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Abstract

Background: Head and neck cancer (HNC) patients undergoing radiother-
apy (RT) may experience anatomical changes during treatment, which can
compromise the validity of the initial treatment plan, necessitating replanning.
However, ad hoc replanning disrupts clinical workflows and increases workload.
Currently, no standardized method exists to quantify anatomical variation that
necessitates replanning.

Purpose: This project aimed to create geometrical metrics to describe anatom-
ical changes in HNC patients during RT. The usefulness of these metrics was
evaluated by a univariate analysis and through machine learning (ML) models
to predict the need for replanning.

Methods: A cohort of 150 HNC patients treated at McGill University Health
Centre was analyzed. Based on the shapes of the RT structures (body,
PTV, mandible, neck, and submandibular contours), we developed 43 metrics
and automatically calculated them through a Python pipeline that we called
HNGeoNatomyX. Univariate analysis using linear regression was conducted
to obtain the rate of change of each metric. We also obtained the relative
variation of each metric between the pre-treatment and replanning-requested
scans. Fraction-specific ML models (incorporating information available up to
and including the specific fraction) for fractions 5, 10, and 15 were built using
metrics, clinical data, and feature selection techniques. Model performance was
estimated with repeated stratified 5-fold cross-validation resampling technique
and the area under the curve (AUC) of the receiver operating characteristic
(ROC) curve.

Results: Univariate analysis showed that body- and neck-related metrics were
most predictive of replanning need. Our best specific multivariate models for
fractions 5,10,and 15 yielded testing scores of 0.82,0.70,and 0.79, respectively.
Our models early predicted replanning for 76% of the true positives.
Conclusions: The created metrics have the potential to characterize and dis-
tinguish which patients will necessitate RT replanning. They show promise in
guiding clinicians to evaluate RT replanning for HNC patients and stream-
line workflows.
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1 | INTRODUCTION

Worldwide, more than 830 000 people are diagnosed
with Head and Neck Cancer (HNC), and more than
430000 patients die from it each year! Statistically,
around 75% of patients with HNC have been reported to
benefit from RT treatment as a primary or adjuvant treat-
ment option.? However, patients with HNC who undergo
RT may experience acute or late radiation toxicities dur-
ing or after treatment, respectively, including dermatitis,
xerostomia, and mucositis>* These toxicities may be
painful and contribute to local infections and affect nutri-
tion, as patients may have difficulty eating, drinking, and
swallowing.® Consequently, weight loss and anatomical
changes (volumetric or spatial) may occur. Furthermore,
the tumor itself may respond well to radiation and shrink
in size.

Anatomical changes during HNC RT are problematic,
as they can compromise the delivery of the prescribed
treatment dose (i.e., underdosing the tumor volume
or overdosing the organs-at-risk (OARSs)), necessitating
treatment replanning®’ To account for these changes,
HNC patients are usually treated with an offline adap-
tive RT (ART) approach, using image-guided RT (IGRT)
guidelines, which initially involves acquiring a CT sim-
ulation (CT sim) image using an immobilization device
prior to the treatment and defining and outlining the plan-
ning target volume (PTV) and the OARs. Subsequently,
during treatment, for each RT fraction, a pre-treatment
on-board cone beam CT (CBCT) image is typically taken
to confirm patient positioning and anatomy.

An example of the complications that HNC patients
may experience is that, due to the weight loss, the PTV
contour (considered initially) can be invalidated. Addi-
tionally, the thermoplastic treatment mask to immobilize
can become loose. The mask looseness can, in turn,
lead to unwanted movement and positioning difficulties,
causing setup errors during treatment, which can then
affect the delivered doses to many critical structures,
such as the brainstem and spinal cord® These types of
changes can be seen in Figure 1, where a patient scan
is presented over treatment fractions.

At our clinic, roughly 37.8% of HNC patients undergo
RT replanning due to anatomical or dosimetric changes.
According to the literature,” '® 4.5% - 49.3% of HNC
patients require a replan. Figen et al. (2020)° reported
that the most common replanning requests in the clinic
are due to tumor shrinkage and weight loss, accounting
for 71% of the requests.

Despite the widespread need to replan, there is no for-
mal consensus or standardized guidance on when to

replan in HNC RT. For example, Bhide et al. (2010)'4
noted that the parotid glands received an increased
dose by the 4th week of treatment due to their medial
shift, indicating that patients could benefit from replan-
ning before week four. In contrast, Fiorentino A. et al.
(2012)"° suggested that a replan should be indicated by
the 3rd week of treatment to avoid parotid gland over-
dose. Wang et al. (2010)'6 observed that, for patients
with nasopharyngeal HNC, replanning before the 25th
fraction of RT ensures safe doses to OARs. Further-
more, no standard method has been established to
define a threshold amount of mass loss or anatomi-
cal change in the head and neck region that triggers a
replan.'’

Additionally, at the clinic, the planning workflow is
typically complex, and various workloads and eco-
nomic factors'® can cause the replanning process to
be delayed until absolutely necessary.'® Clinical person-
nel,including radiation therapists and medical physicists,
must work together to schedule and perform CT rescan-
ning, recontouring, and replanning effectively°

To address this issue, some studies, such as Brown
et al. (2016),2" have tried to predict the optimal time for
replanning by attempting to identify pre-treatment fac-
tors that influence the replanning decision. Their results
showed that nasopharyngeal cases require replanning
earlier than oropharyngeal cases (3rd and 4th weeks of
treatment, respectively). In the context of the possible
use of artificial intelligence (Al) methods to predict RT
replanning for HNC, a recent study by Chinnery et al.
(2024)'° showed that radiomic and dosimetric infor-
mation from initial CT sim scans has the potential to
aid replanning predictions. However, their model did not
incorporate information on the effect of IMRT on the
patient and did not consider subsequent medical images
after the initiation of treatment.

