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KEY POINTS

� Artificial intelligence and machine learning (AI/ML) are rapidly growing technologies that
have shown promising applications in many aspects of radiation oncology.

� Computer vision-based AI/ML techniques excel at analyzing medical images, with their
utility demonstrated in prospective clinical studies involving digital pathology and
radiomics.

� Natural language processing-based AI/ML techniques can process text and have seen
rapid growth, especially with accessibility of large language models such as ChatGPT.
INTRODUCTION

Delivery of radiation therapy has become increasingly complex over the last several
decades. For example, stereotactic body radiation therapy (SBRT) for lung
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Abbreviations

ADT androgen deprivation therapy
AI artificial intelligence
ASTRO American Society for Radiation Oncology
AUC area under the receiver operating characteristic curve
CNN convolutional neural network
CNS central nervous system
CV computer vision
CT computed tomography
CTCAE Common Terminology Criteria for Adverse Events
ENE extranodal extension
LLM large language model
ML machine learning
NCCN National Comprehensive Cancer Network
NLP natural language processing
NN neural network
NTCP normal tissue complication probability
SBRT stereotactic body radiation therapy
SVM support vector machine
RIRAS Radiotherapy Incident Reporting and Analysis System
RP radiation pneumonitis
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cancer1–3 and select oligometastatic cancers,4–6 and intensity-modulated radiation
therapy for head and neck cancer,7–9 anal cancer,10 and gynecologic cancer11

have become the standard of care. The American Society for Radiation Oncology
(ASTRO) also recommended the consideration of proton beam radiation therapy
for select clinical circumstances,12 such as sinonasal cancers and primary central
nervous system (CNS) tumors with good long-term prognosis. Phase III trials on
magnetic resonance imaging-guided SBRT for prostate cancer13 and adaptive radi-
ation therapy for head and neck cancer14 have been reported to further advance ra-
diation therapy delivery. Furthermore, precision medicine based on genomic profiles
and gene expression levels have evolved to improve patient selection and tailor in-
terventions. For instance, the National Comprehensive Cancer Network (NCCN)
guidelines recommend osimertinib after definitive chemoradiation for stage III
epidermal growth factor receptor-mutant nonsmall cell lung cancer, and 21-gene
recurrence scores to predict benefits from chemotherapy for hormone receptor-
positive breast cancer.15,16

With such technological and medical advances, however, there is a growing
complexity of interactions between human experts and a sheer amount of multi-
modal medical data. Artificial intelligence (AI) has emerged as an important tool in
the past decade, offering tremendous potential to improve health care.17 For
instance, AI-based algorithms were able to identify breast cancer lesions in mam-
mograms,18 pancreatic cancer lesions in computed tomography (CT) abdomen
scans,19 lung cancer lesions in low-dose CT chest scans,20 and 26 most common
skin conditions based on photographs and clinical variables.21 More recently,
generative AI tools have been shown to have more empathy than physicians in re-
sponses to medical questions22 and generate high-quality medical
documentations.23

In radiation oncology, interest in leveraging AI has grown tremendously, with earlier
studies incorporating AI to reduce unplanned hospitalization24 and identify extranodal
extension (ENE) in head and neck cancers radiographically.25,26 Herein, we aimed to
provide the overview of various AI concepts and the recent trends in their applications
in radiation oncology.
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DISCUSSION
Primer on Artificial Intelligence and Machine Learning

Machine learning (ML), a subset of AI technology, employs algorithms that improve
performance through data-driven learning. ML encompasses supervised, unsuper-
vised, and reinforcement learning, with deep learning emerging as a prominent tech-
nique using multilayered neural networks (NNs). The simplest form of an NN, a fully
connected NN, is illustrated in Fig. 1. Various neural network architectures, such as
convolutional neural networks (CNNs) and transformers, have revolutionized image
analysis and natural language processing (NLP) tasks, respectively. In medical do-
mains, including radiation oncology, these AI/ML techniques have shown significant
potential for applications like image classification, segmentation, and text analysis.
The field continues to evolve rapidly, with models like AlexNet,27 U-Net,28 and GPT se-
ries29 demonstrating remarkable capabilities in their respective domains.

