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Abstract

Purpose The study aims to enhance the efficiency and accuracy of literature reviews on normal tissue complication
probability (NTCP) in head and neck cancer patients using radiation therapy. It employs meta-analysis (MA) and natu-
ral language processing (NLP).

Material and methods The study consists of two parts. First, it employs MA to assess NTCP models for xerostomia,
dysphagia, and mucositis after radiation therapy, using Python 3.10.5 for statistical analysis. Second, it integrates NLP
with convolutional neural networks (CNN) to optimize literature search, reducing 3256 articles to 12. CNN settings
include a batch size of 50, 50-200 epoch range and a 0.001 learning rate.

Results The study’s CNN-NLP model achieved a notable accuracy of 0.94 after 200 epochs with Adamax optimiza-
tion. MA showed an AUC of 0.67 for early-effect xerostomia and 0.74 for late-effect, indicating moderate to high
predictive accuracy but with high variability across studies. Initial CNN accuracy of 66.70% improved to 94.87% post-
tuning by optimizer and hyperparameters.

Conclusion The study successfully merges MA and NLP, confirming high predictive accuracy for specific model-fea-
ture combinations. It introduces a time-based metric, words per minute (WPM), for efficiency and highlights the utility
of MA and NLP in clinical research.

Keywords Meta-analysis, Natural language processing, Head and neck cancer, Squamous cell carcinoma of the head
and neck, Normal tissue complication probability prediction, Convolutional neural networks, Artificial intelligence,
Radiation therapy
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Introduction

Advancements in radiation therapy techniques for head
and neck cancer have significantly improved patients’
quality of life [1]. However, potential complications
such as dysphagia, xerostomia, and mucositis can hin-
der recovery and amplify adverse effects. Specifically,
radiation-induced xerostomia substantially diminishes
patients’ well-being, leading to oral health issues and
communication barriers [2].

To enhance the welfare of head and neck can-
cer patients, researchers are exploring innovative
approaches, including artificial intelligence (AI) and pre-
dictive algorithms, to investigate potential risk factors
for complications. This multidisciplinary research has
proliferated a vast body of publications. For instance, a
literature search using the terms "artificial intelligence"
and "head and neck cancer" between 2013 and May 2022
yielded 734,207 related articles on WOS, indicating a
marked upward trend.

Given the sheer volume of published literature, com-
prehensive understanding through traditional literature
reviews becomes increasingly challenging. Therefore,
systematic search and filtering methods are crucial. Opti-
mized strategies involve meta-analysis (MA) for synthe-
sizing literature information, quantitatively integrating
high-quality data to create valuable annotated datasets,
thereby providing robust quantitative evidence for clini-
cal decision-making.

However, conducting an integrated MA is time-con-
suming and labor-intensive, particularly in literature
screening [3]. Reviewers face the daunting task of sift-
ing through a plethora of articles with varying degrees
of expertise and clinical relevance. To enhance the effi-
ciency and accuracy of MA, this study employs natural
language processing (NLP) techniques. As a significant
branch of Artificial Intelligence, NLP enables computers
to understand human language and has proven its appli-
cability across various domains [4]. Utilizing NLP can
augment the quantitative capabilities of MA, minimize
human errors, and automate the screening process. The
primary aim of this approach is to improve analytical effi-
ciency while reducing human error.

NLP accelerates literature reviews by adeptly categoriz-
ing pertinent articles. Numerous studies have improved
machine learning methods using publicly accessible lit-
erature from 15 systematic reviews [5-8]. For instance,
Yujia et al. employed various machine learning models
to classify abstracts into two categories related to can-
cer risk in genetic mutation carriers (penetrance) or the
prevalence of genetic mutations [3]. Impressively, they
achieved over 88% accuracy in both models. Zhengyi
et al. demonstrated that NLP-based methods could sub-
stantially reduce the review workload while maintaining
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the ability to identify relevant research [3]. However, to
date, no NLP techniques have been specifically tailored
for literature on complications following head and neck
cancer radiation therapy or normal tissue complication
probability (NTCP). Furthermore, there’s a conspicuous
lack of an annotated dataset for crafting a machine learn-
ing model dedicated to discerning relevant articles in this
domain.

Our research aims to fill this gap by creating an anno-
tated abstract dataset focusing on the likelihood of three
common complications post-radiation therapy for head
and neck cancer—mucositis, xerostomia, and dysphagia.
We will employ machine learning-based NLP methods
to classify abstracts into this annotated dataset. The ulti-
mate goal is to minimize human error and enhance ana-
lytical efficiency.

Materials and methods

Research framework

Our research process, based on MA, is divided into two
parts, as depicted in Fig. 1. The first part employs MA to
investigate NTCP predictive models for three common
complications post-radiation therapy in head and neck
cancer patients—xerostomia, dysphagia, and mucositis.
The study encompasses patient demographics, meth-
odologies, and outcomes, hypothesizing that significant
variations may arise from different complication types,
model choices, and predictive factors. By comparing vari-
ous models and feature combinations, we aim to identify
those with superior predictive capabilities, offering more
effective predicting methods for clinical use. Statistical
analyses are conducted using Python 3.10.5, with the null
hypothesis stating that all model-feature combinations
perform equally well in predicting complications, and the
alternative hypothesis positing that at least one combina-
tion significantly outperforms the others.

The second part integrates natural language pro-
cessing with convolutional neural networks (CNN) to
enhance literature retrieval efficiency and result reliabil-
ity. This approach aims to accelerate the time required
for research on the NTCP of complications in head and
neck cancer, offering quicker and more reliable insights
for future studies and clinical applications.

Eligibility criteria, information sources, and search strategy
This study outlines the research content on head and
neck cancer patients using the PICOS framework [9]
(patient characteristics, intervention measures, control
group, outcome), as showed in Fig. 2. Patient character-
istics focus on head and neck cancer patients; interven-
tions encompass all radiation therapy techniques for
treating this cancer; control groups are categorized into
machine learning, deep learning model types, and feature



Lee et al. Radiation Oncology (2024) 19:5

[ Designing Content within the PICOS ]
Framework

Page 3 of 21

Databases (PubMed, WOS) ]
]

¥

Manual Retrieval

e s s . I
Establishing inclusion and 1
exclusion criteria for

literature selection

v

|

L

| [
Preliminary review of titles | |

I

I

literature )

Y ~

L [ Processing of Model Outputs ]

. Manual screening paill NLP Program Design MRl
. \
N

[ Data Preprocessing ] |

[ Word Vector Embedding ]
¥

[ Constructing CNN ;. p Mode ] 1

L and abstracts ) | L |
¥ | [ Optimizer Tuning ] |
[ Initial compilation of included ) ! 1 ¥

Evaluation of Eligibility Criteria
for Inclusion of Full-text Studies

[

]

PROBAST Assessment ]

R

v
[ Data Extraction from Included ]
Studies
L 2

[ Random-effects Statistical Model ]

Heterogeneity Test .

Cochrane's Q Statistic

N

I Statistic ]

—b[ Publication Bias Assessment ]

=

Inclusion Effect Size Comparison
Forest Plot Visualization

Model Evaluation Metrics

|/[ Accuracy ] [ Loss ] I
) |

I [ Time Efficiency ] |

|[ F1 score ] [ Recall

\ [ Literature Coverage Rate ] l
. ~

Fig. 1 Research workflow diagram. CNN Convolutional neural networks, NLP Natural language processing, WOS Web of science, PICOS Patient

characteristics, Intervention measures, Control group, Outcome

factors; and the outcome metric targets the AUC of
multivariate NTCP models. Given its non-RCT or CCT
nature, the study falls under the category of prospective
trials.

After formulating the research theme, database
searches are conducted using relevant keywords, cover-
ing both titles and abstracts. Primary search keywords

are organized into three layers: patient, method, and out-
come, and are explored in conjunction with the PICOS
framework. To ensure completeness, Boolean "AND"
searches are specifically performed for combinations of
complications with AI and NTCP. Beyond the PICOS
framework, the study also employs PubMed’s MeSH
terms and related literature to broaden its scope. Boolean
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Fig. 2 Search framework. Al Artificial intelligence, HNC Head and neck cancer, NTCP Normal tissue complication probability, WOS Web of science

logic and faceted search techniques are used to break
down the indexing problem into multiple thematic layers,
establish inter-layer relationships, and employ Boolean
"OR" for union operations, ensuring the comprehensive-
ness of the search results (detailed keywords are provided
in Additional file 1: Table S1) [10-12].