The lack of a tool that can systematically record and
characterize the anatomical and dosimetric changes
that HNC patients experience during RT makes it difficult
to assess which patients may benefit from replanning
and when. We define the need for replanning as the
time point when image-guided positioning can no longer
ensure adequate coverage of the PTV during treatment.
With this in mind, our study aimed to create metrics that
quantify anatomical changes based on the geometry
of the HN region and examine their predictive values,
in combination with clinical data, for RT replanning in
HNC patients using a machine learning (ML) model.
We surmised that the development of such metrics and
the creation of an automatic pipeline to calculate and
evaluate them could serve as a supportive decision

85U8017 SUOWIWOD A0 (et idde auy Aq peusenob afe ssjoe VO ‘8sn JO SajnJ oy Azeiqi 8uljuO 8|1 UO (SUOTHIPUOD-PUR-SLUBH WD A8 | IMALe1q 1 |BulUO//SdL) SUORIPUOD Pue SWis | 8U1 88S *[9202/T0/TZ] U0 Ariqi]auliuo A8|IM ‘S9¥0/ 2UWIe/200T OT/I0p/woo™ A8 |1m Afeiq puljuo widee//:sdiy woiy papeojumoq ‘T ‘9202 ‘YT66925T



RIOS-IBACACHE ET AL.

JOURNAL OF APPLIED CLINICAL

MEDICAL PHYSICS -2

CT sim-fraction O

Body

CBCT-fraction 11

CBCT-fraction 20

Treatment mask

FIGURE 1

HNC patient’s axial CT sim and CBCT scan slice. The patient was replanned in fraction 20 out of 35 at our institution. Body and

PTV contours over the RT treatment. The mass loss, the mask looseness, and the invalidated PTV contour can be seen. HNC, head and neck
cancer; CBCT, cone beam CT; PTV, planning target volume; RT, radiotherapy.

aid for clinicians over the course of the treatment of
HNC patients.

2 | MATERIALS AND METHODS

2.1 | Patient cohort and study sample
This retrospective study considered patients diagnosed
with HNC or unknown primary tumors in the head
and neck region. These patients were diagnosed and
biopsy-proven with squamous cell carcinoma (SCC) or
adenocarcinoma. Data were collected for a cohort of
381 patients who received or started receiving intensity
modulated RT (IMRT) treatment at the MUHC between
January 1, 2017 and March 31, 2024. Treatment regi-
mens included RT alone or in combination with systemic
therapies, such as chemotherapy and targeted therapy.
The prescribed RT doses in our patient cohort consisted
of 70 Gy in 35 fractions, 60 Gy in 30 fractions, and
66 Gy in 33 fractions to the PTV, with curative intent.
This retrospective study was approved by the Research
Ethics Board (REB) of McGill University Health Centre.
All of the study’s work was conducted in accordance
with REB guidelines.

In our institution, the reason for HNC RT replan-
ning is documented in the electronic medical record,
which includes the selection of checkboxes (change
in target volume, weight loss, change in skin sepa-
ration, alteration in muscle mass and fat, fluid shifts,
change in immobilization device, difficulties in setup,
and other reason), and free text to add more details.
The final decision is then usually discussed, and the
treatment proceeds as decided (to replan or not). We
retrospectively analyzed the reasons provided by either
the radiation oncologist, the radiation technologist, or
the medical physicists to replan. Patients’ inclusion and
exclusion criteria were established based on the num-
ber of CBCT images acquired, the reported reasons

for replanning, and whether or not patients finished
their treatments.

Since anatomical changes have been reported to
occur during the first week of treatment,?? and our insti-
tutional imaging guidelines specify that at least two
CBCTs should be taken per week for IMRT, we defined
an inclusion criterion that each patient was required to
have a CT sim image and at least two CBCT images
taken on two different fractions during treatment. The
replan request fraction had to be within the fraction
range of the first and last CBCT images or corre-
spond to one of them. Furthermore, we excluded cases
where the reported replanning reasons were not related
to the patient’s anatomy. These reasons include holes
that developed in the treatment masks, patients who
did not tolerate the treatment mask, or patients who
were unable to tolerate treatment for psychological rea-
sons. The dataset selection process is summarized in
Figure S-1.

Among the 362 eligible patients, data collected com-
prising 8 years, 37.8% (n = 137) had their RT treatments
replanned, and 62.2% (n = 225) completed their RT
course without replanning. Due to time constraints, a
sample of 75 replanned cases and 75 non-replanned
cases was randomly selected from the eligible patient
cohort to provide a balanced class distribution for the
ML analysis.?®

2.2 | Data collection

CT sim images, taken at the beginning of treatment
planning, and CBCT images, taken over the course of
treatment, were collected from the Treatment Planning
System (TPS), Eclipse v.15 (Varian Medical Systems,
Inc., Palo Alto, CA) and saved in our institution’s server.
For each patient, all the available medical images for
the treatment course were exported from the TPS
as DICOM files, and all RT data were exported as

95UB017 SUOWWIOD 9A 81D 8|qeat|dde sy Ag peusenob a1e Sejoilie O ‘8sN Jo Sajni 1o} AkeiqiauljuQ A8|1A\ UO (SUONIPUOD-pUe-SLLB)/LI0D A8 1M Alelg Ul |uo//Sdny) SUONIPUOD pue SWwis | au) 89S *[9202/T0/T2] uo Akeiqiauliuo A8|IM ‘G9¥0/ ZWIe/Z00T OT/I0p/LL0d" A8 1M Aeld 1 jpul|uo widee//sdny wouy pepeojumod ‘T ‘9202 ‘vT6692ST



JOURNAL OF APPLIED CLINICAL

* | MEDICAL PHYSICS

RIOS-IBACACHE ET AL.

