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From data to decisions: Big data and Al are shaping the future of
radiotherapy and individualized treatment of nasopharyngeal
carcinoma

1. Introduction

Nasopharyngeal carcinoma (NPC) has an imbalanced geographical and ethnic distribution, with notably high incidence rates in
Southeastern Asia and China. China accounted for 42.4% of the newly diagnosed cases worldwide in 2022." NPC is sensitive to
irradiation, and radiotherapy is the mainstay curative treatment modality.” The widespread use of intensity-modulated radiation
therapy (IMRT) and image-guided radiotherapy (IGRT) has achieved great advances in survival outcomes and toxicity profiles among
NPC patients." In radiotherapy of NPC, the tumor’s proximity to critical structures demands accuracy in tumor delineation in order to
avoid radiation-induced toxicities. However, tumor target delineation for radiotherapy of NPC is labor-intensive and radiation on-
cologists’ proficiency varied considerably.” In recent years, the advent of big data analytics and artificial intelligence (AI) has opened
up new avenues for improving the precision and efficacy of radiotherapy and individualized treatment in NPC management.”° In this
article, we explored how big data, Al-assisted delineation, radiotherapy planning, and adaptive radiotherapy (ART) are transforming
clinical decision-making in NPC treatment. We also provided an outlook on the historical development of Al and big data, their
current dominance in oncological radiotherapy, and their projected impact on future clinical practice (Figure 1).

2. Current research into the use of big data and Al in NPC treatment
2.1 The use of big data analytics in the individualized treatment of NPC

Since advancements in radiotherapy technology have improved locoregional control of NPC, distant metastasis remains the main
treatment failure of NPC. Over the past two decades, researchers have performed randomized controlled trials (RCTs) that have
demonstrated the ineffectiveness of adjuvant strategies and the effectiveness of induction chemotherapy and metronomic capeci-
tabine adjuvant therapy for decreasing distant metastasis.”'® However, RCTs are often time-consuming and costly, underscoring the
need for a complementary approach, such as real-world studies. Big data are pivotal in this context. As of April 2024, we have
established a comprehensive database that integrates over 1.9 million cancer cases, encompassing multidimensional data across
common tumor types. This database not only standardizes and integrates multimodal data but also structures them through natural
language processing (NLP), organizing the data chronologically.'' In the NPC-specific database, 13 electronic health records (EHR)
systems were integrated and 981 variables were defined.'” This database includes comprehensive data on more than 90,000 NPC
patients from 2000 to 2024. Thanks to the application of big data and AI in the management of this database and the patients it
includes, 70% of patient follow-ups are now automated, which helps keep the database current, organized, and easily accessible. The
big data platform has thus far supported 2,950 research projects and is expected to yield 30-50 publications every three years.

Previously, the use of big data analytics facilitated our investigation into rare phenomena observed in clinical practice among NPC
patients. For instance, since there is an extremely low incidence of radiation-induced brainstem necrosis after radiotherapy of NPC,
the condition was largely unknown and dose constraint recommendations varied. By using the big data platform, we identified 6,288
patients with regular magnetic resonance (MR) imaging follow-up of more than 12 months during 2009-2015; then, we identified 24
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Figure 1. Big data and artificial intelligence in radiotherapy and individualized treatment of NPC. A: Big data in individualized treatment for NPC. B: AI in
radiotherapy delineation. C: Al in online adaptive radiotherapy. D: Outlook for Al and big data in radiotherapy and individualized treatment of NPC.
Abbreviations: 1. GTV: gross tumor volume 2. OARs: organs at risk.
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Figure 2. Dose-volume histogram (DVH) for 24 patients with brain stem injury (BSI) and 6,264 patients without brain stem injury (non-BSI)."

patients with brain stem injury (BSI) by reviewing the MR images. Based on the dosimetric data of these 24 patients with and 6,264
patients without BSI, a safe dosage threshold of IMRT to prevent BSI was proposed (Figure 2)."* In a separate study, we found that
hepatitis B virus (HBV) may be activated by chemotherapy in NPC patients. NPC patients who underwent HBV DNA tests before,
during, and after chemotherapy were identified through corresponding variables provided in the big data platform, with 563 such
patients identified among the 46,919 patients between 2008 and 2016. Among these, 51 patients were found to have experienced
HBV activation. When analyzing these 51 patients, evidence was found in support of the introduction of HBV screening and pro-
phylaxis for patients with chronic HBV infection on high-risk regimens.'*

Furthermore, big data allow for the precise stratification of patients. For example, to investigate the prognostic significance of liquid
biopsy tracking, medical records of 673 patients with longitudinal Epstein-Barr virus (EBV) DNA tests were retrieved from 10,126 cases
between 2009 and 2015. Based on dynamic changes in EBV DNA, patients were stratified into different risk groups. Moreover, different

@ Reprinted from International Journal of Radiation Oncology Biology Physics, Vol 105, Xiao-Dan Huang et al., Evolution and Dosimetric Analysis of
Magnetic Resonance Imaging-Detected Brain Stem Injury After Intensity Modulated Radiation Therapy in Nasopharyngeal Carcinoma,
Pages124-131, Copyright (2019), with permission from Elsevier.
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forms of tumor biology were identified, leading to the proposal that distinct adaptive treatment strategies should be developed.'” In
these ways, the big data platform has empowered clinical research and promoted the individualized treatment of NPC.