Selection process

Data extracted from each included study is determined
through collaborative discussions among reviewers. One
reviewer is responsible for data collection, while another
performs cross-validation. The data encompasses author-
ship, publication year, types of complications, radiation
therapy methods, employed models, features (prognostic
factors), performance evaluation, as well as the study’s
contributions and conclusions.

Data extraction and risk of bias (RoB) assessment

In our study, when evaluating the quality and poten-
tial biases of the literature for MA, we opted for the
PROBAST tool (Prediction model Risk Of Bias ASsess-
ment Tool) over the commonly used Cochrane risk of
bias assessment (RoB) tool. This strategic choice was
influenced by the realization that a significant portion of
the studies-included did not align well with the criteria
of the Cochrane tool due to their unique characteristics.

PROBAST evaluates four domains: participants, pre-
dictors, outcome, and analysis. The participants domain
assesses the representativeness of the target population
and selection bias; the predictors domain evaluates the
selection, relevance, reliability, and handling of predictive
factors; the outcome domain focuses on the measure-
ment and definition of outcomes, assessing their accu-
racy and consistency; and the analysis domain reviews
methods for model development and validation, includ-
ing sample size, missing data handling, model calibration,
and discriminative ability.

Bias risk assessment is conducted using the PROBAST
Excel interface developed by Borja M. Fernandez-Felix
[13], with risk determinations—low, high, or unclear—
derived from responses to signaling questions. An over-
all low risk is assigned only if all domains are low-risk;
a single high-risk domain results in an overall high risk;
and an unclear risk in one domain with low risk in others
leads to an overall unclear risk. If all model domains are
low-risk but lack external validation, the risk is elevated
to high; however, if based on extensive data with internal
validation, it can be considered overall low-risk.

Statistical methods
The MA in this study primarily contains the following
key components:
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I Study Selection and Features: Provides an overview
of the included sample size, time frame, model
characteristics, and predictive factors used.

II. Combined Effect Size Results: Calculates the aggre-
gated AUC, confidence intervals, and ANOVA
p-values for the included studies, visually repre-
sented through forest plots to facilitate under-
standing of MA conclusions and statistical signifi-
cance.

III. Heterogeneity Test Results: Utilizes Cochran’s Q
statistic [14] and I? values [15] to assess study het-
erogeneity. A low p-value in the Q statistic indi-
cates the presence of heterogeneity, while a higher
I? value quantifies greater inter-study variability.

IV. ANOVA analysis under random effects model: Cal-
culates the effect size and variance for each study,
using AUC as the benchmark. Determines the
weight for each study, which is the reciprocal of
the variance. Computes the overall effect size and
variance. Calculates Q statistic, degrees of freedom,
and I? statistic. Conducts ANOVA analysis; if the
Q statistic exceeds the degrees of freedom, signifi-
cant inter-study differences exist, and F-values and
p-values are calculated to assess the null hypoth-
esis.

V. This process covers study selection, effect size
aggregation, heterogeneity testing, and variance
analysis under a random effects model, offering a
comprehensive evaluation of the predictive models’
ability to forecast the incidence of complications.

Natural language processing (NLP) program design

To expedite the identification and retrieval of relevant
literature while ensuring result reliability and accuracy,
this study adopts a CNN for NLP, drawing inspiration
from Yujia Bao’s MA NLP model design [3]. This choice
not only considers the nature of the data but also facili-
tates platform development, paving the way for the future
integration of more deep learning models to enhance
the classifier’s accuracy and generalizability. In terms
of abstract identification, the CNN model employed is
capable of automatically learning language features from
extensive text and achieving results across various tasks.
Through word vector transformation and feature extrac-
tion, the CNN model effectively performs text classifica-
tion and sentiment analysis. Key parameters used in this
study include a batch size of 50, epoch range of 50-200,
and a learning rate of 0.001.

Data preprocessing
The data preprocessing in this study is divided into
two main phases. First, abstracts and titles that have
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undergone manual retrieval and initial screening are allo-
cated into training, validation, and test sets. The positive
and negative samples in the training and validation sets
are distributed at a 2:8 ratio, while the test set is further
fine-tuned to a more realistic 15:85 ratio to better reflect
the prevalence of irrelevant samples. Second, for word
vector embedding, the text is converted into jsonl for-
mat and manually annotated and cleaned, including the
removal of potentially misleading punctuation and spe-
cial characters. These preprocessing steps optimize the
text for word vector embedding input in the CNN model,
facilitating subsequent NLP and analysis.

Results

Literature review and research selection

After searching the WOS and PubMed databases, this
study initially identified 3,256 potentially relevant arti-
cles, as illustrated in Fig. 3. The first round of screen-
ing, based on titles, eliminated studies unrelated to head
and neck cancer or radiation therapy, leaving 87 articles
for the second round. The second round, focused on
abstracts, further excluded studies not involving head
and neck or squamous cell cancer patients, or those not
utilizing machine learning or deep learning as evaluation
tools, resulting in 36 articles for full-text review. During
this phase, articles not addressing predictions, not focus-
ing on complications, or lacking AUC-related outcomes
for multivariate NTCP models were also excluded, along
with duplicates. Ultimately, 12 articles were included for
review [16-27].

Performance of the CNN-NLP model
After comparing nine different optimizers, our study
opted for Adamax (see Additional file 1: Table S2). With
50 epochs, Adamax achieved a Loss value of 0.51, an
accuracy of 0.85, and an F1-Score of 0.75, along with a
precision of 0.71. When the epochs were increased to
100, the accuracy and F1-Score improved to 0.87 and
0.79, respectively, while the precision reached 0.84.
At 200 epochs, both accuracy and F1-Score peaked at
approximately 0.94, clearly demonstrating the superior
performance of the Adamax optimizer in the model.
After optimizer fine-tuning, as shown in Table 1, we
evaluated coverage performance, which measures the
overlap of identified studies under specific search sub-
set conditions and assesses the efficacy of automated
processing. We conducted tests on four different sub-
sets, from WOS T1 to Pubmed T4, and compared the
coverage rates when using Adam and Adamax optimiz-
ers across training cycles of 200, 100, and 50 epochs.
In WOS T1, coverage was generally 0/9 regardless of
the optimizer or training cycle, with Adam reaching a
peak of 1/7 and low recognition frequency. In Pubmed
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Fig. 3 Article Selection flowchart. WOS Web of science

T2, coverage was mostly 0/7, but a few articles were
identified at epochs 100 and 50, not exceeding two in
total. In WOS T3, Adam achieved a 3/4 coverage rate
at 50 epochs, similar to Adamax. For Pubmed T4,
Adam reached a 3/4 coverage rate at 100 epochs, while
Adamax showed more stable performance across all
training cycles, peaking at 2/4.

In the aspect of words per minute (wpm) for lit-
erature review, our study introduces a more objective
method for time quantification. Beyond providing a
standardized metric for future research, we also employ
unit conversion and a deep learning-based Natural
Language Text Classifier for temporal comparisons.
In Table 2, we also calculated and compared the time
spent on alternative tasks, converting wpm results to
seconds, the details for the screening speed measured
in WPM can be seen in Additional file 1: Table S3. We
then contrasted this with the average time needed for
text recognition during preprocessing in T1-T4 test
sets using an Adamax-optimized CNN-NLP model. As
shown in Table 1, despite considerations like text rec-
ognition capabilities, the time efficiency gained through
NLP shows a significant, intuitive difference. (Code for
WPM Calculation Algorithm captured from the moni-
tor is shown in Additional file 1: Figure S1).