Image-Based Application

Image-based applications in radiation oncology can be largely grouped into digital pa-
thology and radiomic. Recent secondary analyses and prospective clinical trials incor-
porating digital pathology and radiomic are summarized in Table 1.

Digital pathology
With high-throughput automated pathology slide scanners, digital pathology and its
application in AI have been investigated extensively, especially for patients with pros-
tate cancer. For instance, given significant interobserver variability in interpreting
Gleason grade among pathologists,30,31 multiple studies leveraged numerous
whole-slide images of hematoxylin and eosin-stained slides and developed AI-
assisted digital pathology to improve the Gleason grade assessment.32 Such efforts
led to multiple AI-assisted products receiving either Food and Drug Administration
approval or European Conformity certification.32

In radiation oncology, digital pathology has been leveraged by Esteva and col-
leagues and Spratt and colleagues.33,34 Esteva and colleagues initially developed a
prognostic model on patients who received definitive radiation therapy with or without
androgen deprivation therapy (ADT) for localized prostate cancer.33 Self-supervised
learning was used based on over 16,000 histopathology slides and clinical data
from over 5600 patients from 5 large cooperative group-led clinical trials (NRG/
Fig. 1. A representation of a 4-layer fully connected neural network. The first layer is a 4-
neuron input layer, and the final layer is a single-neuron output layer.

Descargado para Daniela Zúñiga Agüero (danyzuag@gmail.com) en National Library of Health and Social 
Security de ClinicalKey.es por Elsevier en abril 30, 2025. Para uso personal exclusivamente. No se 
permiten otros usos sin autorización. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



Table 1
Summary of studies based on prospective data that used computer vision algorithms in the field of radiation oncology

Authors
Type of
Study Trial Data Included Disease Site Data Types Outcomes Performance

Implications
for Radiation
Oncology

Digital pathology

Treatment decision making

Fremond
et al,59

2023

Secondary
analysis

PORTEC-1, PORTEC-
2, PORTEC-3,
TransPORTEC

Endometrial
cancer

Whole slide images
of H&E slides

Molecular
classification

AUC 0.87–0.88 Risk
stratification

Esteva
et al,33

2022

Secondary
analysis

NRG/RTOG 9202,
9413, 9910, 0126

Prostate Whole slide images
of H&E slides,
clinical data

Distant metastasis,
biochemical
failure, prostate
cancer-specific
mortality, overall
survival

AUC 0.65–0.83 ADT use

Spratt
et al,34

2023

Secondary
analysis

NRG/RTOG 9202,
9413, 9910, 0126,
9408

Prostate Whole slide images
of H&E slides,
clinical data

Distant metastasis,
prostate cancer-
specific mortality,
metastasis-free
survival, overall
survival

Among prediction
model positive
cohort, adding
ADTwould lead to
10% benefits in
reducing distant
metastasis and
prostate cancer-
specific mortality
at 15 y. No
differential
treatment
benefits for
metastasis-free
survival and
overall survival.

ADT use
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Radiomic

Workup

Preetha
et al,60

2021

Secondary
analysis

CORE, CENTRIC,
EORTC 26101

CNS MRI scan Tumor response,
tumor
progression, OS

C-index 0.67 Reduced use of
gadolinium
contrast

Treatment decision making

Kann
et al,26

2023

Secondary
analysis

ECOG/ACRIN 3311 Head and
neck

CT scan, surgical
pathology reports

ENE AUC 0.86 Treatment
escalation
for 1 ENE

Sher
et al,47

2023

Phase II INRT-AIR Head and
neck

CT scan Solitary elective
volume recurrence

2-y solitary elective
nodal recurrence
0%

Treatment
volume
de-escalation

Thomas
et al,61

2022

Not available ClinicalTrials.gov ID:
NCT03238170

Prostate CT scan Indication for rectal
spacer, PTV
coverage, rectum
dose constraints