Because of the focused geographical distribution of NPC, most big databases have been built in southern China. Chen et al.'®, for
instance, constructed an NPC-specific big data platform based on EHR. Between 1999 and 2022, 11,617 patients of Nanfang Hospital,
Southern Medical University were included. The data in the platform were shown to be complete and accurate, especially for social
demographics, laboratory tests, and vital signs. There are, however, databases also to be found outside of China. In the US, for example,
the Surveillance, Epidemiology, and End Results database compiled more than 13,000 NPC cases from 17 registries between 2000 and
2021. It provides detailed and comprehensive information on various aspects of patients, and it has supported numerous research.

Big data analytics have great potential to stratify patients with different risk levels and thereby support individualized treatment
strategies. These analytics identify patterns and correlations that may not be apparent in smaller datasets. For instance, predictive
modeling can be used to identify which patients are most likely to benefit from certain treatments based on their genetic profiles,
tumor characteristics, and clinical histories. This personalized approach can promote treatment efficacy and reduce unnecessary side
effects. Additionally, big data can facilitate the development of new treatment protocols and guidelines by providing robust evidence
derived from real-world patients.

Big data can also enhance patient care by enabling more precise and timely interventions. For example, a dynamic monitoring
system can be used to identify patients at a high risk of treatment-related complications, allowing for early interventions and
management. Moreover, big data can aid in the development of decision-support tools that provide clinicians with real-time insights
and recommendations based on the latest evidence and guidelines. These tools can assist clinical decision-making, reduce variability
in care, and ultimately improve patient outcomes.

2.2 The use of Al in the precision delineation of tumor targets and OARs in NPC radiotherapy

Precision delineation of tumor targets and OARs is crucial for the successful radiotherapy of NPC. Inaccuracies in tumor targets’ and
OARs’ delineation may compromise survival and increase radiation-induced toxicities in head and neck cancer.'” Tumor targets’ deli-
neation in the NPC field is built on the experience of radiation oncologists, but their delineation is labor-intensive and error-prone, with a
contouring consistency of approximately 70% between an expert group and radiation oncologists with 1—3 years of experience.” Fur-
thermore, there is considerable inter-observer variation among radiation oncologists, with an average contouring consistency of about
74%.> Against that background, the implementation of Al contouring can markedly reduce the variations that appear.

To achieve an accurate delineation of tumor targets and OARs, from 2009 to 2018, we focused on aligning the understanding of
tumor targets for NPC and head and neck OARs among radiation oncologists. We identified patterns of locoregional tumor extension
for NPC, including a decreased extension risk in cases of non-involvement of high-risk anatomical sites, six common pathways of
primary tumor invasion, and the orderly spread of neck lymph node (LN) metastases from higher to lower neck levels.'®'® We also
established a regional LN distribution probability map and proposed NPC-specific improvements to the international guidelines for
neck clinical target volume,”” as well as established criteria for protecting 33 normal organs, which are now adopted in eight global
guidelines (Figure 3).!

Utilizing these insights, we delineated ground truth contours of the primary GTV (GTVp) on multiparameter MR images from
1,021 NPC patients, and the nodal GTV (GTVn), clinical target volumes (CTVs), and head and neck OARs on plain CT images from
approximately 500 NPC patients. Next, we developed and validated three-dimensional convolutional neural networks (CNNs) to
achieve the automated delineation of target volumes and OARs. These automated delineation models were then integrated to es-
tablish an AI system. For GTVp, this Al system simulates tumor spread paths and identifies tumor margins on MR images with a state-
of-the-art accuracy of 78% —82%, surpassing the accuracy levels of half of the radiation oncologists (Figure 4).> Moreover, Al
assistance promoted the contouring accuracy and reduced inter-observer variation by 50%, as well as reduced the delineation time by
40%.° For GTVn and high- and low-risk CTVs, the delineation accuracies were 74%, 93%, and 88%, respectively.”” Besides, through
the Al-assisted delineation of OARs, we expanded the number of protected organs from 15 to 43 in clinical routine delineation. When
combining all tumor targets and OARs, the delineation efficiency is expected to increase fivefold. This Al system has been approved to
be used in both tertiary and primary hospitals in China, and as of June 30, 2024, it has been used in over 500,000 patients across 296
hospitals in 31 provinces of China.