Image registration and contouring
of structures

Body structure preprocessing
(CT sim-CBCT FOV match)

(a) Linear regression analysis and delta
version of metrics

Machine learning analysis

—»| Metrics definition and calculation ]

Univariate statistical analysis

Image registration and body contouring
CT sim body contour

Structures used for the geometrical metrics definition

CT sim body contour

Planning Target Treatment
Volume masl

Neck section

K
y o
AN

CBCT body contours over >
fractions

’ Mandible

N ]

Submandibular
body contour

P

FIGURE 2

(a) shows the workflow describing the steps that were followed for the metrics definition and statistical analysis, beginning with

the image registration process and finishing with the machine learning analysis. (b) shows the generated 3D structures used for our analysis,
including the CT sim and CBCTs body contouring, and geometrical metrics definition.CBCT, cone beam CT; CT sim, CT simulation.

DICOM-RT files. All data were anonymized during the
TPS export.

In our cancer centre, clinicians use questionnaires,
recorded at regular intervals throughout RT treatment,
to collect certain temporally variable clinical informa-
tion for HNC patients. These data include weight, toxicity
grades (e.g., dysphagia, mucositis, xerostomia, dermati-
tis, and laryngeal side effects), Karnofsky performance
status (KPS), hematological test results, and presence
or absence of tube feeding (percutaneous endoscopic
gastrostomy (PEG)). These data were included to allow
a thorough evaluation of the clinical evolution of each
patient over time.

This study also incorporated time-independent clinical
information about the patient, including the status of the
tumor suppressor gene p16 (a surrogate marker for HPV
status?*), smoking or tobacco use history, TNM staging,
overall stage of cancer,and age at the start of treatment.
We included these time-independent variables since
previous research has found HPV-positive patients with
HNC experience significantly more malnutrition and
weight loss when they go under RT treatment.2>26 Like-
wise for cases of smoking history and radiation-induced
dysgeusia.?’

Three-dimensional geometrical information was ana-
lyzed using medical images, RT structures, and patient
body shapes to study the anatomical changes that
occurred during RT treatment (Figure 1). The follow-
ing subsections describe the process of contouring
the external body and the treatment mask, which were
then used to create metrics to characterize anatom-
ical changes. Figure 2 summarizes the workflow of
this study.

2.3 | Image registration and contouring
of structures

For each patient, we registered each of their CBCT
images to their CT sim DICOM image to align with the
RT structures corresponding to the PTV and OARs,
using a rigid registration method. For the replanned
patients, only their pre-replanning CBCTs were regis-
tered. The body contour of each CBCT image was
generated using the commercial contouring application
MIM MAESTRO v7.1.6 (MIM Software Inc., Cleve-
land, OH). To ensure that the body structure was
correctly contoured, each slice was visually exam-
ined. Slices in which the patient’'s imaged anatomy
was partially imaged were not included in the body
contour. The final contoured image was saved in the
DICOM-RT structure set format. Since the goal of
this study was to predict replanning, and consider-
ing that replanning often occurs before the 4th week
of treatment,'*2® the registration process was only
performed for fractions before or including the 25th
fraction.

Although treatment mask looseness is sometimes the
reason for replanning,9 the mask is not included as an
RT structure in clinical practice. To address this, a semi-
automatic 2D contouring algorithm was developed in
Python v3.7 to define the mask structure. The algorithm
receives as input the array of the CT sim image slices,
the index number of the slice to be contoured, the CT sim
body contour (used to calculate the superior and infe-
rior limits), and a threshold value. The output points are
saved in the same coordinate system as the RT struc-
ture set of each patient. The resulting matrix of points
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(a) Flowchart of the treatment mask contouring steps. (b) A diagram describing the CBCT image FOV reconstruction procedure

and the CT sim contour cropping procedure to match the geometrical shape.CBCT, cone beam CT; FOV, field of view.

is stored in the JSON file format. The summarized steps
can be seen in Figure 3a.

2.3.1 | Body structure preprocessing

Since the cone-shaped beam used to acquire a CBCT
image limits its field of view (FOV), portions of a patient’s
anatomy may be missing from the CBCT when com-
pared to the corresponding CT sim image, which has
a much wider FOV. Thus, to ensure consistent anatomy
across fractions for a given patient, a preprocessing step
was applied to reconstruct the CBCT FOV and use it to
crop the CT sim’s contour.

The acquisition isocenter of the first CBCT (frac-
tion 1) was extracted from its DICOM-RT structure Set
file (as previously registered to the CT sim using MIM
MAESTRO). The reconstruction diameter stored in the
CBCT DICOM information was retrieved using the open-
source library pydicom?° to define the outer boundary
and reconstruct the FOV. Next, an algorithm based on
Boolean operations was created to crop the CT sim’s
body contour for each patient. The process can be seen
in Figure 3b. Additionally, since each CBCT image cap-
tures the anatomy for slightly different z-ranges (height),
each body contour was trimmed in the z direction to the
common overlapping z-region across all CBCTs for a
given patient.

2.4 | Metrics to describe patient
anatomy

Based on the 3D shape and the 2D contours of the body
and RT structures (including the PTV and mandible), we
defined a total of 43 quantitative and continuous met-
rics to describe the anatomical changes of the patient
during RT delivery. These changes include those

observed from CT sim to CBCT, as well as between suc-
cessive CBCTs (see Figure 1). We grouped the metrics
into six categories, which are summarized in Table 1 and
detailed in the following subsections.

241 | Body-related metrics

This set of six metrics was based on the body region
covered and the differences between each CBCT body
contour and the corresponding CT sim body contour.
These metrics are labeled with the subscript Body in
Table 1 and are visually shown in Figure S-2.

