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Background and purpose: A novel method was developed to detect body surface changes on daily cone-beam
computed tomography (CBCT) and estimate the impact on proton plan quality for pediatric patients.

Materials and methods: Simulation CT, daily CBCT, and repeat CT images were collected for 21 pediatric non-
central nervous system (CNS) patients. Changes in the body surface in the proton beam path (ASurfacecpcr)
were calculated for each spot by comparing simulation CT with daily CBCT. Subsequently, changes in water
equivalent path length (WEPL) (AWEPLgynthetic cr) Were calculated for each spot by comparing the simulation CT
with the synthetic CT converted from daily CBCT. The ground truth surface (ASurfacerepear cr) and WEPL
changes (AWEPLRgepeat ct) Were calculated by comparing the simulation CT with the repeat CT taken on the same
day as the CBCT.

Results: The root-mean-square (RMS) error between the ASurfacecgc and ASurfacegepeat cr was 1.3 mm, while
the RMS error between AWEPLgynthetic cr and AWEPLgepear cr Was 1.6 mm. A strong linear correlation was
determined between ASurfacecgcr and AWEPLgynthetic cT (R? = 0.97). The non-linear regression analysis of the
dose volume parameters indicated that a 5 % decrease in clinical target volume (CTV) Dy, and Dggo, was caused
by 3.9 mm and 6.3 mm of ASurfacecgcr, and 4.0 mm and 6.6 mm of AWEPLgynthetic cT, respectively.
Conclusions: The findings revealed that a 5 mm change in body surface can lead to a significant degradation of

plan quality, reducing CTV Dpi, by 11.7 % and underscoring the need for adapting treatment plan.

1. Introduction

Proton therapy has advantages in cancer treatment, mainly due to its
ability to precisely deliver prescribed doses to tumors. These advantages
have led to the wide acceptance of proton therapy for the treatment of
various cancers [1,2], with promising results in pediatric cancer treat-
ment [3-5]. In pediatric patients, the unique physical properties of
protons allow for reduced radiation exposure to healthy tissues, which is
critical for minimizing long-term side effects such as growth impair-
ment, neurocognitive deficits, and secondary cancers [5]. This makes
proton therapy an invaluable modality in pediatric oncology, where
tissue sparing and precision are paramount.

Although proton therapy improves dose sparing to the neighboring
healthy tissues with its physical properties, it also makes the dose de-
livery sensitive to the anatomical changes in patients. Consequently,

adaptive proton therapy (APT) has been actively investigated to mitigate
the anatomical changes [6-8]. In the APT framework, anatomical vari-
ations, such as weight gain/loss, fluid collection, drainage, or tumor
regression/progression are detected using cone-beam computed to-
mography (CBCT) [9,10] or in-room CT [7], and the original proton
treatment plan is adapted or new treatment plans are created, to achieve
the clinical goals based on the daily anatomical changes. The APT has
successfully restored the originally planned dose by accounting for
anatomical variations that necessitated the adaptive plan [11-14].
Most studies suggested that the initial plan should be re-evaluated
during the course of treatment, typically around week #3 or #4 [14].
Body contour deviation, patient position variations, patient weight
changes, and deviations in dose parameters for the target volumes could
serve as evaluation criteria [13]. Some studies used machine learning
approaches to predict anatomical changes [15] or daily images from
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simulation CT images [16,17] to determine the optimal replanning time
or create multiple treatment plans before delivery. However, there is no
consensus in quantitative metrics to trigger adaptive workflow [8,18].

In the clinical practice of APT, the evaluation of dose-volume pa-
rameters on repeat CT image is commonly used to determine the impact
[8]. However, this approach raises concerns, as repeated CT scans may
increase the risk of secondary cancer in pediatric patients [19,20].
Additionally, it involves multiple steps, including image data transfer
and image registration [21]. Additional artifact correction [22-24] or
image synthesis steps [25-28] are required when CBCTs are used for the
recalculation of treatment plans.

In this context, the body contour could be used as an indicator of
daily tissue discrepancies, which is closely related to changes in the dose
distribution in proton therapy for pediatric cancer treatment [14,29]
and can be detected from the field of view (FOV) of the daily images. In
adaptive photon therapy, it has been shown that body contour de-
viations larger than 1 cm changes could be used as a criterion to trigger
the adaptation workflow [13,30].