Beyond using images for tumor targets’ delineation in NPC, Cai et al. combined clinical staging with deep learning algorithms to
further enhance the average accuracy of GTVp delineation to 0.84.>> Moreover, in another study, a 3D DenseNet model trained on
more than 3,000 NPC patients exhibited a promising performance in detecting NPC (an overall accuracy of 0.98) and conducting
automatic segmentation (an average accuracy of 0.77) of GTVp.?* Elsewhere, radiotherapy treatment planning (RTP)-Net was trained
on over 20,000 patients, achieving the delineation of whole-body OARs within 2 seconds, with the average accuracy reaching 0.95
(Figure 5).” The results of these studies, which have demonstrated that this approach enhances clinical efficiency and benefits both
patients and radiation oncologists, lead us to propose that future research should integrate multimodal data and train on larger
sample sizes, to achieve faster and more accurate tumor target or OARs delineation.

Integrating multimodal data into Al models is crucial for improving their delineation accuracy and efficiency. By combining
imaging data, clinical diagnostic information, and molecular data, Al systems could provide us with a more comprehensive under-
standing of tumor characteristics and behavior. This holistic approach enables more precise and individualized treatment plans,
reducing the risk of radiation-induced damage to normal tissues and strengthening patient outcomes. Future research should center
on expanding the types and sample sizes of data used in Al models and developing algorithms that can seamlessly integrate these
diverse and large amounts of data sources.
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Figure 3. Examples of proposed OARs atlas in NPC."
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b Reprinted from Radiotherapy and Oncology, Vol 110, Ying Sun et al., Recommendation for a contouring method and atlas of organs at risk in
nasopharyngeal carcinoma patients receiving intensity-modulated radiotherapy, Pages 390-397, Copyright (2014), with permission from Elsevier.
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Figure 4. Performance of automated contouring system for NPC‘. A: Dice similarity coefficients (DSCs) of eight radiation oncologists and Al-generated contours. B:
Average surface distance (ASD) of eight radiation oncologists and Al-generated contours. C: Comparison of DSCs of post-Al-assisted contours and manual contours.

2.3 The use of Al in radiotherapy planning for NPC

After delineating tumor targets and OARs, planning is then needed in the workflow of radiotherapy. Traditional radiotherapy
planning relies heavily on the expertise of medical physicists and oncologists, which can be time-consuming and subject to inter-
individual variability. As an alternative or complement, the advent of Al, particularly deep learning, has offered predictive models
that can automate and optimize treatment plans. Recent studies have explored the integration of Al in NPC radiotherapy planning,
focusing on predicting dose distributions and optimizing treatment plans. The primary goal is to generate individualized treatment
plans that maximize target coverage while minimizing doses to OARs.

Some studies have predicted the 3D dose distribution using CT image and contour masks.”®*” Chen et al.?® further combined
distance information to predict dose distributions with CNNs model. This model outperformed traditional anatomical models, with
lower mean absolute errors and higher DSCs, indicating that it had an improved accuracy in dose prediction.

In addition, dosimetric and geometric information can be used to draw up DVHs.*’ Bai et al.’° developed a knowledge-based
system for IMRT planning. Utilizing overlap volume histograms and target volume histograms, this approach significantly reduced
the planning time required and maintained plans’ quality comparable to manual plans. In addition to improved efficiency, the dose
prediction model was also proven to support quality control in radiotherapy planning.*'

Research on the integration of Al into NPC radiotherapy planning have shown promising results. Nonetheless, before we see its
early implementation in clinical practice, larger sample sizes and more robust validation studies are still needed. Seamless integration

¢ Used with permission of Radiological Society of North America, from Deep Learning for Automated Contouring of Primary Tumor Volumes by
MRI for Nasopharyngeal Carcinoma, Li Lin et al., Radiology, Volume 291, 2019; permission conveyed through Copyright Clearance Center, Inc.
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Figure 5. Segmentation performance of RTP-Net in Dice coefficient and inference time‘. A: Dice coefficients of eight segmentation tasks performed by RTP-Net,
U-Net, nnU-Net, and Swin UNETR. B: Mean inference times in segmenting eight OARs using four methods.

of AI models into clinical workflows is essential for the application of Al planning. Also, AI models with real-time feedback and
adjustments during planning could further enhance plan quality and efficiency. With developments predicted in the above directions,
Al planning is expected to play a greater role in NPC radiotherapy in the coming years.

2.4 The use of Al-powered online adaptive radiotherapy in NPC

Although AI can provide accurate delineation and planning at the outset of treatment, NPC radiotherapy faces the challenge of
daily changes in tumors and normal tissue sizes and locations due to weight loss and tumor shrinkage.®” This creates the risk of
undertreating tumors and overexposing normal tissues to irradiation, which highlights the need for ART, where the treatment plan
can be adjusted dynamically in response to real-time changes in the patient’s anatomy or tumor or due to setup errors during the
treatment course.””

