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Abstract: Natural language processing (NLP), a technology that translates human language into machine-readable data, is revolutioniz-
ing numerous sectors, including cancer care. This review outlines the evolution of NLP and its potential for crafting personalized
treatment pathways for cancer patients. Leveraging NLP’s ability to transform unstructured medical data into structured learnable formats,
researchers can tap into the potential of big data for clinical and research applications. Significant advancements in NLP have spurred
interest in developing tools that automate information extraction from clinical text, potentially transforming medical research and clinical
practices in radiation oncology. Applications discussed include symptom and toxicity monitoring, identification of social determinants of
health, improving patient-physician communication, patient education, and predictive modeling. However, several challenges impede the
full realization of NLP’s benefits, such as privacy and security concerns, biases in NLP models, and the interpretability and general-
izability of these models. Overcoming these challenges necessitates a collaborative effort between computer scientists and the radiation
oncology community. This paper serves as a comprehensive guide to understanding the intricacies of NLP algorithms, their performance
assessment, past research contributions, and the future of NLP in radiation oncology research and clinics.
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Introduction

Natural Language Processing (NLP), a critical domain in artificial intelligence (AI), has revolutionized a myriad of
general language applications, from search engines and recommendation systems to digital personal assistants.' > In the
context of healthcare, NLP holds considerable promise, especially in the field of oncology. With the proliferation of
Electronic Health Records (EHRs), a wealth of unstructured data is available for exploration. In fact, it is estimated that
the US healthcare system has exceeded 2000 exabytes, much of which is unstructured data in clinical notes, demanding
sophisticated NLP techniques for utilization.* This vast reservoir of EHR data has catalyzed research efforts to unearth
meaningful insights for cancer care. For instance, NLP techniques have been employed to identify patients at risk of
familial cancers using family history information documented in clinical narratives,” to automate the process of
extracting cancer staging information from unstructured clinical narratives,® leading to more efficient patient stratification
and appropriate treatment plans. This horizon is now expanding towards radiation oncology, where personalization and
precision play pivotal roles. The remainder of this review presents a comprehensive exploration of the evolution of NLP
models and discuss the potential implications of these developments in the context of radiation oncology, more
specifically in personalizing treatment pathways. To illustrate the dynamic interplay between data, models, and applica-
tions of NLP in radiation oncology, Figure 1 provides a schematic overview that encapsulates the progression from raw
clinical data to actionable oncological insights, highlighting the transformative potential of NLP in personalizing
radiation therapy pathways.
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Figure | A schematic overview of the flow from foundational data to diverse applications in the radiation oncology domain empowered by NLP methods. The bottom layer
represents various foundational data sources used in radiation oncology. The middle layer categorizes the predominant NLP methodologies into three classes: knowledge-
based, statistical, and deep learning, where knowledge-based methods rely on domain-specific rules, statistical methods employ algorithms to infer patterns from data, and
deep learning utilizes complex neural network architectures for more nuanced language understanding. The top layer displays the key applications of these NLP methods in
radiation oncology.

Roadmap of Natural Language Processing Models and Recent Advances in Large
Language Models

The rudimentary phase of NLP, dating back to the 1950s, was dominated by rule-based systems.” These models were
built around predefined rules and grammatical structures, often resulting in inflexibility and limited contextual under-
standing. The 1980s and 1990s marked a shift towards statistical methods, such as Hidden Markov Models and Naive
Bayes, that made use of real-world data for model training.® However, these models were often limited by their inability
to capture semantic relations and contextual subtleties in language. The introduction of machine learning ushered in
a new era for NLP, particularly with the advent of neural networks. Recurrent Neural Networks (RNNs), Long Short-
Term Memory (LSTM), and Gated Recurrent Units (GRU) models provided a means to understand context over long
texts.”'' Despite the advancement, these models were still faced with significant limitations, such as difficulty in
handling long sequences and the vanishing gradient problem.'?