Accuracy 78.6%–
100%

Rectal spacer use

Target delineation

Johnsson
et al,62

2022

Secondary
analysis

OSPREY Prostate PSMA PET/CT Detection and
segmentation of
abnormal lesions

Sensitivity of 91.5%
for regional lymph
nodes, 90.6% for
all lymph nodes,
and 86.7% for
bone lesions

Auto-contouring

Radiation planning

Ma
et al,63

2023

Not available ClinicalTrials.gov ID:
NCT05609058

Breast CT scan Ipsilateral lung dose
constraints

Pearson correlation
coefficient 0.54–
0.55

Minimize lung
dose

(continued on next page)
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Table 1
(continued )

Authors
Type of
Study Trial Data Included Disease Site Data Types Outcomes Performance

Implications
for Radiation
Oncology

Nicolae
et al,64

2020

Phase I Not available Prostate Ultrasound Dice coefficient of
the prostate
V150% isodose
volume, prostate
and rectum dose
constraints,
treatment
planning time

No statistically
significant
differences in
preimplant or day
30 dosimetric
measures
compared with a
conventional
method. Machine
learning-based
treatment
planning had
more patients
with plans
requiring no
modifications
(Dice 5 1.00).

More efficient
brachytherapy
planning

Outcome prediction

Men
et al,65

2019

Secondary
analysis

RTOG 0522 Head and
neck

CT scan Late xerostomia AUC 0.84 Toxicity prediction

George
et al,66

2022

Secondary
analysis

ClinicalTrials.gov ID:
NCT02336165

CNS MRI scan OS, PFS C-index 0.68–0.75 Survival prediction

Osapoetra
et al,67

2021

Not available ClinicalTrials.gov ID:
NCT03908684

Head and
neck

Quantitative US Radiographic
complete
response

AUC 0.91, accuracy
92%

Risk stratification

Wang
et al,68

2022

Secondary
analysis

RTOG 0822 GI Clinical variables, CT
scan

pCR AUC 0.83 Risk stratification

Abbreviations: ADT, androgen deprivation therapy; AUC, area under the receiver operating characteristic curve; CNS, central nervous system; CT, computed to-
mography; ENE, extranodal extension; GI, gastrointestinal; H&E, hematoxylin and eosin; OS, overall survival; pCR, pathologic complete response; PFS,
progression-free survival; PSMA PET/CT, prostate-specific membrane antigen positron emission tomography; PTV, planning target volume; US, ultrasound.
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RTOG 9202, 9413, 9910, 0126, and 9408).33 Training incorporated both clinical vari-
ables (age, Gleason scores, T staging, and baseline prostate specific antigen [PSA])
and whole slide images.33 Multimodal AI approaches combining both types of data
outperformed the model based on clinical variables alone by a relative improvement
in area under the receiver operating characteristic curve (AUC) up to 15% for out-
comes such as 10-year prostate cancer-specific and overall survival.33

Spratt and colleagues incorporated a similar approach, developed a similar multi-
modal AImodel based on 4 clinical trials (NRG/RTOG9202, 9413, 9910, 0126), and vali-
dated it on RTOG 9408 trial to identify patients who may benefit from short-term ADT
paired with radiation therapy.34 In the validation cohort, over a third of patients were
classified as predicted to benefit from ADT, with 10% absolute improvement with
ADT in both distantmetastasis-free and prostate cancer-specific survival at 15 years.34

As a result, ArteraAI is the only AI-assisted tool recommended by the NCCN guideline
for prostate cancer, both prognostic and predictive for ADT benefits.15

Radiomic
The majority of image-based applications in radiation oncology involved identifying
and analyzing radiomic features in medical imaging (Table 1).
In particular, radiomics has been heavily investigated for patients with head and

neck cancer. For instance, ENE has been found to be associated with higher locore-
gional failure risks and adding concurrent chemotherapy would improve locoregional
control in the setting of ENE.35,36 However, predicting ENE prior to surgery has been
challenging.37–39 Kann and colleagues initially developed 3-dimensional CNN based
on 270 patients in a single institution and over 650 lymph nodes segmented, resulting
in AUC of 0.91.40 This model has been externally validated outperforming radiologists
in several retrospective data from external institutions with AUC of 0.84 to 0.9025 as
well as in ECOG-ACRIN 3311 trial data with AUC of 0.86.26