Features and model methods: systematic review
As shown in Table 3, the "studies-included" feature table
aligns with the three dimensions of the MA issue dis-
cussed in our Materials and Methods section. In addi-
tion to the authors and publication years, the table also
encompasses demographic characteristics, complica-
tions, types of radiation therapy techniques, algorithmic
combinations in predictive models, predictive perfor-
mance, and selected predictive factors. The systematic
review ultimately included a total of 12 studies [16—27].
The forest plot is illustrated in Fig. 4, the present study
undertakes a comprehensive and rigorous meta-analysis,
focusing specifically on predictive models for xerosto-
mia. Utilizing a feature table, we meticulously integrated
the models employed across various studies and further
stratified them into early and late phases for sub-group
analysis. The combined effect sizes for these sub-groups
are visually represented through forest plots (The funnel
plot is included in Additional file 1: Figure S2). The tem-
poral demarcation for these phases was set at six months,
based on the seminal work of Hubert S. Gabrys [16].
Statistically speaking, the overall effect size for the
Area Under the Curve (AUC) of early-effect xerostomia
models (Fig. 4a) was 0.67, with a 95% Confidence Interval
(CI) ranging from 0.40 to 0.91. This indicates that these
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Table 1 Coverage results
Test set (Total samples) optimizer epoch minimum computation Highest coverage rate ( Identification
time(s) selected/total) Frequency
(%)
WOST1 Adam 200 343 1/9 20
(301) 100 76516
50 78.596
Adamax 200 351.103 0/9 0
100 106.240
50 91.683
Pubmed T2 Adam 200 337.565 1/7 40
(98) 100 90814
50 81.079
Adamax 200 331.719 2/7 40
100 129.784
50 83.186
WOST3 (53) Adam 200 351416 3/4 80
100 75448
50 76222
Adamax 200 345.064 2/4 80
100 143.646
50 87.936
Pubmed T4 ( 60) Adam 200 334.702 3/4 40
100 106.955
50 85.363
Adamax 200 336.015 2/4 80
100 173420
50 88.835
WOS Web of science

Table 2 Time difference comparison between manual and nlp classifier approaches

Test Set ID Data source Number of Word count Manual time spent  Average time spent by CNN-NLP Relative to
entries covered (seconds) CNN-NLP (seconds) manual time spent
Ratio
T WOS 301 88,861 48,376 164 1:294
T2 Pubmed 98 36,991 20,102 160 1:126
T3 WOS 53 13,510 7,349 167 1:44
T4 Pubmed 60 22,804 12,404 172 1.72

CNN Convolutional neural networks, NLP Natural language processing, WOS Web of science

models possess moderate predictive accuracy for early-
effect xerostomia. However, the high heterogeneity, as
evidenced by an I? value of 80.32% and a Q-statistic of
5.34, suggests significant variability across different stud-
ies. For late-effect xerostomia (Fig. 4b), the overall AUC
effect size was 0.74, with a 95% CI of 0.46 to 0.98. This
result further corroborates the models’ relatively high
predictive efficacy for late-effect xerostomia. Neverthe-
less, the exceedingly high heterogeneity (I*=97.99%,
Q-statistic=52.48) implies that the applicability of these

models may be limited across different research settings
or patient populations.

In Table 4, titled "Prediction model Risk of Bias in
Included Studies," the output for each question rep-
resents distinct focal points of work, encompassing a
comprehensive evaluation of all critical stages in the
development and application of prediction models as
assessed by PROBAST. The assessment content is divided
into four domains: 1. Participants, 2. Predictive Factors,
3. Outcomes, and 4. Analysis. These domains are further



(2024) 19:5 Page 8 of 21

Lee et al. Radiation Oncology

sjapow (Aujiqeqold uonedljduwod ans
-SIL [BULION) dDLN JO JUSWIYSIGRISS 3U3 U

Locu‘oLel
‘zoll’ozib’1zou zLoU

$SoUMXS-0)) 250(] \U.:GQW

€00 ‘0g0l ‘0ogU
:$SoUM3YS 950 |eleds
LLou‘totloL Ll
:uonpja1i0) 350 [eneds
Z00U ‘0zol ‘oozU

uonNquasig 2soq |eleds

€9°0 -UonepIeA DNV 915
G0 ‘uolieplleADNY 13
£5°0 :UOlEPIeA DNV INAS
85°0 :UOhEPIEA DNV NN
¢S50 -uoneplieA DNV N3-d1
6€°0:UOREPIBADNY -4
G0 :UonEPIEA DNV LT1-Y1
(SYauoW yz—61)
wia3-buot [puipniibuo
££°0-UOLEPIBADNY 915
88'0 :UOlEepPleA DNY 14
6£°0 -UOLEPIBA DNV INAS
/0 :UOHEPIBA DNV NN
€8'0:uoneplieA DNY N3-d1
98°0 “UOHEPIEA DNV 141
98°0 “UOlEPIeA DNV L1-Y1
‘(syauowW yz- | ) wid)-buo
G90:uoneplleA DNY d15
§S'0-UonepleA DNV 13
¢S'0:uoneplieA DNY INAS
90 :uolepleA DNV NN
9G°0 -UoREPIBA DNV NI-Y1
09°0 “UolEPI'A DNV 141

SOIWOISOP PUB SOIWIOIPEI 3ININY J0) 3|Ce ZU3IpRID  £9°0 :UolepPI_A DNY L T-Y]
-njea ale eyl saibojopoyraw buiules) ‘A uslpels) ‘X Jualpelo ‘(syiuow § |-9) 601§ 2107
QuIYdeW pa|ieIap 240 s3ybisul asay] € JUaIppID) 350(] [p1DdS $5°0 :UOnePI_A DNY 91D
JUSUUISSISSE YSLI 10} B1ep PazI|euos SSOUMNS 0 [UOIEPIBA DNV 13 g1
-1ad Jo 9ouenodwi 9y buiziseydwsa ‘s1010e) ‘uonnguIsiqg ‘uealy /S0 :UonepleA DNY WAS 13
DLIAWISOP-UOU pue dyipads-juaned uoua  wpibolsiH as0g dWn[oA 59'0 :uonepIEA DNY NN INAS
-puadap S| eIW0ISOIAX JO UodIPald By 7 Ad1ua053 ‘ANduayds 570 uoieplieA DNY N34 NN
BILIOISOIRX BundIp 'aWN|oA 9deys puelo 950 :uoneplieA DNY ¢ 1Y NERSH!
-a1d uo 10edw aanisod e sey sioidiosap KleAlles 1apua ‘9by 950 :UOnePIeA DNY L1-4] -7
adeys asop pue uebio Jo uoneibalul Y] ‘| :so1ydpibowsg ‘(syruow 9-0) abp1s Alp3 R THWI €51 elLOISOIBY  [91] '|e 12 sAIgeD) 'S LagnH
s9|qeliep ainjea
B
sBuipuy pue suonnquIUod Juedyiubls s101oe}) d13souboid (D)>Onv wyyiobje /[spow juawieasy ozis d|dwes  suonedidwod (1e3)) JoyIny

SalpN3s papn|oul 83 Joj sainjea4 € ajqel



(2024) 19:5 Page 9 of 21

Lee et al. Radiation Oncology

LywRsod paie

-NjeAs syualied uj eluwo1soax bunoipaid ioy
91129449 9] 0} PAUWILUOD SeM 0SSV ]

Buisn [9pow DI N S1eLeANW 3y ] °G
san|eA padadxa Yim paubie pue
SPIEPURILS UIPLISD 13W ‘SOL1SW 7Y x4y
-|abeN pue ‘snqIuuQ ‘sa10s Jallg pajeds Aq
pa1edipul e ‘syulod auil Yiog 1e [9pow
dDLN 23 Jo 9ouewlioad ||eldano oyl
obeis-] pue ‘Bupjows

‘3-UBaUI( ‘UOIIBINPS ‘I-uedW P3IDSS
21am 1031284 diisouboud jewndo oAy quiod
W YIuow-7 | ay3 Jo4 -abe pue ‘|-ueawlq
3-UPaUI( :P31D3[S M $101D€) dl3souboid
[ewndo 2a1y1 quiod swi} YIuow-¢ Y3 4o
DNV PUE 1591 MOYSIUIST-ISWSOH 91
Buisn pawloiad sem bBuiuni-auy ‘0OSSYy 1 BIA
10108} dlsouboid Jo saquunu [ewndo ayy
BuId313s Jo ssadoid ayy buung ¢
uonedyIsse|d

apou ydwA| pue ‘A101sIy [ed1paul Ajiwey
‘uoiduwNSuUOD [OYOD|e ‘BILUO]SOIDX SUI|SSe]
‘9be3s-| ‘Bupows D-ueswd ‘UoiedNpPa
‘I-UBaW( :paYIUSPI 219M $101€) dlsouboid
QuIuU ‘Juiod aw Yuow-g | ay3 Jo4 "uon
-edNpa pue ‘bupjows ‘abeis HDry ‘obers-|
‘Snje3s [eppueUY ‘abe ‘l-ueawg D-ueawlq
2U10d 3WI YIUOW-€ 2Y1 JO) paylIusp! 1am

NS 40 g|S ‘snieis
[eauey ‘96e1S DDV (1/2)
Adessyroway) ‘sneis
JlwWou013 ‘9by Ispuan
‘Uo11eDLISSE|D) SPON
"A101SIH A|iuueq ‘sanss|
|OYOD|Y ‘BIWOISOISX aul|
-aseg ‘abe1s | ‘bupjows
>-uesawlq -ueswig
:51010D- paIDjaYy Wiz | 43X
snies [elepy

"A1015]H Aj1wie4 4opusD)