The advent of the Transformer model in 2017 marked a profound shift in the NLP landscape.'® Distinguished by its
innovative self-attention mechanism, this model enabled the efficient capture of long-range dependencies in text. This
mechanism, by weighting different words in a sequence based on their relevance to a given context, allowed the
Transformer model to move beyond the linear sequential processing of RNNSs, instead processing all words
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simultaneously and gaining a more holistic understanding of the textual context. This feature was particularly beneficial
in managing the inherently complex and context-dependent nature of human language. This groundbreaking development
paved the way for the emergence of larger, pre-trained models like Bidirectional Encoder Representations from
Transformers (BERT) and Generative Pre-trained Transformer (GPT).'*'> BERT introduced the concept of bidirectional
training to transformers, allowing each word to be conditioned on its preceding and following words, thus capturing left
and right context simultaneously. This bidirectional understanding led to significant improvements in language tasks such
as question answering,'® relation extraction'” and named entity recognition.'® On the other hand, GPT, starting with GPT-
1 and leading up to the latest GPT-4,"" has demonstrated remarkable language generation capabilities. Unlike BERT,
GPT utilizes a unidirectional approach, where words are conditioned only on their preceding words, making it more
suitable for text generation tasks. GPT-4, in particular, exhibits a compelling ability to generate coherent and contextually
accurate responses, heralding a new era for NLP applications. However, it is crucial to approach the use of GPT models,
including ChatGPT, with a degree of caution. As generative Al models, they are built on large datasets compiled from
diverse and undisclosed sources. This lack of transparency about the input data and the proprietary nature of the
algorithms can lead to a heightened risk of bias in the generated content. Moreover, the data used to train these models
may not always be representative or free from inherent biases present in the highly personalized cancer care data.
Therefore, while GPT models offer great potentials in clinical notes analysis and generation, their applications in
radiation oncology should be accompanied by a thorough understanding of these limitations.

Over the recent years, the scale and performance of these language models, collectively known as Large Language
Models (LLMs), have grown dramatically. The pre-training aspect of these models, where they are trained on a large
corpus of text data before being fine-tuned for specific tasks, has been a cornerstone of their success. The process enables
these models to learn a rich understanding of language semantics and syntax, allowing them to generalize better to

2021 and sentiment

unseen data. LLMs have shown significant potential in the tasks such as machine translation
analysis,22 a technique used to determine the emotional tone behind words. The BERT-based models, for instance,
have shown promising results on the SemEval-2017 Task 4, a popular benchmark for sentiment analysis tasks.

In the realm of cancer care, these LLMs have spurred more sophisticated applications. For example, they have been
used to generate medical text for educational purposes, simulate patient-doctor conversations for training, and even
support real-time clinical decision-making.*?® Their ability to accurately interpret and generate language has led to
improved diagnostic accuracy, enhanced patient engagement, and more efficient healthcare operations. This marks
a significant progression from traditional models, which were often hampered by their inability to effectively handle

the complexity and nuances of clinical language.

Personalized Treatment Pathways for Cancer Patients

The treatment of cancer has become more individualized over time as it is a complex disease process, necessitating
increasing oversight of patients’ unique treatment pathways through clinical presentation, workup, diagnosis, treatment,
outcomes and toxicities. Even within specific cancer subtypes, there is significant variability in the clinical presentation
across patients, and the use of standard treatment paradigms can lead to vastly different outcomes per patient. Over the
past few decades, there has been a tremendous increase in interest for personalizing health care for the individual. In the
modern era, advancements in molecular analysis and the development of “omic” approaches (eg genomic, proteomic,
metabolomic) have allowed for personalized treatment recommendations for patients with cancer.?’*® Similarly, as
treatment pathways diverge to become unique for each patient, managing toxicity grows increasingly complex, requiring
individualized approaches as well.”’ Due to the heterogeneity in patients’ disease presentation, treatments, toxicities, and
outcomes, the use of artificial intelligence will be vital in order to scale the ability of clinicians to take all of these factors
into account in order to provide the best comprehensive patient care.