We defined a volume metric (V,q,) to quantify the
volume enclosed by the body contour. This metric was
calculated on the basis of the total number of voxels
enclosed by the body/external contour multiplied by the
voxel volume (based on the CT sim image resolution:
pixel spacing and slice thickness).

Next, a series of 3D and 2D distances was estab-
lished to measure the change for each fraction rel-
ative to the CT sim. These metrics were inspired
by Bivrio D. et al.(2018)>° who calculated the differ-
ences between body contours in cylindrical coordinates,
and the analysis that physicists and radiation oncolo-
gists perform during clinical evaluation (a slice-by-slice
analysis of images). For the 3D distance CDpg,qy,, We
used the chamfer distance module from the open-
source library point-cloud-utils®' The 3D maximum
distance was calculated by obtaining the maximum
value of the distances between the nearest neigh-
bors of the points in the contour using KDtree from
scipy.3?

To calculate 2D distances, each axial slice of the
contour was analyzed individually. In each slice, the
distance between the points was calculated using the
directed hausdorff module from scipy. The maximum,
mean, and median distances for each CBCT were
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TABLE 1 Metric definitions that were created to analyze the anatomical changes of replanned and non-replanned patients.

Metric Symbol Metric Symbol
(1) Body-related metrics Avg. distance from the mandible to body Mayg
Body volume VBody SD of distances from the mandible to body om
Chamfer or avg. distance (3D) CDpgody

Haussdorff or max. distance (3D) HDgody (5) Neck-related metrics

Max. 2D distance Dpocy Neck volume ViNeck
Median 2D distance DBody Chamfer or avg. neck distance CDpeck
Avg. 2D distance DBody Haussdorff or max. neck distance HDpeck
(2) Treatment mask-related metrics Max. 2D neck distance Dpneck
Max. distance to treatment mask max{Bmask} Median 2D neck distance Dpeck
Avg. distance to treatment mask Binask Avg. 2D neck distance Dneck
SD of distances to treatment mask OB ek Min. 3D neck radius R3D.
Air volume between body and treatment mask ggdy_m_mask Max. 3D neck radius R3D.
(3) PTV-related metrics Avg. 3D neck radius RgVDg
Min. distance from CT sim PTV to CBCT body xPTV Ratio between min. and max. 3D neck radius o3P
Max. distance from CT sim PTV to CBCT body xbTV Avg. cross-sectional neck area AZD
Avg. distance from PTV to body X Neck surface area SANeck
Median distance from PTV to body xPTY Neck compactness Check
SD of the distances from PTV to body xETv (6) Submandibular-related metrics

Volume PTV inner Vipry Submandibular area Asub
Volume PTV outer VOpry Min. 2D submandibular radius Rﬁ#
Volume PTV inner ratio Vipry : LVBogy Max. 2D submandibular radius Rf,’,{,f,’x
Volume PTV outer ratio VOpry : LVpoqy Avg. 2D submandibular radius Rgﬁg
(4) Mandible-related metrics Ratio between RSY> and RSu5, o2,
Min. distance from the mandible to body Min Maximum longitudinal chord Ij“b
Median distance from the mandible to body Med Maximum lateral chord lf“b

Abbreviations: PTV, planning target volume; SD, standard deviation.

determined from the distribution of distances across all
slices for that CBCT.

24.2 | Treatment mask-related metrics

A 3D structure of the treatment mask was generated
using pyvista,33 based on its contour. Next, to track the
looseness of the mask, we created metrics to relate the
treatment mask to the body contour. Four metrics were
defined for this purpose: three based on distances that
were calculated using the KDTree and one volume that
describes the space between the body and the mask,
which was calculated using the same approach as for
VBody- The metrics were labeled with the subscript mask
and are visually represented in Figure S-3.

24.3 | PTV-related metrics

Motivated by Bartosz B. et al. (2022),>* who found that
the extension of the PTV outside the body on CBCTs is
the reason for a high number of replanning decisions,

we defined metrics to describe the location of the PTV
(originally generated on the CT sim image) relative to the
body (Figure 1). These served as indicators of potential
inadequate target coverage during treatment. Five met-
rics were created to describe the distance between the
PTV and the body contour, as well as the portions of the
PTV inside and outside the body.

To determine the portion of the PTV inside and
outside the body, the compute implicit distance and
threshold modules from the pyvista library were used.
These functions divide a 3D structure according to a
surface, allowing the identification of inner and outer
PTV points to calculate the distances. The PTV-related
metrics were labeled with the subscript PTV in Table 1.
The defined PTV-related metrics are visually described
in Figure S-4.

2.4.4 | Mandible-related metrics

Another way to characterize the mass loss that patients
with HNC may experience is to track the distance
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between the body contour and a rigid bone structure
that experiences minor dimensional changes. This type
of bone structure should remain or be fixed in the same
position within the body over the course of treatment.
The mandible is one of these types of bone structure,
and since it was included in the CT sim RT structure
set file for all patients in our cohort, it served as a reli-
able reference point to track mass loss in the face region.
For each patient, distances were calculated between the
mandible and the body contour of the patient. The com-
pute implicit distance and threshold modules from the
pyvista library were again used for this purpose. The
metrics were labeled with the letter and subscript M.

245 | Neck-related metrics

Inspired by studies that have shown that patients under-
going RT experience changes in the dimensions of their
neck regions®>3 our study included the creation of
an algorithm to determine consistent boundaries of the
neck region, as it was not previously explicitly contoured.
The procedure involved the identification of a z, value
from the most inferior slice of the body point cloud that
does not include any shoulder anatomy and is at the
boundary of the FOV cylinder. To consider a consistent
neck region across the CBCTs of an individual patient,
the region was defined at the superior end by the slice
below the mandible and at the inferior end by the most
inferior point determined from the CBCT body contours’
z-values, z,,. To avoid the inclusion of the shoulders, a
three-slice margin was employed above the most infe-
rior point. Metrics were defined to describe the size and
shape of the neck using similar calculation methods
used for the body-related metrics. They are presented
in Table 1 using the subscript Neck.