98°0 51 DNV
| | SI'SI015e) JO JIoqUINN
JOPO (pooylaxIT) Wz LY3X
/80S1DNY

6 SI S10108) JO JoquINN
lopon

(jowndo-0SSY) W Ly3x
¥80SI1DNY

G S1S1012e) JO JIsqUINN
[oPON QBE
-1dogns-OSSy7) Wz 143X
S80I DNV

6 SI S10108) JO JaquInN
{JOPOW (POOYIINIT) WEYIX

10308} dlisouboid ybId ‘OSSY T UbNoIYL T WOS 1O gIS ‘eILIOISOIDY 980 SI DNV
(LYW Adeiay] uoneipey pa1e|npojN-Als auljaseq ‘uonedyisse|) 8 S 510108§ JO JISQUINN|
-u1u| bujobiapun syusped Jadued ¥dau pue 9poN ‘(1/D) Adeiayy ‘Japoy
peay Ul BIUO1SOIDX 2J19ASS O) 91RISPOW JO  -OWdYD '|9A7] Uonesnpl (1owndo-0SSy7) WYX
92UIPIDUI Y3 S10Ipald A|9ADRYS [9pow ‘Bupjows ‘abeis DOy 80 SI DNV
UoIssa16a1 2115160| S1eLIPAINW B 1ONAS  ‘9BeIS | 'SN1eIS DIWOU0D] €SI SI01D8) JO ISqWINN uolssalbay 21151607
-U0d 0} (OSSY ) JoresadQ uonda|RS pue  ‘aby ‘I-ueawlq 2-ueswq ‘lapopy ]
abexulys anjosay 1sea auyy buiziinn ‘| 5101004 palpjoy WEYIX  (jpwndogns-0SsyT) WeyIx 0SSV LHWI 90¢ BILIOISOIDX  (#10T) [P 19 997 NM4-les|
sa|qeliep ainjead
B
sBuipuy pue suonnquiuod Juedyiubis s101oe) d13souboid (1D)>nv wyyobje /[opow juswjeasy 9zis 9jdwes suonedidwod (1e34) Joyiny

(penunuod) € ajqeL



(2024) 19:5 Page 10 of 21

Lee et al. Radiation Oncology

uopepljeA buiielssadau

'BSI9A DIA pUB [ Y| Bulobispun uonein
-dod HdN 243 01 parjdde Apdalip a9 1ouued
DDSNH 104 padojansp [apow aApdIpald ay |
siuaned DdN pue DDSNH ul el

-035043X JO 92UIPIdUI 33 JO uondipaid syl
anoidwi ued sanbjuysay 0SSy buisn
[9POW UOoIssaiBa1 21SI60] S1eLeANW Sy |
|9A3] [BUONEINPS PUR ‘96PRIS-| ‘SNIEIS
|erdUeUY ‘9be 9pN|DUl SI010B) DILIOUODD
-0120S PUB [EDIUID PA31I3I3S JOYIQ 101dR) 9N
-21paid JurpIOdWI 1SOW 3Y] SE UISOYD Sem
spue|b Alealjes |eidie|isd] pue [eidie[el}
-U0D 3y 01 350P brISAR 31 ‘S|9poWl ||e U]
S|apowl 9AI3DIPaId 1Ny JO JUBW

-UsI|qeIs Y3 ul bup|nsal ‘si01oe) aARdIpald
159M34 a3 BUIID|SS JJIYM PauleIal Sem
2ouewlopad DAY 12ybiy ‘0sSy 1 ybnoiy
(L4WI) Adeiay uonelpey
pa1e|NPOoA-Alsuaiu| Buiobispun (DdN)
ewoup.e) [eabukieydosen pue (DDSNH)
ewiou|pie)) (190 snowenbs 323N pue

peaH YiMm siualied Ul BILUOISOIDX 9I9ASS O}
91eJSPOW JO 3dUspIdUl 3y s1o1pald AjleAn

|9AST UolIEINPT

(L60-56'0

:abuey) 96'0=DoNYV

€ =51010e4 JO JaquInN
JOPON W 7 [-DdN §3X
(060-€8°0

:ebuey) /80=DNY

1 =51010k4 JO JoqUINN
JOPO W E-DdN ¥IX
(860-£6'0

:abuey) 86'0=DNV

€ =51010e4 JO JaquInN

JOPOW Wi ¢ [-DDSNH Y3X

-39 (OSSYT) J0resadQ uondRS pue abeis-|. (160-98°0 (OdN)
abeyulIyS 21n|0sqy 15897 ay1 buisn SN3E1S DIoU0d] aby :2buey) 88°0=JNV uolssaibay d13s1boT 8
padojaAap [9pow (dDLN) AN|igegoid uon I-ueawq € =5101084 JO JOQUINN 9 LYW (DDSNH)
-821|dLOD) NSSI | [PULION SIRLBAINW DY | >-ueawq POV W E-DDSNH Y3X 0SSV 14D-ae 49! BILIOISOIRX (10T ) [P 12 997 NM4-iles|
s9|qeliep ainjes
L}
sbuipuy pue suoilnqiiuod Juedylubis s1030ej d13souboid (D)>Onv wiyyiobje /opow juswieasy  azis djdwes  suonedjjdwod (1e3p) Joyiny

(panunuod) € ajqey



Page 11 of 21

5

(2024) 19.

Lee et al. Radiation Oncology

yoJessal Ul
S9SOP UoNeIPe) 01 ANSSIY AY3eay JOo
asuodsal dyidads-lusied syi spinb

13y3iny ued siewlolq abewl Buipinoid
SUYIUOW 7| 18 Uola139stadAy

|ESOONWUI [BIO PUP BILIOISOIDX J0§ SUONDIpaid
panoidwl siaydieasal ‘spuelb Aiealjes ayi Jo
Ausuap pue Aypusboiaiay ayi bunuas
-aldau siasyiewolq abew bupnponul Ag
pue|b

Je|ngipuewigns ay1 01 asop abeiane ay1 pue
uonaIdasIadAy suljeseq o1 uonippe ul
‘IoxJewolq sbew Jsyioue se pue|b Jeingip
-UBWIQGNS 343 JO ALISUIUI | D WiNWIXeW 3y}
P313]95 $I9DIeSS31 ‘SYIUOW 7 | 18 U0l
-9109s549dAy |esoonwl [elo Hbundipald o4
SYIUOW 7 | 1e eluI01SOIaX Bundipaid u
Spew 21aM spuswaroidul Juedyiubis
'|SPOW PIWIO1SOISX SUI[9SEG PUR 950D
pue|b Aleljes |elaie|e)juod abelaAe ayy 0}
‘anssiy pue|b Aiealjes Jo Alsuaboiaiay syl
sayiuenb yoiym ‘(3yS) ,siseydwg uny
1ioys, Jaxiewolq sbewl sy1 buippe Ag
puiddensiooq ybnoiyy

paWLIOyIad Sem UONEepIjeA [eulslul pue
'S|opOoW Uoissalbal 213s160| d1eleARNW
91e31D 0] Pasn sem uoneziie|nbal 0sse]
spue|b Jejngipuewigns pue spue|b Aiea

-I|eS Y1 JO SISIS1DRIBYD [RINIX3) PUR ‘A)IS
-Ua1ul | D ‘s2in1esy D112Woab ay3 Jussaidal
(INg]) sisiewolq abew [enusiod 9say |
(Ade1ayy 21L1SAS N0

-U1M IO Yum) Adessyy uoneipel sAniuysp
Hujobiapun syuaiied Jadued ¥dau pue

pesy 617¢ J0J SIUSUISINSESW SUI0DINO
JUaUISSasse Juafied pue sueds | D bujuueld
Pa129]|02 Aj2Andadso.d weay yoiessal ay |
(INgI) Siasiewolq 9bewl | D UO

paseq sainies) dyidads-1usied Buisn Aq
suonoipald asayi aaoidwi 01 S| ApNS ay3 Jo
Wi 941 ISASMOH "$24025 (25eQD|1S) Uon
-2129549dAY [esodNW [JO IO (352GYIX)
2ILO]SOIaX SUl[Sseq pue sialsuleied swn
-|oA-350p uo paseq Ajuewd aie Adeiayy
uole|pel Jo3e (WZLDILS) uoneIdasiadAy

Juawieas buunp spuelb
Je|ngipuewgns ay1 Aq
PaAI3D31 3SOP UONEIPEI
abelane ay| spupjo 1ojn
-gipubwigns 03 350 U3
pue|b