Advancing upon the strengths of NLP technologies and their impressive growth in scope and performance, their application
in the field of radiation oncology can redefine the landscape of personalized cancer care. Given the capability of digesting vast
training text data and the proficiency in understanding language semantics and syntax, NLP models are uniquely positioned to
learn and process the intricate, multi-dimensional data associated with individual cancer patient profiles. In the context of
personalized treatment pathways, these advanced NLP technologies can transform raw, high-dimensional data into actionable
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insights, and can harness the power of “omic” approaches by effectively integrating and interpreting complex genomic,
proteomic, and metabolomic data to guide the selection of precise, patient-tailored treatment strategies.”*>' Moreover, in an
environment where treatment pathways are diverging to become unique for each patient, managing toxicity grows increasingly
complex. NLP can play a significant role in capturing and understanding patient-specific treatment responses, enabling early
detection and management of treatment-related toxicities. By continuously monitoring and interpreting diverse data streams,
these technologies can predict potential adverse events and provide critical guidance on treatment modifications. In essence, with
the potential to provide a more comprehensive, accurate, and personalized approach in radiation oncology, NLP stands at the
frontier of a new era of medical practice. Its potential in numerous applications promise to redefine the patient experience and
cancer care outcomes. In the following sections, we delve deeper into these intriguing applications and explore how they are
shaping the future of personalized cancer care in radiation oncology.

The literature search was primarily conducted using PubMed and Google Scholar. The search was centered around
key phrases such as “radiation oncology” AND “Natural Language Processing”, “cancer” AND “Natural Language
Processing”, allowing us to capture a broad spectrum of relevant studies. We employed a combination of these keywords,
using standard Boolean operators to refine our search. We focused on studies published in the prior decade to concentrate
more on modern NLP techniques leveraging recent advances in machine learning and deep learning. The search results
were systematically screened by title and abstract before a full-text review to identify studies discussing unique
applications at the intersection of NLP and radiation therapy. We supplemented search results with manual examination
of reference lists from recent reviews and selected articles to identify additional relevant citations.

Applications of Natural Language Processing to Personalize Radiation
Oncology

Dynamic Personalized Care: Symptom and Toxicity Monitoring

Advancements in NLP have highlighted the immense potential for integrating detailed radiation therapy data, typically
hidden in free-text sections of EHR, into databases and clinical summaries. This refined process of data extraction can
potentially revolutionize decision-making protocols, elevate the efficacy of patient follow-up, and enhance overall patient
management.®” A recent study evaluated Apache Clinical Text Analysis Knowledge Extraction System (cTAKES),** an
open-source NLP pipeline designed for clinical text, for its capacity to extract toxicity data from unstructured cancer
therapy treatment visit notes.>* Notably, cTAKES demonstrated impressive efficacy in identifying present symptoms,
even outperforming human inter-rater variability. However, the system’s performance in recognizing negated symptoms
was less satisfactory. These findings draw attention to the potential and limitations of NLP tools in the context of data
extraction from clinical notes. The superior performance of cTAKES in identifying certain symptoms exemplifies the
substantial promise of NLP in enhancing healthcare data management. However, the limitations observed in recognizing
negated symptoms also underscore the need for further optimization of these tools.**

The progressive strides as deep transformer models are increasingly showing potential for enhancing the recognition of
radiation therapy entities and facilitating relation extraction, thereby underlining the potential of advanced NLP methods in
augmenting data extraction and standardization. A recent study demonstrated the use of a deep learning model to extract
symptoms from unstructured clinical notes in EHR.? The researchers trained the model to identify a wide range of symptoms
relevant to cancer care, showing its feasibility for large-scale health system applications. Another research study developed
NLP models to identify the presence and severity of esophagitis from the notes of patients treated with thoracic radiation
therapy.*® This study provided proof-of-concept for automated, detailed toxicity monitoring in expanded domains using NLP.
Building on these advancements, LLMs such as the GatorTron,>” with its extensive training on clinical notes, could be
harnessed to detect and monitor symptoms and toxicities in real-time. Its deep understanding of medical language might
facilitate the extraction of nuanced information about patient symptoms and treatment-related toxicities, offering a more
comprehensive view of patient health. Another exemplary study utilized Optum’s proprietary NLP tool to mine unstructured
data from EHRs for a nationally representative study. The authors leveraged the NLP tool to facilitate the extraction of
biomarker status and pneumonitis incidence from physician notes, allowing for an in-depth analysis of treatment-related
adverse events in non-small cell lung cancer patients.>® The study successfully identified several predictors of pneumonitis,
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highlighting NLP’s potential role in predicting adverse events and facilitating the development of mitigation strategies. Yet,
the application of NLP in radiation therapy is still in its early stages, thus necessitating continued collaboration between NLP
researchers and the radiation oncology community. An NLP tool capable of detecting potential risk factors for radiation
therapy-induced toxicities, like connective-tissue disorders, pregnancy, pacemakers, and prior radiation therapy records, could
serve as a robust quality assurance mechanism. Moreover, NLP models capable of extracting toxicity and outcome data could
be potentially used for real-time EHR monitoring.