2.4.6 | Submandibular-related metrics

To develop comprehensive variables that describe
changes in all possible directions and facilitate a thor-
ough analysis, additional 2D metrics related to the
submandibular region were created. The submandibular
region is part of the neck and can experience a high rate
of change during treatment. To calculate these metrics,
the submandibular plane was determined along with the
corresponding body contour points. To distinguish the
metrics, the symbols were labeled with the superscript or
subscript sub, as appropriate. In Figure S-5, the metrics
can be visualized.

To systematically track changes over time using
all defined metrics, an automatic extraction pipeline
(referred to as HNGeoNatomyX) was developed using
the Python v3.7 scripting language. This tool facilitated
the management, extraction, and analysis of all the
metrics described above.

MEDICAL PHYSICS 7=

2.5 | Univariate analysis

Using our automatic metrics extraction pipeline and a
CPU corresponding to an Intel Core Processor (Sky-
lake) with 8 GB of RAM, we analyzed the data of our 150
patients. A univariate statistical analysis was performed
to provide information on the potential predictive power
of each extracted metric and its ability to guide replan-
ning. This type of analysis included a linear regression
and a delta analysis. Linear regression was used to
individually examine the evolution of each metric over
time, while delta analysis was performed to quantify the
anatomical change at the time of the replanning request.

2.5.1 | Linear regression analysis

This analysis involved the calculation of the rate of
change of a given metric to see how it changed
across fractions for each of the two classes of patients:
replanned and non-replanned. Specifically, the rate
of change was obtained from the slope calculation
up to each fraction number. As reported in previous
studies,*’~3° weight loss and decreased neck area over
time were more prominent in replanned patients com-
pared to non-replanned patients. Thus, we hypothesized
that the rate at which the metrics change may provide
useful information.

We generated graphs to visually inspect the lon-
gitudinal data across treatment fractions and show
the metrics’ progression over time. Quantitatively, each
metric was analyzed using the non-parametric Mann—
Whitney U (MWU) test to determine if the distributions
corresponding to the classes replanned versus non-
replanned were statistically different. A Bonferroni cor-
rection was applied to account for the application of
multiple hypothesis tests.*’ Using the definition of the
MWU test, the predictive power of each metric was cal-
culated for the fractions for which the test had p-values
below 0.05,and an average was obtained. The predictive
power was calculated using the AUC value from the U-
statistic for ROC curves*' A 95% confidence interval
(C.l.) was established through bootstrapping with 100
repetitions. The same procedure was used to compare
the results for the weight values (also collected over
time).

2.5.2 | Delta analysis

Relative differences between the metric values at the
time of the CT sim (fraction 0) and a fraction of interest
were also considered in our analysis, since these values
are frequently reported in literature3” These quantities
were referred to as the Delta (A) of each metric and
were defined as Apy = Px=Po “Where Psc is the met-

0
ric’'s value at the fraction of interest (fx) and pg is the
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FIGURE 4 ML pipeline analysis conducted in our research. CV is cross-validation, and GridSearchCV is the hyperparameter tuning
method. StandardScaler: Data scaling or standardization method used. LR: Logistic regression, KNN: KNearestNeighbors, DT: DecisionTree, NB:
NaiveBayes, SVM: Support vector machine, RF: Random forest, ET: ExtraTree, XGB: eXtreme gradient boost classifier, fxs: fractions, fx, certain

fraction of interest.

metric’s value at fraction 0 (CT sim). If the values of
the metric at fraction 0 are zero, the A is instead calcu-
lated using the values of fraction 1. A similar approach
has been employed in other studies, such as Delta
radiomics for outcome prediction.*>*3 Histograms of
the A values, representing the amount of anatomical
change by the time of the replanning request, were gen-
erated to quantify the changes across the replanned
patient sample.

2.6 | ML models to predict if replanning
will be needed

After arranging and collecting the various metrics and
clinical data, including the toxicity grades and patient
weight at each fraction, missing values were identified
and handled. Data were missing when the clinical ques-
tionnaires were not answered at every fraction or when
not all patients had a CBCT taken at every fraction.

To handle missing values for individual patient paths
(time series), three techniques were used: (1) filling the
gap with the previous value in the series (in the case of
toxicity grading), (2) filling the gap using linear interpola-
tion (in the case of anatomical and geometrical metrics),
and (3) filling the gap with the average of the data at a
certain time point of the series. Lastly, categorical data,
including TNM staging, sex, p16 status, smoking history,
type of concomitant therapy, and HNC subsites, were
handled using one-hot encoding. Ordinal encoding was
used to preserve the hierarchy of the labels used for the
overall cancer stage.

Figure 4 presents the pipeline used for the develop-
ment and analysis of ML models. To build ML models as
a prediction tool to identify which patients would likely
need replanning, nine classifiers were evaluated: Logis-
tic regression (LR), KNearestNeighbors (KNN), Decision
Tree (DT), AdaBoost, Naive Bayes (NB), Support vec-
tor machine (SVM), Random forest (RF), ExtraTree (ET),
and eXtreme gradient boost (XGB). Three specific frac-
tion models were built using data up to and including
fraction 5, fraction 10, and fraction 15, correspond-
ing to the first, second, and third weeks of treatment.
We selected these three timepoints since previous
research found that patients experience anatomical
variations from the first week that persist throughout
treatment, with the most noticeable changes occurring
mid-treatment.2244 Additionally, patients may benefit
from replanning before the third week of treatment.*®

To avoid overfitting, we split the data into 70%—30%
training & validation and test (hold-out) sets. Only the
information available up to and including the fraction of
interest was considered. To simulate real-world situa-
tions where the RT fraction at which the patient is being
treated is the one we would like to evaluate, we filtered
the training & validation-testing split to include only the
patients who had a request for replanning at or after the
fraction for which the specific-fraction model is built.