Previous research demonstrated that offline replanning during IMRT improved not only local-regional recurrence-free sur-
vival®**° but also quality of life.® An early experience of using online ART shows that it is feasible for head and neck cancers, with an
average process time of within an hour, an improvement in target coverage, and a modest decrease in doses to several OARs.?”

In a previous study, to fully leverage the capabilities of Al in adaptive radiotherapy for NPC, we introduced an Al-powered, multi-
step integrated radiotherapy workflow. This provides one-stop radiotherapy services to patients by seamlessly integrating a CT scan,
Al contouring, manual modification, Al planning, plan evaluation, IGRT, in vivo patient-specific quality assurance, and beam delivery
in one visit. Within a median time of 23 minutes, this plan achieved a median accuracy of 0.84 in GTVp and 0.98 in GTVn.”® Through

4 Used under a Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/) from Deep learning
empowered volume delineation of whole-body organs-at-risk for accelerated radiotherapy, Feng Shi et al., Nature Communications, Volume 13, 2022.
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the implementation of Al, the workflow greatly promotes efficiency, and it offers an alternative to the norm in clinical practice by
introducing the use of online ART for NPC.

Online ART involves real-time reimaging, registration and evaluation, recontouring, and replanning based on the daily patient
anatomy, which is assessed by immobilizing the patient on the treatment table, in order to effectively address anatomical variations
and setup errors. By continuously adjusting the patient’s radiation plans to adapt them to their anatomy on the day, Al-powered
online adaptive radiotherapy significantly enhances the treatment of NPC. This approach effectively targets the tumor and minimizes
damage to normal tissues, resulting in better patient outcomes and reduced side effects. Al-powered online ART thus has great
potential to become the leading treatment modality for NPC. As such, the future looks promising for advancements in Al algorithms
and real-time imaging technologies, which will further refine adaptive radiotherapy. As these technologies evolve, Al-powered online
adaptive radiotherapy is poised to become the new standard of care in personalized cancer treatment, raising both efficacy and the
quality of life for patients.

3. Outlook

The historical development of big data and Al has been marked by rapid growth and innovation, particularly in the field of
oncology. Today, these technologies are at the forefront of radiotherapy for tumors, including NPC. Looking ahead, it seems big data
and Al are poised to continue revolutionizing clinical decision-making in NPC treatment. We anticipate further enhancements in
treatment personalization, improved patient outcomes, and a deeper understanding of tumor biology and treatment responses. The
integration of big data and Al into radiotherapy and individualized treatment is not just a trend but a transformative force shaping the
future of cancer care.

Future research should focus on several key areas in order to further advance the integration of big data and Al into NPC
radiotherapy and individualized treatment. First, more sophisticated Al algorithms are needed to handle the complexities of mul-
timodal data integration and real-time treatment adaptation. Second, large-scale, multicenter studies are key to affirming the ef-
fectiveness and safety of Al-driven adaptive radiotherapy protocols and big data analytics in diverse patient populations. Third,
enhancing the interoperability and standardization of data across institutions and healthcare systems will facilitate data sharing and
collaboration. Additionally, the potential for dynamic data to be generated during radiotherapy still needs further exploration,
including radiomics, dosiomics, and contours of tumors and OARs. In these ways, the efficacy and toxicity of treatment may be better
predicted, guiding adjustments and individualization.

While the integration of big data and Al into NPC radiotherapy holds great promise, several challenges must also be addressed. These
include concerns over data privacy and security, the need for robust validation and clinical trial evidence, and the potential for algorithmic
bias. To overcome these challenges, stakeholders must collaborate to develop clear guidelines and frameworks for the ethical and re-
sponsible use of big data and Al in healthcare. Ongoing education and training for clinicians and researchers are also crucial, to ensure they
are equipped with the skills and knowledge needed to effectively utilize these technologies. Lastly, ethical and regulatory considerations
must be addressed to ensure that big data and Al technologies are used responsibly and equitably in clinical practice.

4. Conclusions

The integration of big data and Al into NPC radiotherapy represents a paradigm shift in cancer treatment. To date, big data have
been leveraged to optimize treatment strategies and facilitate groundbreaking research. Meanwhile, Al-assisted delineation has
improved the precision and efficiency of tumor targets, reduced variability among radiation oncologists, and protected more OARs.
Furthermore, Al-assisted planning enhances the quality and efficiency of NPC radiotherapy planning. Beyond that, Al-powered online
adaptive radiotherapy offers real-time treatment adjustments, which may lead to improved patient outcomes. Looking ahead, we
forecast that the continued evolution and integration of these technologies will result in even more significant advancements in the
treatment of NPC and beyond.
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