Personalizing Care Around Social Determinants of Health

Social determinants of health are known to significantly impact patient risk factors, treatment, and clinical outcomes. A few
considerations for those undergoing radiation therapy include access to specific radiotherapy techniques, the need for often daily
outpatient visits over a period of time, and toxicity management. Increasing use of the EHR for access to medical information and
communication with the medical team has exposed disparities within the health system. Older age, black or Hispanic race,
English as a second language, and lower socioeconomic status are but a few factors that have been shown to be negatively
associated with use of internet based technologies such as patient portals that are increasingly being used in oncologic care.*® '

There remains limited understanding of underlying causes of cancer disparities resulting in limited ability to address
these disparities. Underlying causes of cancer disparities are not easily captured within the EHR in a structured format.
Rather, this information is often documented as clinical narratives. NLP systems are being developed to more accurately
extract this data to construct clinical profiles for each patient.**** For example, researchers have expanded upon the
existing schema to develop an NLP model to improve extraction of clinical information and pertinent non-medical named
entities in lung cancer patients.*> Additionally, an NLP algorithm utilizing a generated list of lexicon for social isolation
was developed to improve evaluation for social isolation in prostate cancer patients, which was tested against domain
expert manual review with high level of precision and recall.**

More recently, NLP models to identify factors underlying social determinants of health for those undergoing radiation
therapy are being explored.** Linguistic differences have been identified in clinical notes among patients of different
social contexts.*> These tools can help identify disparities in care and drive appropriate intervention, including appro-
priate allocation of resources and support. Further, they have the potential to improve our understanding of how these
underlying factors affect cancer management and outcomes.

Personalizing Patient Resources: Patient-Physician Communication and Patient

Education

The plethora of medical information that can be access through the internet can be overwhelming for patients. Methods to
provide patients with relevant and accurate information represent an ongoing area of focus, especially in radiation
oncology where many patients have limited baseline insight. Various strategies to compute recommended patient
education material exist including information retrieval approach and the recommendation algorithm, which are based
on user queries and assessment of a patient’s potential needs. NLP techniques have been explored to improve the
relevance of patient education material based on their health data, though are still in early development.*® Although this
study was focused on education material for chronic disease, there is potential to expand to other areas including
oncology and radiation oncology. As physicians are often limited in time, an NLP application to facilitate distribution of
patient resources can be of great assistance.

Just as patient education helps facilitate care, the healthcare team’s understanding of patient values and goals of care
are critical components of cancer management. Effective discussions around prognosis, values, advanced care planning,
and code status help ensure treatments are aligned with patient goals. NLP offers a scalable method of identifying serious
illness communication (SIC) in EHR using semi-structured data, which can serve as a baseline.*’ Further advances can
potentially extract more detailed SIC information in unstructured data as well. There is potential to identify temporal
changes in patient goals as diseases progress to improve care. As goals of care discussions are dynamic ongoing
conversations, domain knowledge of how often SIC occur and in what context can inform intervention to improve
goals of care discussions with patients and families.