To reduce the impact of data skewness or outliers and
avoid data leakage,*® the StandardScaler method from
scikit-learn was used for data scaling. Feature selec-
tion (FS) was performed using both filter and wrapper
methods, specifically SelectKBest and RFE, respectively.
Since the RFE technique uses a classifier algorithm,
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in our case, we used RandomForest as suggested and
used by Chen et al. (2018),*” Darst et al. (2018),*® and
Wang et al. (2022) 4% All available data (metrics, rate of
change associated-metrics, A associated-metrics, and
clinical information) up to each fraction-specific time
point were used as input for the FS techniques, allowing
the algorithm to freely choose among the absolute num-
ber of features i. The i number was set to the number of
metrics (43) plus the number of clinical characteristics
and toxicities (21), for a total of i = 64 features. A subset
comprising half of the total of inputs (i = 32) was also
tested to explore options with fewer degrees of freedom.
FS techniques were only applied to the training set.

A repeated stratified K-fold cross validation (CV)>°
method was used during the training & validation pro-
cedure to maintain the class proportion using k = 5 with
10 repetitions. The performance of the ML models was
evaluated using accuracy and AUC score. In each CV
loop, performance metrics were obtained, along with
their average, standard deviation, and 95% confidence
interval. A GridSearchCV hyperparameter tuning was
done for the best-scoring models (based on the high-
est average AUC values) to improve performance. After
model selection, the test set was used to estimate the
final performance of the model, using the ROC curve,
AUC, accuracy, and confusion matrix.

3 | Results

3.1 | Study sample

The study sample comprised various sites of diagnosis:
oropharynx (44.7%, N = 67), oral cavity (52.0%, N = 39),
larynx (28.0%, N = 21), nasopharynx (14.7%, N = 11),
sinus (2.0%, N = 3), nasal cavity (1.3%, N = 2), hypophar-
ynx (1.3 %, N = 2), and others (3.33%, N = 4), which
included diagnoses related to the pharynx (N = 1), cer-
vical lymph nodes (N = 1), and malignant neoplasm
without specification of site in the head, face and neck
region (N = 2). This dataset consisted of male (72.0%,
N = 108) and female (28.0%, N = 42) patients who were
treated with total prescribed doses of 70 Gy (83.33%,
N = 100) in 35 fractions, 60 Gy (10.83%, N = 13) in 30
fractions, and 66 Gy (5.83%, N = 7) in 33 fractions to the
PTV, with curative intent.

The treatment regimens included RT alone (34.0%,
N = 51) as well as combined with systemic therapies,
such as chemotherapy (62.0%, N = 93), targeted therapy
(2.0%, N = 3), and immunotherapy (2.0%, N =3).The T
stage patient distribution corresponded to T4 (36.7%, N
=55),T3(26.0%,N=39),T2(18.7%,N=28),T1(14.7%,
N =22),T0 (1.3%, N = 2), TX (2.0%, N = 3), and one
unknown case (0.7%, N = 1). The N stage distribution
was N3 (9.3%, N = 14),N2 (45.3%, N = 68), N1 (16%, N
=24),NO0 (28.7%, N = 43), and unknown cases (0.7%, N
= 1). The M stage distribution was MO0 (92.0%, N = 138),
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M1 (4.7%,N=7),MX (2.0%, N = 3),and unknown cases
(1.3%, N = 2). The characteristics of the patient sample,
separated into replanned and non-replanned patients,
are presented in Table S-1.

In this sample, the average number of CBCT images
taken per patient were: 15 for non-replanned patients
and 8 for replanned patients. The majority of the
reported reasons for replanning were weight loss
(70.7%, N = 53), followed by the PTV being in the
air (10.7%, N = 8), change in skin separation (13.3%,
N = 10), skin reaction or swelling (10.7%, N = 8), mask
looseness (10.7%, N = 8), and change in target vol-
ume (8.0%, N = 6). The most frequent fraction in which
patients had a replanning request was 15, and the
average fraction was 13. While the average number of
delivered fractions was 18. Note that several patients
had more than one reason for replanning recorded in
their charts. The complete distribution of the number
of CBCTs taken, replan request fractions, and the num-
ber of RT fractions delivered of the replanning cohort is
shown in Figure S-6.

3.2 | Univariate analysis

Using our automatic extraction pipeline, all 43 metrics
were calculated for the 150 patients in our study sam-
ple. This took an average of 25 min per patient using
our computational setup. The results of the MWU test,
as applied to the rate of change up to each fraction
for each metric, are presented in Table 2 (fractions at
which p-value<0.05). The average AUC values for the
rate of change in the fractions that showed differences
are also presented, along with the 95% C.I. Additionally,
the amount of change in each metric (using the delta
analysis approach) that replanned patients experienced
at the fraction at which the replanning was requested is
presented with the symbol A. The best univariate results
for each category of metrics (based on the closest AUC
values to 1) are graphically presented in Figure S-3. In
the case of the patient’s rate of weight loss, the dif-
ference between the two groups was not notable until
fraction 18, with an average AUC of 0.67 [0.58-0.75].
See Figure S-7 i.

3.3 | Machine learning analysis

A total of 150 HNC patients were used for the ML
analysis, corresponding to 75 replanned and 75 non-
replanned patients. The split (70%/30%) of the data
into training & validation, and test sets corresponded to
105 patients and 45 patients, respectively. 105 patients
(mean age of 62.9 years, 72 males and 33 females, 76
smokers, and 43 p16 positive) were included for train-
ing and CV, and 45 patients (mean age 63.6 years, 36
males and 9 females, 21 smokers, and 22 p16 positive)
were included in the test set (see Tables S-2 and S-3).
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TABLE 2 Univariate analysis results for each created geometrical metric.

