines the promising future directions for research
and application of tokenization in the healthcare sector

Future Direction

Description

Larger and Diverse
Datasets

Technological
Integration

Privacy and Security
Enhancements

Optimization for Time-
Series Data

Domain-Specific
Knowledge Integration

Transparency and
Explainability

Expanding EHR datasets to improve
model performance, particularly for rare
conditions and personalized medicine,
enhancing tokenization’s ability to cap-
ture clinical nuances.

Exploring the combination of tokeniza-
tion with neuro-fuzzy systems, trans-
former-based architectures, and advanced
deep learning models to enhance flexibil-
ity and reduce expert dependency.
Integrating advanced privacy-preserving
techniques like differential privacy and
cryptographic methods to mitigate re-
identification risks and secure large-scale
data exchanges.

Adapting tokenization processes for
continuous healthcare data (e.g., patient
vitals) to improve scalability and real-
time decision-making in clinical settings.
Incorporating specialized medical knowl-
edge and ontologies into tokenization
processes to improve understanding of
complex medical language and context.
Enhancing interpretability of tokeniza-
tion models for clinicians, refining token
selection mechanisms, and developing
frameworks for clearer model decision
justifications.
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3.3 Limitations

The search for relevant articles on tokenization in health-
care presented several challenges, primarily due to the
niche nature of this specific application. Finding a broad
and diverse range of studies, especially those published
before 2020, proved difficult. This limitation resulted in a
relatively small pool of directly relevant resources, necessi-
tating a more focused search strategy and a greater reliance
on recent publications. The scarcity of studies specifically
addressing tokenization in healthcare often required expand-
ing the search beyond the initial scope to include related
fields or more general applications of tokenization. While
this limitation highlights a potential gap in the literature, it
also presents an opportunity for future research to explore
this understudied area more thoroughly.

The interdisciplinary nature of tokenization in healthcare
added another layer of complexity to the search process.
This topic intersects healthcare, data security, and natural
language processing (NLP), each with its own distinct body
of literature, methodologies, and terminologies. Synthesiz-
ing insights from these diverse fields required a comprehen-
sive understanding of technical concepts across multiple
disciplines. Many articles that employed tokenization tech-
niques did not focus explicitly on the process itself, making
it necessary to carefully examine a wider range of studies
to extract relevant information. This interdisciplinary com-
plexity, while challenging in the search and synthesis pro-
cess, also underscores the potential for combining ideas and
techniques across these fields in future research.

4 Conclusion

The literature review clearly underscores the critical and
evolving role of tokenization in healthcare data analysis.
This technique has demonstrated substantial potential in
enhancing data security, improving natural language pro-
cessing (NLP) capabilities, and facilitating more accurate
and efficient analysis of electronic health records (EHR).
Tokenization has proven effective in addressing privacy
concerns by converting sensitive patient information into
secure tokens, which allows for anonymization without
sacrificing data utility. As a result, it enables large-scale
healthcare data analysis across institutions while ensuring
compliance with stringent data protection regulations.
However, challenges remain. The scalability of tokeniza-
tion in handling large, unstructured clinical datasets presents
an ongoing issue, highlighting the need for more efficient
token selection strategies. Integrating tokenization frame-
works with legacy healthcare systems continues to be a
significant obstacle, emphasizing the necessity for flexible,
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interoperable solutions. Additionally, privacy concerns per-
sist, particularly the risk of re-identification in tokenized
datasets. This underscores the need for more advanced
anonymization techniques that can withstand sophisticated
attacks while preserving the integrity and utility of the data.

Looking ahead, the future of tokenization in healthcare
data analysis is promising. Research efforts should focus
on developing more robust privacy-preserving techniques,
optimizing tokenization for real-time clinical applications,
and incorporating domain-specific medical knowledge into
tokenization processes. Enhancing the interpretability and
explainability of tokenization-based models is also crucial
to increasing their acceptance and utility in clinical practice.

In conclusion, while tokenization has significantly
advanced healthcare data security and analysis, its full
potential has yet to be realized. Addressing current chal-
lenges and exploring future research directions will be
essential for widespread adoption and effectiveness in
real-world healthcare applications. As the healthcare sec-
tor continues to digitize and generate ever-increasing vol-
umes of data, tokenization will play an increasingly vital
role in unlocking the value of this information, ultimately
contributing to improved patient care and advancing medi-
cal research.
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