Pharmacogenomics and Personalized Medicine 2024:17 https: 69
Dove!


https://www.dovepress.com
https://www.dovepress.com

Lin et al Dove

Predictive Modeling to Personalize Treatment Strategies

The application of NLP for predictive modeling in the context of cancer has emerged as a significant research focus. The
potential to discern critical insights from the wealth of information embedded in unstructured EHR data has been proven
instrumental in refining predictive modeling efforts.***° In the realm of traditional NLP techniques, significant contribu-
tions to predictive modeling in cancer care have been made. One compelling study highlighted the role of NLP in
determining the smoking status of patients from information found in their discharge records, an important predictor for
lung cancer and its treatment outcomes. As a part of the i2b2 (Informatics for Integrating Biology to the Bedside)
project,’® the authors organized a challenge wherein a variety of machine learning and rule-based algorithms were
employed by participating teams. Despite the diversity in approaches, many of the systems submitted to the challenge
delivered promising results. Analysis of the results underscored that discharge summaries express smoking status using
a limited number of textual features, from which many of the successful smoking status identifiers benefited.”' This study
underscores the potential of even simple, rule-based NLP systems in predictive modeling in healthcare.

Following the success of these traditional methods, recent advancements have been made utilizing transformer-based
NLP methods for predictive modeling in cancer care. For instance, a deep learning model, PPES-Met, was proposed to
estimate the short-term life expectancy of metastatic cancer patients, employing free-text clinical notes while maintaining
the temporal visit sequence.’> The model achieved impressive accuracy, which holds promise for its utilization as
a decision support tool in personalizing metastatic cancer treatment. MetBERT, another transformer-based model, was
specifically fine-tuned to predict cancer metastasis from clinical notes. It yielded high performance on an in-house
validation dataset, demonstrating its potential for deployment as a tool for early metastasis diagnosis. MetBERT was also
found useful in identifying the date of cancer metastasis from clinical notes, thus underscoring the potential of NLP
methods in early diagnosis.”> OncoBERT, a deep transformer transfer learning framework, was built for cancer outcome
prediction using unstructured clinical notes from various cancer sites, including Glioma, Prostate, and Breast.>
Compared to conventional NLP methods and stage-based outcome models, OncoBERT outperformed them in predicting
cancer outcomes across three distinct cancer types. The interpretability pipeline introduced alongside OncoBERT
improves transparency and comprehensibility, empowering clinicians and patients to make more informed decisions.>*
Using a similar BERT-based infrastructure, a study showcased the potential of a large language model NYUTron,>
which was trained using unstructured clinical notes from EHR and was fine-tuned for various clinical and operational
predictive tasks. The study emphasized the importance of clinical predictive models in assisting physicians and
administrators in making time-constrained decisions. NYUTron demonstrated impressive performance, especially in
tasks like 30-day all-cause readmission prediction, in-hospital mortality prediction, and more, highlighting the growing
potential of transformer-based models in healthcare. These traditional and advanced NLP techniques together underscore
the utility of NLP in predictive modeling. While transformer-based models like BERT variants can handle complex tasks,
traditional rule-based and machine learning techniques remain integral for their simplicity, interpretability, and proven
effectiveness. Therefore, continuous advancements and integrations of both methods can provide more comprehensive
and reliable predictive modeling in cancer care.

Challenges and Future Directions of NLP in Radiation Oncology

Privacy and Security of Clinical Data

The power and potential of NLP and particularly LLMs in radiation oncology are underpinned by the extensive use of
healthcare data, most prominently in the form of EHR unstructured data. However, this revolutionary trend is not without
its challenges. Prominent among them are the concerns over data privacy and security, which have taken center stage in
discussions about the ethical use of NLP in healthcare.”®>” The essence of these concerns lies in the inherently sensitive
nature of health data. Personal health information (PHI) is a type of personal data that warrants particularly high levels of
protection due to the risk of stigma, discrimination, or harm that could result if it is mishandled or disclosed
inappropriately.”® Despite best efforts to de-identify EHR data, the possibility of re-identification cannot be entirely
eliminated, particularly in instances where unique or uncommon patient histories are involved. This risk is amplified
when the models are trained on large-scale, diverse, and detailed patient data.>
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Data security is a closely related issue. EHR systems house vast quantities of sensitive patient data, making them
a prime target for malicious attacks. Ensuring robust data protection measures are in place at every stage of the data
handling process — from data collection and preprocessing to model training, validation, and deployment — is of
paramount importance.®® Adding to these challenges is the growing interest in building multi-institution or even
international databases to improve the generalizability and effectiveness of NLP tools. However, the uneven landscape
of data privacy laws and guidelines across countries and institutions adds complexity to this task.°' Furthermore,
challenges related to language discrepancies, variations in healthcare delivery systems, and inconsistent data formatting
across institutions can hamper this ambitious goal.