Metric slopes fx avg. AUC A Metric slopes fx avg. AUC A
(1) Body-related metrics Mayg 725 0.72[0.63-0.79] —4.7%
VBody 6 — 25 0.75[0.69-0.83] -3.9% ou ns — 0.8%
CDgody 3,725 0.77 [0.72-0.84] 38.7%

HDpgody 12 - 25 0.73 [0.64-0.80] 12.4% (5) Neck-related metrics

Dgogy 9,13 525 0.75[0.70-0.81] 14.4% Viveok 625 0.74 [0.66-0.80] —-6.1%
Dbogy 925 0.80 [0.74-0.85] 17.9% CDpeck 625 0.78 [0.72-0.83] 62.8%
Dgody 725 0.80 [0.74-0.85] 16.8% HDpeok 2125 0.71[0.63-0.78] 22.6%
(2) Treatment mask-related metrics Dpeck 15,18 —» 25 0.69 [0.61-0.77] 22.3%
max{Bpmask} ns — 7.9% Dneck 14 - 25 0.76 [0.69-0.83] 34.4%
Bmask 425 0.74[0.66-0.81] 30.2% Dneck 14 - 25 0.77 [0.69-0.84] 30.9%
OBy ns — 5.2% R3D 825 0.69[0.63-0.78]  —6.6%
Vo —to-mask 6—25 0.72[0.64-0.79] 26.5% R3x 19 - 25 0.68[0.61-0.76]  —1.0%
(3) PTV-related metrics R3%, 4,625 0.78[0.75-0.84] —4.3%
xPmv 6 — 25 0.77 [0.70-0.82] —204.1% o3P ns — 6.3%
Pethd ns — 1.0% Az 6 - 25 0.75[0.69-0.82]  -5.4%
xE 4,6 > 25 0.76 [0.70-0.84] -12.5% SANeck 625 0.69 [0.64-0.75] —0.7%
xbry 6 — 25 0.76 [0.68-0.83] -15.5% Check ns — 13.2%
xBIv ns — 2.2% (6) Submandibular-related metrics

Vipry ns — -8.0% Asub 3525 0.75[0.70-0.81] —-5.2%
VOpry 425 0.70 [0.63-0.77] — Rsub 6 — 8,10 » 25 0.68 [0.61-0.77] —-6.0%
Vipry 1 LVgogy 1,3,8 25  0.79[0.73-0.85] 326.0% Rsub. 16 - 25 0.67 [0.59-0.75] —-0.6%
VOpry : LVgoy 425 0.69 [0.62-0.76] — RS 6 - 25 0.75 [0.68-0.81] —2.6%
(4) Mandible-related metrics ¢,2:£ub 18 - 19 0.65[0.58-0.73] 6.4%
Momin 925 0.67 [0.60-0.75] —24.8% I5ub 6,8 - 25 0.70 [0.63-0.77] -1.6%
Mimed 10 - 25 0.71[0.61-0.79] -3.6% [Sub 6-10,13-25  0.68[0.61-0.75] -2.8%

Where the ‘slopes fx’ (with fx: fraction) columns indicate the fractions over which the results of the MWU tests applied to the slope calculations of the metrics were
statistically significantly different (p-value<0.05) for the replanned and non-replanned populations. ns: no significant results (p-value>0.05). The — symbol indicates a
range of fractions from a starting point to an ending point. The ‘avg. AUC’ is the average AUC for these selected fractions AUC, along with its 95% confidence interval.

Models were built for three specific fractions (5, 10,
and 15) to see if the metrics have the potential to pre-
dict the need for replanning using all the available data
up to and including (but not after) the specified frac-
tion. The models were tested using n = 40, n = 36,
and n = 32 patients, respectively. The results are pre-
sented in Figure 5. Fraction 15-ML showed the lowest
false positive and false negative cases. For more details
about each model (including selected geometrical met-
rics by the FS techniques, the training performance of
the models, and the selected hyperparameters for the
best model after the GridSearchCV tuning process), see
Tables S-4,S-5,S-6,and S-7 and Figures S-9, S-10,and
S-11.

4 | Discussion
Several authors have attempted to identify metrics that

may influence RT replanning decisions in HNC patients.
They focused on information available before treatment,

such as TNM stage, overall cancer stage, and demo-
graphic information. According to Nuyts et al. (2024),
Hu et al. (2018), and Chen et al. (2014),°'-3 replanned
patients typically had, at the beginning of treatment,
larger values in body weight, tumor volumes, and parotid
gland volumes. However, no definitive method has been
established to determine metrics related to the amount
of weight loss or anatomical change in the HN region
that requires replanning. Therefore, a tool that facilitates
the identification of patients who would likely benefit
from replanning would be very useful in the clinic.

In this research study, we developed a series of 43
metrics related to patients’ 3D and 2D geometrical
shapes to describe the anatomical variation experi-
enced by HNC patients during RT. Our work included
the creation of an extraction tool called HNGeoNato-
myX that enables efficient assessment across fractions.
The univariate and ML results presented demonstrate
that these metrics can describe the anatomical evolu-
tion of replanned and non-replanned patients, showing
their potential to differentiate between the two groups.
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FIGURE 5 Fraction-specific model results. At the top are the ROC curves of the best model based on the training/validation CV results. At

the bottom row, the confusion matrix results from the test set evaluation are shown. ET: ExtraTree Classifier and SVM: Support Vector Machine,
with a sigmoid kernel. R stands for replanned and NR for non-replanned. CV, cross validation; ROC, receiver operating characteristic.