Another radiomic application in head and neck cancer involved treatment volume
reduction. Recent studies demonstrated the feasibility and efficacy of reducing the
dose of elective nodal irradiation to 30 to 40 Gy.41–43 In order to eliminate elective
nodal irradiation and identify malignant versus benign lymph nodes, a group fromUni-
versity of Texas Southwestern Medical Center developed several different CNN
models based on 129 patients with nearly 800 lymph nodes segmented, leading to
AUC of 0.88 to 0.98.44–46 Sher and colleagues then incorporated this model and per-
formed a single-arm prospective phase II trial, INRT-AIR trial, the first prospective
clinical trial incorporating a radiomics-based tool to demonstrate the efficacy of omit-
ting elective nodal irradiation.47 A total of 67 patients with nonmetastatic head and
neck cancer receiving definitive radiation or chemoradiation were enrolled, showing
no solitary elective volume recurrence at 2 years without worsening dysphagia.47
Natural Language Processing-Based Application

NLP is an emerging technology with significant potential in health care, particularly in
radiation oncology.48,49 This section reviews the application of NLP in radiation
oncology, exploring its current uses and challenges. As shown in the summary of
the studies in Table 2, information extraction from clinical documentation is the
most active area of investigation.

Information processing based on clinical documentations
Information extraction from clinical documentation is a common task required for daily
practice and research in radiation oncology, and many studies have been conducted
to test the efficacy of NLP algorithms for this purpose.
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Table 2
Summary of studies that used natural language processing algorithms in the field of radiation oncology

Authors Task Algorithm Type Performance

Clinical documentation information processing

Chen et al,50 2023 Esophagitis grading extraction for
thoracic radiation therapy

Transformers (finetuned
PubMedBERT)

Macro-F1 scores of 0.92, 0.82, and 0.74

Choi et al,69 2023 Clinical factor extraction in breast
cancer

Transformers (GPT) Overall accuracy 87.7%

Bitterman et al,51 2023 Named entity recognition for
radiation parameters ac

Transformers (BioClinicalBERT and
RoBERTa)

F1 score 0.81

Kotevski et al,70 2022 Personally identifying information
anonymization

Microsoft Presidio Precision 0.89, recall 0.81, strict-F1
score 0.85

Zheng et al,71 2018 Treatment, prognosis, and toxicity
data extraction in lung cancer

Rule-based system Precision 93%, recall 83% for
treatment and prognosis
documents; Precision 95.7%, recall
94.5% for toxicity documents

Walker et al,72 2019 Treatment site extraction Rule-based system Precision 0.99, recall 0.99

McKenzie et al,52 2021 Radiation pneumonitis extraction in
thoracic radiation therapy

Rule-based system Accuracy 92%

Hong et al,73 2020 Symptom extraction Rule-based system F1 scores ranged from 0.85 to 0.88

Zhou et al,74 2021 Medical note deidentification Word embedding-based neural
network

Accuracy >99%

Naseri et al,75 2021 Pain score extraction from clinical
notes

Rule-based system Precision 93%, recall 92%

Clinical knowledge assessment

Holmes et al,76 2023 Radiation oncology physics question
answering

Transformers (GPT3.5, GPT4, LaMDA,
BLOOMZ)

Accuracies ranged from 33% (LaMDA)
to 75% (GPT4)

Huang et al,53 2023 Question answering for 38th ACR TXIT
examination and 2022 Red Journal
Gray Zone cases

Transformers (GPT3.5, GPT4) Accuracy 78.77% for TXIT
examination
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Dennstädt et al,54 2024 Custom-written multiple-choice
question answering in radiation
oncology