Despite these obstacles, the pursuit of secure and privacy-preserving NLP tools for radiation oncology continues with
the exploration of innovative solutions. Federated learning, a decentralized machine learning approach, has emerged as
a potential way forward. It enables model training across multiple decentralized edge devices or servers holding local
data samples, without the need to exchange raw data.®*®* This not only helps overcome data sharing restrictions, but also
significantly enhances the privacy protection of patient data. Another common mitigation strategy against the privacy
concerns is data de-identification or anonymization. This involves removing, encrypting, or replacing personally
identifiable information within the health records to prevent the identification of individuals, while still retaining the
valuable medical data for research.®* While this process can significantly reduce the risk of privacy breaches, it is not
infallible. For instance, sophisticated methods of re-identification can potentially link de-identified data back to the
individual.®> Therefore, ongoing research into more robust de-identification and anonymization methods is crucial. The
pathway to effective and ethical implementation of NLP in radiation oncology is far from straightforward, but the journey
is crucial. Addressing data privacy and security concerns will not only satisfy legal and ethical requirements, but it will
also build patient trust — a factor that will ultimately determine the success of these advanced technologies in healthcare.
Future research should continue to prioritize these aspects, exploring innovative solutions and frameworks that can bring
the promise of NLP to fruition without compromising patient privacy and data security.

Promise and Pitfalls of Large-Scale Diverse Clinical Datasets
Having established the ethical and legal concerns over patient confidentiality and the security of PHI, it becomes evident that
these challenges are inextricably tied to the realities of dealing with large-scale and diverse clinical datasets. Not only must we
secure and preserve privacy within these vast data reserves, but also manage inherent complexities in their size, diversity, and
quality. The challenges of data redundancy, heterogeneity, and the need for standardization underscore the obstacles that
researchers and clinicians face in optimizing these datasets for NLP. Moreover, there are other limitations specific to EHR
corpora. One example is redundancy in longitudinal records, as physicians tend to copy and paste text directly from prior
notes. The diversity in large-scale EHR text corpora can thus be severely limited due to the redundancy from patients with
several notes in their longitudinal records and may risk introducing unwanted bias. Methods for mitigating this redundancy
include using metadata when available, or using fingerprinting algorithms in de-identified corpora.®®

Another major limitation to the use of EHR data is the heterogeneity of the data, across institutions and even across
providers within the same institution, including the data models, naming conventions, and degree of detail included when
representing similar data.®” This makes access to and aggregation of data very difficult. Recognizing this challenge,
datasets like MIMIC-III® and MIMIC-IV®® have been developed, offering large-scale clinical notes for research.
However, while these datasets are invaluable, they are primarily single-institutional and may be restricted to specific
clinical specialties, not being predominantly oncology-focused. Thus, efforts have been made to standardize EHR data
from across providers and healthcare organizations, in order to generate structured datasets for interoperable secondary
use.”®’" Careful collection and annotation of large-scale EHR datasets will be fundamental for reliable training of
language models to be used in clinical decision-making.”*

Bias in NLP Language Models

One major limitation of language models is the risk for bias. The quality and diversity of data used for training language
models can affect their performance drastically. Since most text corpora are based on real world data, many exhibit
problematic stereotypical biases, which reflect negative generalizations based on social constructs such as race, gender,
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and religion.”””"°> These biases can then be amplified and propagated in language models trained on such data. For
example, a language model that exhibits gender bias may assign a higher likelihood to the final token of “he worked as
a [doctor]” than “she worked as a [doctor]”.”® In medicine, incorporation of such biases could lead to exacerbation of
disparities in healthcare. In oncology, there may not be enough data about rare cancers or underrepresented populations,
leading to blind spots in language models. It is critical to develop methods to identify and mitigate these biases as these
models are increasingly used for decision-making in the real world.