Furthermore, the definition of the metrics, along with
the HNGeoNatomyX pipeline, will facilitate a potential
analysis of A% values that may help create a standard
guideline or criteria for replanning evaluation, such as
the ones proposed by Weppler et al. (2018)°* and Bak
et al. (2022).3* Thus, statistical approaches based on
ROC curves or histograms of the metric variation may
be a good approach for establishing clinical threshold
values.®®

Our results show the potential of early prediction
based on the ability of the created metrics to describe
the differences between the two classes. By comparing
just the rate of change of the metrics, the null hypothesis
test gave promising results starting with fractions 4 and
7, with p-value <0.05, which remained statistically signif-
icant for further fractions. These results corresponded to
the first week of treatment.

Additionally, the incorporation of the metrics in an
ML model analysis showed promising results in predict-
ing whether replanning is needed, which could facilitate
the RT treatment workflow for HNC patients. These
models offer the potential to help clinical personnel
determine as early as possible which patients will likely
need treatment replanning, allowing timely intervention
and improved workflow efficiency, and different models
can be applied at each treatment fraction, incorporating
the information available up to and including that frac-
tion. The type of metrics selected by the automatic FS

techniques (see Tables D, E, and F) included expected
metrics with high predictive power of neck, mask, and
PTV distance-related changes. Due to their high AUC
in the univariate anaysis, we expected to find after the
FS technique in our ML models the following metrics:
Dgody: CDNeck» Bmask, and Agy, (which were meant to
quantify the mass loss) and Vipry : LVp,, (related to
PTV position with respect to the body). As shown in
Tables D, E, and F, almost all of them were selected, with
the exception of Dgody; however, Dgoq, Was selected,
which also has a high AUC. Additionally, Bk, Asubs
and Vipry : LV, were selected for the three specific
ML fraction models, indicating that the created metrics
appeared to be clinically relevant for the ML.

To the best of our knowledge, no other studies
have done an ML analysis to predict RT replanning
based on clinical data and geometrical metrics of the
patient’s shape over time. Given that our methodology
includes information that radiation oncologists are famil-
iar with in the clinic, the replanning prediction can be
used for double verification. However, further analysis is
still needed.

Since only geometrical metrics were selected by the
FS techniques, and given that in our study sample,
many patients’ cancer subsites are located superior
to the oropharynx (oral cavity, nasopharynx, nasal
cavity, and sinus), incorporating additional metrics to
describe only these subsites’ changes could improve the
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quantification of mass loss. Furthermore, our study
would benefit from evaluating metrics and ML mod-
els across different patient subgroups, such as HNC
subsites, and by examining the differences between sur-
gical cases (pre- and postoperative), as this distinction
was not made in our current study due to information
availability; however, it might also serve as a predictor.®®

Regarding clinical implementation, once the models
can be trained on a larger dataset and tested in an
external cohort, this tool may potentially be integrated
into treatment planning software to support decisions
for RT treatment replanning. Including the automatic
extraction pipeline in such software may help track
important features and statistics over time, contributing
to a standardized replan decision. Currently, this deci-
sion depends on individual radiation oncologists’ and
medical physicists’ judgments, leading to larger varia-
tions in the decision. We hope that the development of
ML models, such as the ones we developed for three
specific time points, could predict and track changes
over IMRT fractions. In the long term, we envision an
automated workflow that would apply the appropriate
model at the appropriate time.

Additional metrics, including OARs, can be further
examined. This includes the movement of the parotid
glands, as it has been shown that their spatial orientation
appears to shift during treatment.!” However, the con-
touring process of the parotid glands in each CBCT scan
is currently time-consuming. To our knowledge, no auto-
matic contouring tool in CBCTs exists yet. Furthermore,
the inclusion of a metric to describe positional errors or
mismatched spinal cord can also be analyzed.’” Addi-
tionally, we acknowledge that the inclusion of dosimetric
metrics would improve the clinical relevance of our ML
model; however, since our goal was to ascertain if our
geometrical metrics would potentially predict replanning,
we did not include them in this study. However, doing so
would be a valuable future extension of this work.

We acknowledge some limitations in our study. One of
the main limitations is that some non-replanned patients
considered in our study may have actually needed
to be replanned, but they were not due to undocu-
mented logistical reasons, such as consideration of the
number of remaining fractions. Some of these cases
might be reflected in the false positive cases shown in
the confusion matrix. To overcome this type of limita-
tion, a comprehensive analysis of the patients initially
labeled as non-replanned needs to be reassessed. This
could be done on a case-by-case basis and/or using
clustering techniques.

Another limitation worth mentioning is that the metrics
were extracted for all the fractions available simultane-
ously, which affects the body contour-cutting process to
match the height of the bodies. Although this is cor-
rect for comparing the same region, to improve the input
for ML models in a real-life scenario, this step should
consider the contours up to the fraction to which the

specific model corresponds. Another point to discuss is
that, despite the efforts to avoid overfitting by performing
a hold-out method, cross-validation, data standardiza-
tion, and feature selection techniques, many created
geometrical metrics may be colinear, which could lead
to potential overfitting. This may be avoided in a future
study by using Principal Component Analysis.>®

Finally, it is important to mention that currently our
models might not be generalizable since, even though
our study sample covered a wide range of HNC sub-
sites, it did not have significant samples for certain cases
(salivary glands, nasal cavity, and hypopharynx), which
might not be enough to provide confident results. How-
ever, with our developed and tested workflow and our
code available under an open-source license, an analy-
sis with a large, and ideally multicentre dataset, should
be possible.

5 | CONCLUSIONS

We defined a number of geometrical metrics that
describe the anatomical changes experienced by HNC
patients during RT and demonstrated that they can be
used to characterize and distinguish patients who will
and will not require replanning, building an ML model.
Our automatic metric calculation pipeline (HNGeoNato-
myX) and associated ML models offer the potential to
help streamline HNC patient resource management and
clinical workflow in RT.
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