Je|NgIpuBWIgNS 331 J0J
papI0d3J ANjeA AJISUSIUI
(1D) Aydeibowoy
paindwod 1saybly ay|
puDD IDINQIPULWIQNS 341
JO Ausualuj | wnwixopy
Juawieasn bulnp

pue|b proled |eio1e|
-BJIUOD AU} AQ paAIadaI
950p uolelpes sbelsne
9y ‘3507 pub|9 ploivd
[DIR1DJ-DIIUOD) U3
'SI919UlRled [PUOIIPPY
anssiy

pue|b prosed ay3 jo
Aususbossisy ay1
Sainseaw eyl (INgl)
Ioxlewolq sbew uy

9/'0=1009 DNV
“uouDpILA

NG G [9pOIN W [YIX
¥/'0=1004 DNV
UOLDPIIOA

NGIINOYIIM [opON WZ [ YTX
(€80-1£°0) ££0=DNY
UONDUILLIDSIC

NG G [9pOIN W [YIX

[ESODNW [B40 PUB (WIZ LYIX) BILIOISOIX  {(FYS) SIspydwig uny 1ioys (180-690) S£0=DNV uolissa1bay dsIboT 1VWA
919A3S 0} 91RIIPOWU JO JUBUISSISSE Jualied (sl uonLUIWILISI ] THWI (9102
abeys-a1e| bundipaid 1o sppow buiisixy siayIpwiolg abowi | NG| INOYUM [3pON W7 | YIX 0SSV 14-ag 6vC RIWO1SOIDX ) |2 19 4ig UeA A UUES[]
s9|qeliep ainjea
B
sbuipuy pue suonnqiiuod Juedyiubis s103)0ej d13souboid [(»)e)a\' wyjiobje /japow juswjeasy azis djdwes  suonedidwod (1ed4) Joyiny

(penunuod) € ajqeL



Page 12 of 21

(2024) 19:5

Lee et al. Radiation Oncology

Adelayy uopelpes-3sod syiuow z | pue

9 4104 1e A)|Ige aAeuIwLdSIP ybiy
BulIeIISUOWSP ‘PIIEPI[RA-SSOID pue
paulel} sem [spoul aAIpald gy v
(xew) snbeydosa

[BDIAIDD pUB ‘(Xeul() s3|osnw [eabukie|
‘(Xeuu@ pue GGA) s11olb ‘(xewg pue ‘uiug
'GOA'SSA pUB ‘UBSW PUe ‘Ulld ‘GSA)
S9J2SNUI JOIDHISUOD JOLJUI PUR S|PPIUL
papN|oUl 9dUBAI|J 153YDIY 343 YHM Sa1n3
-B3) 9Y3 ‘syruowl 7 | 1y (dw@g pue ueawq)
spue|b Alealjes pue ‘(Ui pue ‘xewq
‘ueawlg ‘dw ‘S9A ‘SSA ‘StA) S9PSNW IO}
-D11SUOD 3|ppIw pue Jouadns ‘(ueaw pue
G9A) @nBUOY BY3 JO 9SE] AYI PapN DUl
s2in1ea) Bulpuodsallod JISy3 pue 9DUPAS|I
1524BIY Y3 UM SHYOMS 343 'SLIUOW 9 1y
(60

DNV 5244 :¢8°0 DNV SDHT°58°0 DNV SDIAS)
SUIUOW 7| pue (€80 DNV 5,044 ‘08°0 DNV
$,247°28°0 DNV $DAS) SYIUOW 9 y10q 1e
9OUBAS[) PAIMOYS SHYOMS JO SN

-3 HAQ 23 ‘syuaned ge buowly

(D44) uonedyissed

152104 Wopuey pue (D7) uonesyissed
uoIssa1bay d1sIBOT (DAS) UONEDIYISSe|D
10399 Moddng seaur Buisn pazAjeue
2J9M pue HAJ 9y wioly 1usied yoes 1oy
P310BIIXD 2I9M $3IN1LD ASOP OMI-AIUDASS
1UswWieal3-1s0d syuow 7| pue

91 B1BP 4/ WO (V/d) 9100 uonelidsy

-uoiel1auad syl pue suebio ysu bul ¥6'0=DNV D44
-MO|[BMS BUIU JO 350P 31 Buish pado (4A-V/d) 21005 ¢80=DNV DY
-|9ASP sem [9pow aARIpaId Y oYL uoneldsy-uonesausdd $80=JNV DAS
siskjeue SYIUO 7| pue 9 uoie syuow 7|
Bujuies| sulyRW 01U (SHYOMS) JSIY 18 -IpeY-1504 pue suljaseg 10 DIboydsAq bundipaid
suebiQ sy buimoljjems jo siarauesed (SYYOMS) suebiQ €80=2NV D4y
(HAQ) We1b01SIH swNnjoA-950 Buiesod  ¥siy BUIMO|[eMmS JO 350 080=DNV DY
-10du1 Aq (4A) Adodsolon|joapip uo paseq (SHYOMS) 1e01Y1 941 Jo ¢8'0=DNV DAS D44
(1Y) e1beydsA@ paonpuj-uonelipey 1oy sa1njeay (HAQ) weib syauow 9 DAS 141 (1z02)
|9poul 9AIIpald e pado|aAdp SIayDIeasay -035IH dWN|OA-950Q 10 DIbLYdSAg bundIpalyd Y] 1Y ols eibeydsAq |€ 19 OUISIN OURJRIS
s9|qeliep ainjea4
3
sBuipuy pue suonNquIU0d Juedyubis s1012e) d13souboid D)y wyyobje /[spow juawieasy azis sjdwes  suoneddwod (1e3)) Joyany

(panunuod) € ajqey



Page 13 of 21

5

(2024) 19

Lee et al. Radiation Oncology

(¢g0=DNV '=annd ay1

1apun ealy) UOIEPI[eA [eUIRIXS Ul A)l

-|Ige SAIRUILULIDSIP JUD||90XD Palelis
-UOWSP pue s|apow xa|dwod a1ow 01
9|qeiedulod sem (plepuris—y1d) SoH1aW
awnjoA-asop Buisn [spoul uoissaibay
2151607 pazijeuad ay3 Jo aduewioad ay |
eibeydsAp a1nde 219A3S JO SdUS)

-IN220 33 9dnNpal 03 3|gIssod se yonwi se
PaZIWIUIW 3 P|NOYS S9WN|OA 959Y1 ‘Bulu
-ue|d Adesayy uonelpel uj ‘eibeydsAp inoe
2I9ASS UM PR1R[SII0D 1SOW S| (UONDeI)

/KD | ueyy Jorealb) sasop ybiy pue aie
-I9pow BulAedI eSOONW [eabukieyd sy jo
SWIN|OA U3 1By} PAUIWIIDP SBM )|
paiepijeA (saualed pg) Ajjeulaixe pue
(s3uaned ¢/ 1) Ajjleulaiul pue pajesausb
2U9M S[9POU (D44) UONEIISSe|D 159104
wopuey pue ‘(DAS) Uo1edyIsse|D) J01DA
1oddng ‘(41d) uoIssaibay 21351607 pazijeusd
elbeydsAp a1nde 919A3S 10) [9poW e
dojaasp 01 ‘e1ep [ediuld yum buoje ‘sornsw

SO0+S£0=DNnV

950p [elieds pue swnjoA-asop Buipn|ul ‘lenedsd4y
‘(INd) esoonuwl [esbukieyd ayy 01 sasop 800F ¥/ 0=DNV
Adelayy uone|pes pasn siaydieasal ay| ‘lenredsOAS
S91N2YYIP BUIMO|[BMS 219135 JO 800FSL0=DNV
9oU3PIPUl 94} ddnpai 03 bujwie ‘bujuueld ‘lenedsyd
Adeiayy uonelpes 104 saullapinb Jayo SO'0F8/0=DNV
ued Jeyl souIaU asop |eleds bunelodiodul pIepueISDHY
|2pPOW e ysI|qe1sa 03 sl Apnis ayi Jo [eob ay | $0'0F780=JNV
SUOISIDaP [BD1UID 9pING 0} pasn ¢ 'pIEPURISOAS
ued yoiym ‘syusiied fenpiaipul ul eibeydsAp YO'0F280=DNY D4y
91N2e JO AIIASS ay) bundipaid jo sjgeded uonoely ‘plepuelsyd JAS 1HAI
|opouwl e pasodoid aney sI1ayieasay /KD | <BuIAII Nd :1Y buimojjo syauow 9 1d 1¥D-ag 914 elbeydsAq (8107 |p 19 uBSQ 'Y SlUler
sd|qenep ainjea
B
sBuipuy pue suonnquiuod Juedyiubis s101oe)d13souboid (D)HNY wyaiobje /japow juswjeasy azis djdwes  suonedidwod (1edp) Joyany