There is now a significant body of work that has been done to quantify bias in language models, including in the
medical context.””””® For example, datasets have been created to test language models for bias across domains such as
race, gender, profession, and religion.””*” There are many proposed metrics for quantifying bias in text corpora, and it is
likely that different metrics can reveal different types of bias.®'*? In addition to choosing the appropriate measures to
identify bias within datasets used for training, involving clinicians will be helpful to identify potential sources for bias
and guide the selection of high quality data sources.””*

Once biases are identified, developing methods for mitigating bias is critical, and this is still an active area of
research.®*®* Periodic evaluation and monitoring of model performance across various subgroups will be essential in
identifying and reducing bias. Model documentation frameworks will allow for transparent reporting of choices and
assumptions made when curating and evaluating datasets.®> Moving forward, it will also be important to establish best
practices for identifying and debiasing language models, in order to improve the fairness of language models and
reducing harm to traditionally marginalized groups of patients.*®

Interpretability and Generalizability of NLP Models

As NLP models become increasingly complex, understanding their decision-making processes—known as model
interpretability—becomes more challenging yet increasingly important.®”%® Large-scale transformer models, like
BERT and its variants, have demonstrated impressive predictive capabilities in diverse tasks, but their “black-box”
nature makes the interpretability elusive.® While these models can generate precise outputs, understanding why they
arrive at these outputs is challenging, which limits their trustworthiness and potential for deployment in clinical settings,
including radiation oncology.”® Emerging research has aimed to address this issue by developing methods for interpreting
NLP models. These methods range from visualization techniques for attention mechanisms®' to methods like LIME
(Local Interpretable Model-agnostic Explanations) and SHAP (SHapley Additive exPlanations) which provide instance-
level explanations.”>”® Despite the advancements, the interpretability of NLP models, particularly transformer-based
models, remains an area requiring further research.

Generalizability is another significant challenge for NLP applications in radiation oncology. Many machine learning
models are developed and validated using data from a single institution or country. These models, therefore, may not
perform as well when applied to a different patient population or healthcare setting, which can vary greatly in terms of
demographics, clinical practices, and documentation styles. The lack of multi-institutional data also inhibits the devel-
opment of models that can truly represent diverse patient populations and healthcare contexts. This underscores the need
for establishing multi-institutional international databases that can yield more generalizable NLP models. However, the
creation of such databases faces numerous logistical and data privacy-related hurdles as discussed in the previous section,
which require careful considerations and innovative solutions.®*®** To tackle these issues, multi-task learning provides
an innovative solution. Multi-task learning trains a single model to perform multiple related tasks concurrently, enabling
it to learn a shared representation that can be beneficial across tasks. This methodology can be particularly effective in
a healthcare context where each institution may have unique patient demographics and disease prevalence. By training
a model to perform well across various tasks, the probability of the learned representation generalizing well to new
institutions is increased.”””® Nonetheless, research is still ongoing to optimize and refine this approach, underscoring the
dynamic nature of the field of NLP in radiation oncology.

Conclusion
The use of Natural Language Processing presents a transformative opportunity in radiation oncology. It has the potential to
decipher and leverage the wealth of information embedded within the unstructured notes of EHR, thereby facilitating big
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data analytics and advancing precision medicine. However, as we seize the benefits, it is critical to navigate the multifaceted
challenges that emerge, including those pertinent to privacy, security and model bias. Robust safeguards and algorithms
should be in place to protect patient data and ensure the technology serves all populations equitably. As NLP technology
matures and its integration into clinical settings becomes more prevalent, it is imperative for radiation oncologists to
actively collaborate with computer scientists to introduce the advanced technology to the clinic. Such multidisciplinary
partnerships can focus on high-priority tasks, contribute to the assembly of clinical corpora, establish guidelines, and define
acceptable performance metrics for both research and clinical applications. This coordinated approach will ensure the true
potential of NLP is realized, improving both research outcomes and patient care in the field of radiation oncology.
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