Transformers (ChatGPT) Accuracy 50.0% for clinical, 78.6% for
physics, 58.3% for biology
questions

Radiation oncology quality assurance

Syed et al,77 2020 Radiotherapy structure name
standardization

Word embedding-based neural
network

F1 scores ranged from 0.93 to 0.97

Mathew et al,55 2021 Incident report classification Multiple-target regression models TrueLabelIndex scores ranged from
1.48 to 2.66

Syed et al,56 2020 Incident severity prediction Support vector machine F1 score 0.78 and 0.5 for support
vector machine, 0.81 and 0.68 for
transfer learning

Clinical task assistance

Lee et al,57 2024 Literature review on normal tissue
complication probability in head
and neck cancer

Word embedding 1 convolutional
neural network

Accuracy 94.87%

Bowles et al,58 2024 Tumor size measurement from
pathology and radiology reports

Rule-based system Precision ranged from 0.954 to 0.978,
recall ranged from 0.947 to 0.988,
F1 score ranged from 0.962 to 0.977
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Zhu et al462
In one study by Chen and colleagues, NLP models were developed to identify and
classify the severity of esophagitis in patients undergoing thoracic radiation therapy,
using a dataset of 1524 gold-labeled and 2420 silver-labeled clinical notes. They
fine-tuned PubMedBERT, achieving the highest macro-F1 scores of 0.92, 0.82, and
0.74 for 3 specific classification tasks. The models also performed well on external
data from esophageal cancer patients, demonstrating the potential of NLP for auto-
mated toxicity monitoring according to the Common Terminology Criteria for Adverse
Events (CTCAE) guidelines.50

A similar study was conducted by Bitterman and colleagues, who developed an
NLP system to automatically extract radiation therapy events from clinical texts, using
a dataset of 495 documents from various sources. They utilized BioClinicalBERT and
RoBERTa transformer models for named entity recognition, achieving F1 scores up to
0.96, and a RoBERTa-based model for relation extraction with an average F1 of 0.86.
The end-to-end system demonstrated an overall F1 of 0.81, performing best on reg-
istry abstracts with an F1 of 0.90.51

NLP was also used by McKenzie and colleagues to evaluate the feasibility and ac-
curacy of a Python-based text-extraction program for identifying radiation pneumo-
nitis (RP) in patients after curative radiotherapy.52 The study involved a manual
review of 1413 clinical documents from 50 patients, comparing the results with the
program’s output. The program successfully identified 92% of patients with grade
�1 RP and 100% with grade �2 RP. It also reduced unnecessary manual reviews
by 22%, demonstrating potential for more efficient clinical research chart reviews.52

Assessment of clinical knowledge
Large language models (LLMs) are powerful systems trained on vast text corpora, but
they are prone to bias and hallucination. Hence, many studies have attempted to
assess the accuracy of clinical information by LLMs.
Huang and colleagues evaluated ChatGPT-4’s performance in radiation oncology

using the 38th American College of Radiology examination and the 2022 Red Journal
Gray Zone cases. ChatGPT-4 scored 78.77% on the TXIT examination, outperforming
ChatGPT-3.5’s 62.05%. It showed proficiency in statistics, CNS and eye, pediatrics,
biology, and physics, but was weaker in bone and soft tissue and gynecology. In clin-
ical care, it excelled in diagnosis, prognosis, and toxicity but lacked in brachytherapy
and dosimetry. For the Gray Zone cases, ChatGPT-4 suggested personalized, often
novel, treatment approaches with high correctness.53

The clinical knowledge of ChatGPT was assessed in a different way by Dennstädt
and colleagues, who conducted an exploratory study to evaluate the capabilities of
the large language model ChatGPT in answering questions related to radiation ther-
apy. The study involved 70 multiple-choice questions, with ChatGPT providing valid
responses in 94.3% of cases and correct answers in 60.61% of these. Additionally,
25 open-ended questions were assessed by radiation oncologists on a 5-point Likert
scale, with 12 answers rated from “acceptable” to “very good” in terms of correctness
and helpfulness.54