(penunuod) € ajqeL



Page 14 of 21

5

(2024) 19

Lee et al. Radiation Oncology

soonuw
[_JO JO @dUBPIDUI 8yl 8dnpal A|jenuaiod
Kew sasop ybiy pue a1eiapow buiAidal
A)ARD [BIO 3] JO SWIN|OA 31 BudNpay
SIISODNUI [BIO 249AS YUM

pa1e|a.1102 SI sas0p YbIY pue a1e1apoul
BuiAidda1 Al1ARD [BIO B JO SUIN|OA 3|
Aj2Anoadsal ‘(z'z=as)

6'€ PUB (60°0=aS) L£'0 2U9M [9POW SIY3 J0J
ado|s uoneiqi|ed pue DNy sbessae ay |
uollelq|ed 153q Yy}

peY [SPOW UONEIYISSE|D 152104 UIOPUR pie
-puUels 3yl INQ ‘S|9POU |[B SSOID. JB|IUIS SeM
A)JIGe 2AIBUILILIDSIP DY “UOIIRULIOJUI
|e1ieds papn DUl 1eyl S|PPOW WO} JUDISLIP
AjpuedyIubIS 10U SeM [9POU PISEG-3UIN|OA
-350p plepuels Y1 Jo aduewliopad ay |
S|9poW UoeIYIs

600F0£0=DNY

-Se|D 159104 UWOPUEJ PUB ‘UOIEDYISSE]D JO1DIA ‘lenedsd4y
poddns ‘uoissaibal disibo| pazijeuad jo 600F LL0=DNV
2duewopad oy paiedwod A3y] sjppoul ‘|lenedsHAS
aAIIpaid a1elauab 01 eep [edjuld pue 600F2L0=DNY
(SD132W SsOp |eieds pue aWN|OA-350p) ‘|lenedsyd
sabesop Adelay) uolie|pel pasn s1aydieasay 600F LL0=DNV
Bujuue|d JuswIeI] WL pUE Bulew plepueis)y
-UOISDaP [ed1uld apInb ued yaiym ‘bujuies) 600F2L0=DNY
aUIydeW pue SO1IBW 350p [eleds Buisn s 350p ybiy pIEPURISOAS Y (pa1RIS
-1SOJNUI |BIO DINDE DUDASS 4O} [SPOUL SANDIP —pawlaiul BUIAIDRI 600F2L0=DNV JAS  Ajleayidads 1oN)
-21d e 31e19U9H 01 51 APNIS SIY3 Jo Wie ay | A1IARD [BIO JO SDUIN|OA ‘plepuelsyd 41d 14 1G¢ SIUSODNIN (9107 ) '|e 12 ueaq 'y alwer
s9|qeliep ainjea
B
sbuipuy pue suonnqiiuod Juedylubis s103)0ej d13souboid (D)>Onv wyaiobje /japow juswjeasy azisdjdwes  suonedidwod (1ed4) Joyiny

(PanuNUOd) € 3jqey



Page 15 of 21

5

(2024) 19.

Lee et al. Radiation Oncology

si12uesed weiboisly

SWNjOA 350p Buisn 1sn(1aA0 Apuedsyiubis
2dUeWIOLId [9POW SIDUBYUS S|9POU DAL
-DIpaid Ul 510108} P1D3I8s 95341 buipnpu|
$21025 9AIID3[gNS duleseq pue abe Y|
510128} 310 SPI2U UONBWINSS 3SH 3|qel|RY
BAI[ES A%D13S YHM UOIIRD0SSE Juedyiubis e
pamoys spuelb [enbuligns ayi Ajuo ‘spuelb
Jlejngipuewigns pue proied ay1 puoAag
suwoydwiAs

uonRdUNYSAp Alealjes pajel-jualied uo

(pasn sem

9|edS LY uI0d- B
‘eAl[eS A34211S pUB YINOW
Alp 0} paiejas asoyy buj
-pnjoul ‘suonssnb |je uo4)
aJleu

-uonsanb GENRH-OTO
D103 ay1 buisn uawl
-1e3l} Jayye pue 310J3q
SYIUOWI G 18 paIssasse
313M (9N DILS)

BAIjBS AXD13S pue

1edw paiwl| 9y [YD-ge Butinp (9W Y3X) tanow Aip (68'0-9£°0) T80=DNY 140-ae
spue|b AleAljes Jouiu Ul SUoNQUIsIp 8s0q 2I9A3S 01 DJRIDPON |9POW W9YIX YW THWI 591 BIWO1SOIRY 7] "|p 12 Z399g OA|
pasn sem 3|eds LI
1ul0d-7 B ‘BAI[ES AYD11S PUE BIUIOISOI9X 01 31ejed 1Jos a3 Jo spue|b
palejai asoy3 bulpnppul ‘suonsanb |e.oq KJeAl[es Jouiw ay} pue
1USWILaI] JS)Je SYIUOW 9 PUe 210437 ‘pue|b [enbuligns ay1
2lleuuonsanb SENH-OTO D1Y03 24 buisn ‘pue|b Jejngipuewqgns
PISSISSe UaM (9N DILS) BAIRS AYDNnS pue |PJ31E[RJIUOD 3Y1 O)
(9N YIX) BILUOISOIDX DIDAIS 0) 21RIDPON asop abelane ayy ae
SEINEEN AI|BS AYDNS 10J SI10108)
LY 21nany Buiziwndo Joj aduaiajal e se andIpald ulew ay
295 URD ApNis iy ul pasodoud [apou ay | ynow A1p
91e|ed 1Jos ay3 ul spue|b AleAles Joulw pue  duljaseq pue pue|b Aiea
‘pue|b [enbuligns ‘pue|b Je|NgIpURWIQNS  -1|BS [RS1B[RJIUOD S O}
|eJ21B|R1IUOD 31 0} 950pP dbeIdAR DY) D8 asop abelane ayy ae
BAI[ES AY211S 10J SI10108) 9ANDIPaId Ulew Y| yinow AIp Joj si01oe)
|UI0}SOIX dUljaseq pue pue|b AieAles 2AIDIPaId Ulew ay |
|eJ21R(JIUOD 3y 01 350P SbeIaAR 3U) ale (pasn sem
eIW0IS0IX 10} 510108 dANDIPAId Ulew ay | 9[eds 12y ulod-{ e
BAIBS AYDS YLIM S3NSSI “BAI[eS A3211S pue Linow
papodal syualied JO 9%9'GE quswieal) Jaye  AIp 0 paiejal asoyy bul
eIW0]S0IaX padualiadxa siuaned Jo  -pnjpul ‘suonsanb (e Jod)
969" G JBY1 MOYS S NS3J 9Y] Jadued auleu
¥oau pue peay yum syuaned g/ | SsIan0d -uonsanb SENSH-OTO
Apnis a3y 1Y BulAIDda1 J31je SYluow 9 D1¥OT ay3 buisn yusw
J35UeD 323U pue peay yum siusied ul -1eal1 Ja)ye pue a10j3q
BAI[ES A4D11S PUE BIUIOISOIX JO 3SH D1 SYIUOW 9 1B Passasse
1o1paud 01 st Apnis sy jo asodind ay | 219M (9N DILS)
|9poul uolissaibail BAI|BS AXD13S pue
2ns160| d1eteannu e Buidojanap 1e pawlie (9W ¥3X) yanow Aip (9£:0-09°0) 89°0=DNV
Apnis aAndadsoid Jauad-nnwi e st siy | 2J9A3S O} 21RISPOA [9POW W9YIX 4I-W THWI 8/l RIUIOISOIDY (Z107) ‘e 12 21999 OA|
s9|qeliep ainjea
B
sbulpuy pue suonnquiuod Juedyiubls sio1oe) d13souboud (D)Hnv wyiiobje /jopow uswneasy  azis 9jdwes  suonedidwod (1e34) Joyany

(panunuod) € ajqey



(2024) 19:5 Page 16 of 21

Lee et al. Radiation Oncology

wioped

Adelayiolpels aandepe ue 1oy uopdo s|gelA e
11 Buiyew 1502 [PUOIIPPE [eWIUIW UM
P215NPUOD 3q UeD SisAjeue | gD 8y
2UO|e 350P D UeYl suonoipaid Ja1

-19q Jayo sabueyd painsesw-| gD 953y '€
|WO]SOIaX WD)

-Buoj 01 payul| a1om sabueyd Alsusp Hd Jo
SIURWRINSEIW | DD uswiean Ajje3 ¢
Adesayiolpel

JNH bunnp ssbueyd Dd paiejai-1usuiiean
2Insesw 01 | HgD PIeog-uo buisn ioy

(C160-€790

D %S6) 9/L0=DNY
‘(so1woippy + |02
-IUl|D/HAQ) 22ubwiiogiad
anIpaid panoidudl Aj3ybijs
sabuby> pup|b LibAljDS
|DI2)D[DIIUOD PIPPD YIM
WiZ 1 y3X 40 Uon2Ipaid
(0££0-5190

D %S6) 1690=DNV
“(jp21u1>

/HAQ) [2POW [DI1UI[D/250G
bujsn biwo3soiax appib

¢ <10 WZ L YTX JO UORIIPaid
(0£8'0-€09°0

D %S6) 61£0=DNV
{(S21woipDY +[D2IUID/HAQ)
[apowW $21UIOIpDY PappPD
YIMWZ [ YFX JO UON2IPaId
(S18°0-€09°0

D %S6) 60£0=DNV
(1p21u1D

/HAQ) [2pow [p21ulj5/2500
bujsn biwo3soiox apvib

SWOdINO
[e21UlD pue dn-mojjo4
sojydeibows 1ualed

P35NPOIIUI UG Sey ABOjopoyIaW v/ * | salnead abewl| | DgD [ 240 WZ[HTX 4O UOLDIPald 1d VWA 501 ILIOISOIBY  [97] |e 12 USsoy S ujweluag
2oueWIORd S [9pOW 3y} 9dUBYUD U
SUOIBaI PAILIDOSSE-BIWIOISOIDX JO SUORIUYSP
91JNJDE 2I0W UO BUISND0) S3IPNIS 21NIN4
IU01S04aX Bunoipald Ul s3nsai
Bulsiuioid pamoys [opow pasodoid ay |
SI21|Y € YHM SINOIUOD pue (88'0-£9°0)
‘suonNqLisip asop Adelayy uopelpes Bujulea| dasp ybnoiyy 8/°0=DNV -LD ON
‘sobewl bujuueld | woiy sainiesy [eneds pa12eA1X3 A||edlewoIne (06'0-2£0)
[2A3]-YB1Y puB -MO| P21DRIIXS [9POW Y| S2IN1edj JIdY) pey (el [ed 78'0=DNy—IN0IUOD ON
palen|eas pue padojansp sem 122250 DOLY 241 wioly (L60-¥/£°0) ¥80=DNV
NND4 g€ buisn [spow uondipaid ALDIX01 sabew O 4O 19sgns v [PPOW WIZLYIX NNDI d€ LHNI 8/ elU01sOloX [61] "2 12 Us|y ONYf
ss|qeliep ainjea4
B
sBuipuy pue suonNquIUod Juedyubis s101oe} d13souboid (D)HONY wyylobje /[spow Juawieasy azisdjdwes  suonedidwod (1e3)) Joyany

(panunuod) € 3jqey



Page 17 of 21

(2024) 19:5

Lee et al. Radiation Oncology

2oueUOS3I dIBUBRIA Y ‘UOISSBI631 31351607 HT HJOMIBU [BINSU [RUOIIN|OAUOD [BNPISSI [RUOISUSWIP-E

NND/ g€ ‘uoissaibai 2135160] 21eLIBAN Y-/ “UONEDIYISSE|D 15910} WOpPURY D4y ‘UOoIedYISSe|d 10103A 1oddng DAS ‘uonedyisse|d uoissaibal o13s1607 HY7 ‘bunsooq 3311 UaIpeID g1 ‘s9a.11-ea1XT [F ‘dulydew 10194 Loddng
WAS ‘sioqybiau 1sa1eaN-3 NN ‘Ayeuad 19u dnse@ yum uoissaibai onsi607 NF-y7 ‘Ayeuad z7 yum uoissaibail onsibo z7-y7 ‘Ayeuad |7 yum uoissaibal o1nsi6o7 [ 7-y7 ‘puelb pnoded |eislejesiuod ayy 01 asop abessay o
-upaw ‘pue|b pnoied |esaie|isdi aYy 01 3s0p SbeISAY -UbaW “Julod SWIl YIUOW-Z | 9yl PUNOJE BIWIOISOIDX WZ [ YFX IUIod Wil YIUOW-9 341 PUNOI. BILIOISOISY W9YTX ‘Wulod SWIl YIUOW-E SY] PUNOIE BIWO1SOISX WEYTX

A11D1X03 9dNpal 0}

sue|d Juswieal} uonelpes Bulojiey ul

ple pue ejuI0IS0IaX PadNpuUl-uolielpel Jo
uolsuayaidwod INo uadasp ued sainiesy
9591 UO Paseq s|opow UodIpald +
uodIpaid eiw

-035049X 10 salyjepowl bujbew buibiaw jo
sabeurAPE 29U UIR1I9DSP O} PapasU S|
24easas Jayniny ‘uondipaid 49139q Spiemol
puS11 B PaMOYS B1ep || BUluIquIOD SIYA "€
ANjigndadsns ejwioisolax | y-1sod jo
suondipald Bupdueyus ‘uonouny Aleajjes
paje|nuwisun ojul siybisul 1a4o 1ybiu
spue|b Je|NgIPUBWIGNS SY3} WO S3IN1ed 7
uoIdUNy au|dseq 1oy sayebol

(08'0-¢5°0) 89°0=2NV
YW+ 1D +HAQ +[ed1ulD
(98'0-79°0) ££0=2NV
YW+ 1D +[eaiulD
(€£°0-050)
09'0=DNV-dW+1D+HAQ
(89°0-0%0)

95 0=DNV-1D+HAQ
(80-£50)
0£0=DNV-4YAN+1D
siv1vweled (HAQ)  (¢8'0-%50) 99°0=DNV-4W

-INS [eD1UID SB 9SS Ajjelnualod ued spuelb  weiboIsIH aWN|OA-950( (12°0-S¥'0) £50=DNV-LD Adesay|
Je|ngipuewigns pue pioled yioq woly  Buibew| Yy pue 1D (519 (180-150) €90=DNV-HAQ (41 3|di|nw) s|ppow 1es -OWwo] IVINA ad
sainjes) abew auljaseq '\ Sewolg abew)) g ‘WeYIx  -ulj pazijessusn +OsSyl 1HI 99¢ ISR OINeIE) ¢ B 39 U1y efipeyy|
s9|qeliep ainjea
3
sBuipuy pue suonNqLIUOd Juedyiubls s101oe}) d13souboid (D)HNY wyyiobje /[spow Juswieasy azis sjdwes  suonedidwod (1e3)) Joyany

(panunuod) € alqel



Lee et al. Radiation Oncology (2024) 19:5 Page 18 of 21

Study name  Effect size

Ivo Beetz et al.(2012) M-LR(IMRT) 0.68[0.61,0.75]
Ivo Beetz et al.(2012) M-LR(IMRT&3D-CRT) 0.82[0.76,0.88]
Tsair-Fwu Lee et al.(2014)XER3m LASSO-suboptimal 0.84[0.79,0.89] ——
Tsair-Fwu Lee et al.(2014)XER3m LASSO-optimal 0.86[0.81,0.91] ——
Tsair-Fwu Lee et al.(2014)Likelihood 0.85[0.80,0.90] —
Tsair-Fwu Lee et al.(2014)XER HNSCC-3m 0.88[0.84,0.92] ——
Tsair-Fwu Lee et al.(2014)XER NPC-3m 0.87[0.83,0.91] ——

Hubert S. Gabry$(2018)LR-L1 0-6m 0.56[0.48,0.64] —_—

Hubert S. Gabry$(2018)LR-L2 0-6m 0.46[0.38,0.54] —_—

Hubert S. Gabrys(2018)LR-EN 0-6m 0.54[0.46,0.62] —_—
Hubert S. Gabry$(2018)kNN 0-6m 0.65[0.57,0.73] —_—
Hubert S. Gabry$(2018)SVM 0-6m 0.57[0.49,0.65] —_——