Alternatively, in place of LLMs, we have developed the PARTNER data repository. A
portion of this electronic infrastructure allows for real-time collection of 145 variables
from various clinical tables and clinical notes housed in the electronic medical record.
By using structured notes, data fidelity is greater than 98%. The collection is automated
and uploaded into a relational database in real time. At point of publication, this repos-
itory has collected data for the past 3 years in Radiation Oncology, with approximately
1850 head and neck patients and 200 spine patients. We are adapting and developing
this paradigm to perform this function with radiomics in parallel with LLMs.
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Quality assurance in radiation oncology
The delivery of radiation therapy requires a high level of precision, and careful quality
assurance is a key. Optimal handling of incident reports is a crucial process in this
regard.
Mathew and colleagues developed an NLP and ML pipeline for semiautomating

incident classification in radiation oncology. They collected over 6000 incident reports,
processed them using NLP, and trained over 500 ML models. The best models were
MultiOutputRegressor extended Linear SVR, which effectively ranked labels for inci-
dent process steps, problem types, and contributing factors with accuracies of 1.48
� 0.03, 1.73 � 0.05, and 2.66 � 0.08, respectively.55

Instead of predicting the nature of the incidents, Syed and colleagues developed a
computational pipeline using ML and NLP to predict the severity of incidents reported
in the Radiotherapy Incident Reporting and Analysis System (RIRAS). They catego-
rized severity into High (A & B) and Low (C & D) and used both traditional ML algo-
rithms like support vector machine (SVM) with a linear kernel and a transfer learning
approach with ULMFiT. The SVM-linear model achieved an F1 score of 0.78 on the
VHA dataset and 0.5 on the VCU dataset, while the transfer learning approach scored
0.81 and 0.68, respectively.56

Assistance with common clinical tasks
Finding key information from the literature to inform radiation therapy planning is an
important task. Lee and colleagues aimed to improve the efficiency and accuracy of
literature reviews on normal tissue complication probability (NTCP) in head and
neck cancer patients using radiation therapy through meta-analysis and NLP. The
study utilized meta-analysis to evaluate NTCP models for xerostomia, dysphagia,
and mucositis, achieving an AUC of 0.67 and 0.74 for early and late-effect xerostomia,
respectively. Additionally, it integrated NLP with CNN, refining the literature search
from 3256 articles to 12, achieving a CNN-NLP model accuracy of 94.87% after
optimization.57

Another important clinical task is to analyze information from electronic health re-
cords. Bowles and colleagues developed and validated a rules-based NLP framework
that automates the identification of cancer patients eligible for clinical pathways. This
cancer-agnostic tool extracts dimensions and measurements from pathology and
radiology reports and has been effectively deployed for breast, lung, and prostate can-
cers, achieving over 95% for precision, recall, and F1 score.58

SUMMARY

In conclusion, this review has demonstrated the significant potential and advantages
of AI/ML in radiation oncology, focusing on computer vision (CV) and NLP techniques.
CV-based applications, particularly in digital pathology and radiomics, have shown
considerable maturity, validated through prospective clinical studies. Concurrently,
NLP-based applications are experiencing rapid growth, partly due to their increased
accessibility, showing promise in clinical documentation analysis, knowledge assess-
ment, and quality assurance. As these technologies continue to evolve, their integra-
tion into clinical workflows promises to significantly advance the field, ultimately
leading to improved patient outcomes.

CLINICS CARE POINTS

� Radiation oncology is a multifaceted field where daily tasks involve the analysis of both
medical images and clinical texts.
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Zhu et al464
� Artificial intelligence and machine learning (AI/ML) algorithms have demonstrated
promising results in analyzing radiologic images (such as computed tomography scans)
and pathology slides (such as hematoxylin and eosin-stained specimens).

� AI/ML algorithms have also shown encouraging outcomes in facilitating text processing,
both in clinical operations (such as quality assurance) and research (such as information
extraction from clinical documentation).
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