Hubert S. Gabry$(2018)ET 0-6m 0.44[0.36,0.52] ——a——
Hubert S. Gabry$(2018)GTB 0-6m 0.55[0.47,0.63] —_—
Khadija Sheikh et al.(2019)-multiple LR- XER3m- DVH 0.63[0.57,0.69] —.—
Khadija Sheikh et al.(2019)-multiple LR- XER3m- CT 0.57[0.51,0.63] —.—
Khadija Sheikh et al.{2019)-multiple LR- XER3m- MR 0.66[0.60,0.72] —a—
Khadija Sheikh et al.(2019)-multiple LR- XER3m- CT+MR 0.70[0.64,0.76] —a—
Khadija Sheikh et al.(2019)-multiple LR- XER3m- DVH+CT 0.56[0.50,0.62] —.
Khadija Sheikh et al.{2019)-multiple LR- XER3m- DVH+CT+MR 0.60[0.54,0.66] ——
Khadija Sheikh et al.(2019)-multiple LR- XER3m- Clinical+CT+MR 0.73[0.68,0.78] ——
Khadija Sheikh et al.{2019)-multiple LR- XER3m- Clinical+DVH+CT+MR 0.68[0.62,0.74] $
22 00 02 0.4 06 08 10
AUC
(a)
Study name  Effect size
Tsair-Fwu Lee et al.(2014)XER12m LASSO-suboptimal | 0.84[0.79,0.89] —_—
Tsair-Fwu Lee et al.(2014)XER12m LASSO-optimal | 0.87[0.82,0.92] -
Tsair-Fwu Lee et al.(2014)Likelihood | 0.86[0.81,0.91] —_—
Tsair-Fwu Lee et al.(2014)XER HNSCC-12m | 0.98[0.96,1.00] g N
Tsair-Fwu Lee et al.(2014)XER NPC-12m | 0.96[0.93,0.99] -
Lisanne V. van Dijk{2016)XER12m Model without IBM Discrimination | 0.75[0.70,0.80] e
Lisanne V. van Dijk(2016)XER12m Model with IBM Discrimination | 0.77[0.72,0.82] —

Hubert S. Gabry$(2018)LR-L1 6-15m | 0.63[0.55,0.71] R
Hubert S. Gabry$(2018)LR-L2 6-15m | 0.60[0.52,0.68] ———
Hubert S. Gabry$(2018)LR-EN 6-15m | 0.56[0.48,0.64] —_—
Hubert S. Gabry$(2018)kNN 6-15m | 0.62[0.54,0.70] _—
Hubert S. Gabrys(2018)SVM 6-15m | 0.52[0.44,0.60] ————————
Hubert S. Gabry$(2018)ET 6-15m | 0.55[0.47,0.63] —_—
Hubert S. Gabrys(2018)GTB 6-15m | 0.65[0.57,0.73]
Benjamin S Rosen et al. (2018)-XER12m- DVH/Clinical(Prediction of 2 1 Grade Xerostomia) | 0.71[0.62,0.80] _—
Benjamin S Rosen et al. (2018)-XER12m- DVH/Clinical + Radiomics{Prediction of = 1 Grade Xerostomia) | 0.72[0.63,0.81] _—
Benjamin S Rosen et al. (2018)-XER12m- DVH/Clinical{Prediction of = 2 Grade Xerostomia) | 0.69[0.60,0.78] e
Benjamin S Rosen et al. (2018)-XER12m- DVH/Clinical + Radiomics{Prediction of = 2 Grade Xerostomia) | 0.78[0.70,0.86] _—
Kuo Men et al.(2019) 3D Renn- XER12m Model | 0.84[0.81,0.87] -
Kuo Men et al.(2019) 3D Rcnn- XER12m Model (No contour) | 0.82[0.79,0.85] ——
Kuo Men et al.(2019) 3D Renn- XER12m Model (No CT) | 0.78[0.75,0.81] —.—

0.2 0.0 02 04 06 08 1.0
AuC

(b)

Fig. 4 Forest plot a the overall effect size for the Area Under the Curve (AUC) of early-effect xerostomia models b For late-effect xerostomia models

categorized based on three assessment outcomes, pri- remainder falling under high risk or unclear categories,
marily labeled as "High Risk," "Low Risk," and "Unclear it is noteworthy that in terms of applicability, only two
or Ambiguous." included studies were assessed as having a higher risk,

Although the overall assessment reveals that only four ~ while two were categorized as unclear or ambiguous.
studies exhibited low risk of bias in their data, with the This suggests that while there may be a pervasive issue
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Table 4 Prediction model Risk of Bias in included studies

Page 19 of 21

Author, Year Risk of Bias Applicability Overall
1. 2.Predictors 3.Outcome 4. Analysis 1. 2.Predictors 3.Outcome Risk of Bias Applicability
Participants Participants
Hubert S. Gabrys  + + + - + + + - +
etal. [16]
Tsair-Fwu Lee + + + + + + + + +
etal, [17]
Tsair-Fwu Lee + + + + + n + + +
etal, [18]
Lisanne V. van + + + - + + + - +
Dijketal, [19]
Stefano Ursino + + + - + + + - +
etal, [20]
Jamie A. Dean + + ? ? + + ? ? ?
etal, [21]
Jamie A. Dean + + - - + + — — —
etal, [22]
Ivo Beetz eta al, + + ? + + + ? 2 2
(23]
Ivo Beetz eta al, + + - + + + - - —
[24]
Khadija Sheikh + + + + + + + + +
etal, [27]
Ben jamin S. + + + + + + + + +
Rosen et al., 2018
Kuo Men et al,, + + + - + + + - +
[25]

" High risk is denoted by "-"; *Low risk is denoted by "+"; *Unclear or ambiguous is denoted by "?"

of data bias, the applicability of these studies is less fre-
quently compromised, thereby indicating a need for more
rigorous methodological scrutiny to enhance the reliabil-
ity and utility of future prediction models.

Discussion

Results of the MA study

In our study, we conducted a comprehensive retrospec-
tive analysis to evaluate Al-based predictive models for
forecasting post-radiation complications like xerostomia
in head and neck cancer patients. Our data revealed sig-
nificant effect sizes of 0.67 and 0.74 for early and late-
stage xerostomia, respectively, with p-values below 0.05,
highlighting the distinctiveness of Al-based models in
this context.

Interestingly, our findings contrast with earlier research
by our team (Lee et al. [17, 18]) and Van Dijk et al. [19]
We observed that incorporating image biomarkers, such
as pre-processed CT data, did not necessarily enhance
predictive accuracy compared to models solely based on
traditional clinical factors and machine learning algo-
rithms. This discrepancy may stem from variations in
dataset composition and algorithmic parameters during
model training and validation.

Further, research by Gabry et al. [16] identified key
features like dosimetric shapes and salivary gland vol-
ume through algorithmic comparisons, reiterating the
significant divergence between Al-based and tradi-
tional clinical models in xerostomia prediction.

However, our study also revealed certain limitations
and challenges. Firstly, the limited scope of databases
for literature search led to incomplete data and insuf-
ficient literature, restricting our ability to perform com-
prehensive meta-analyses and forest plot illustrations.
Secondly, some studies lacked complete data, such as
predictive confidence intervals, which further impacted
our analysis. Just as per any other site, CNS NTCP lit-
erature suffers the same limitations, and no Al has been
successfully implemented as yet [28]. Overall, while our
study made progress in predicting normal tissue com-
plications after radiotherapy for head and neck cancer,
further research and validation are needed. Our find-
ings align with Chulmin Bang’s 2023 literature review,
emphasizing that the clinical application of AI models
still requires more in-depth exploration and validation
[29].
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Performance of the CNN-NLP model, optimizer
optimization, and coverage

In this study, we presented an analysis focusing on the
coverage rate of imbalanced datasets. Despite opti-
mizing the algorithmic parameters, we abstained from
employing data augmentation techniques like oversam-
pling or undersampling to bolster the model’s predictive
accuracy. Our text classification model was conceptu-
alized based on the research framework proposed by
Yujia Bao, MA [3]. It’'s worth noting that this CNN-
based model predominantly relies on abstracts rather
than full texts for analysis. Consequently, the conver-
sion rate of the included literature could be susceptible
to variations in research themes and inclusion criteria,
a limitation also acknowledged in Yujia Bao’s work [3].
Nevertheless, recent advancements in large-scale lan-
guage models such as GPT-3 and GPT-4 have shown
capabilities in recognizing diverse file formats, includ-
ing PDFs [30], and have exhibited remarkable precision
in medical text identification [30, 31]. Progress has also
been made in the realm of deep learning for medical
text analysis, exemplified by CNN-based medical report
retrieval studies [32]. These technological strides open
new avenues for medical text identification, potentially
mitigating the aforementioned limitations. We are cur-
rently exploring the development of models designed
for automated full-text reviews to further enhance the
comprehensiveness and accuracy of literature analyses.

Conclusion

In this study, we employ an integrative approach com-
bining MA and NLP to explore feature factors for
NTCP in head and neck cancer. Our results reject the
null hypothesis Hp, confirming that specific model-
feature combinations yield high predictive accuracy
for identical complications. Utilizing CNNs in NLP, we
streamline the meta-analytical process and introduce a
time-based metric, words per minute (WPM) [33], for
efficiency evaluation. This study underscores the util-
ity of meta-analysis and NLP in clinical research, offer-
ing a methodological advancement for future studies
aiming to optimize predictive models and operational
efficiency.
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