The aim of this study was to develop an automated workflow for
assessing daily variations in the patient’s body surface along the proton
beam path using CBCT images of non-central nervous system (CNS)
pediatric patients. Additionally, the study aimed to evaluate the rela-
tionship between body surface changes and water equivalent path
length (WEPL) variations for individual proton spots and to investigate
the impact of these variations on plan quality and dose-volume
parameters.

2. Materials and methods
2.1. Patient data

Simulation CT, daily CBCT, repeat CT images, and treatment plan-
ning datasets—including treatment plans and structure sets—were
collected from 21 non-CNS pediatric patients who underwent pencil
beam scanning proton therapy. Among these cases, 14 were from a
prospective clinical trial (NCT04125095) [31] and 7 were from a
retrospective study approved by the Institutional Review Board (IRB).
The patient characteristics of the collected data were summarized in
Table 1.

Simulation CTs were the initial CT scans of each patient used in
proton treatment plan using the treatment planning system (TPS),
Eclipse version 16 (Varian Medical Systems, Palo Alto, CA). The
collected proton treatment plans comprised of 21 plans including pelvis
(n = 16), abdomen (n = 1), thorax (n = 2), extremity (n = 2) sites, and
44 treatment fields. Daily CBCTs were used as image guided radio-
therapy (IGRT) purposes obtained for each treatment fraction of the
patient setup.

Repeat CTs were acquired during the course of treatment for the
purpose of replanning or boost treatment planning. New targets were
delineated in the repeat CTs by attending physicians. Daily CBCTs were
selected on the same day as the repeat CTs, which served as the ground
truth for the validation in this study.

2.2. Spot-based surface calculation

The proposed methods utilized simulation CT images, structure sets,
proton treatment plans, and CBCT images as inputs to calculate the
surface changes (ASurfacecpcr) in the proton beam path. During IGRT,
the CBCT FOV was guided to ensure that the proton beam path remained
within FOV boundaries. During treatment planning, representative
beam path structures were created based on 20 % isodose lines to sup-
port daily IGRT procedures. This ensures that the CBCT FOV includes the
beam path structure to verify possible tissue discrepancies in the beam
path.

An automated MIM workflow (MIM Software Inc., Beachwood, OH)
was outlined in Fig. 1 for the surface change method. In Fig. 1a, the
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couch was initially removed, and the body contours were delineated
from both the simulation CT and CBCT images using the thresholding
method (threshold > —600HU). As a validation, a series of CT and CBCT
images from various regions of an anthropomorphic phantom were ac-
quired. External body contours were delineated in both image modal-
ities using an image thresholding tool. It was found that a threshold of
>—600 HU accurately represented the body contours in both modalities,
with no discernable differences.

The CBCTs were then registered to the simulation CTs using rigid
registration based on bony anatomy alignment. In Fig. 1b, the inter-
section of each proton beam with the simulation and CBCT body surfaces
were calculated in an in-house algorithm using MATLAB version 2021a
(The MathWorks, Inc., Natick, MA) as a MIM extension based on a
MATLAB library [32]. Spot positions, treatment isocenter, gantry and
couch angles were obtained from the proton treatment plan (RTPLAN).
The intersection point vectors were calculated for both simulation CT
and CBCT. Then, the distance between simulation CT and CBCT was
computed to determine the ASurface for each proton spot. The median
ASurface was chosen to represent the overall changes in the body sur-
face per treatment field. The positive ASurface signified an increase in
patient volume (tissue gain), while a negative ASurface denoted a
reduction (tissue loss).

2.3. Spot-based WEPL calculation

WEPL is defined as the equivalent thickness of water that would
cause the same energy loss for a proton as it experiences while traversing
a given material. It is commonly used in proton therapy to quantify the
effective path length of protons through various tissues based on their
relative stopping power (RLSP) [24,33-35]. In this investigation, WEPL
was determined for each individual proton spot in a granular level
instead of basing calculations on the 2D projection of the target volumes
[33-35], as shown in Fig. lc. This approach prioritized precisely
tracking the trajectory of the proton beam itself, while the 2D projection
method might dilute the impact of tissue heterogeneity on uncertainties
in calculated dose values.

The WEPL for each spot was calculated using Eq. (1), where i denotes
the proton spot, dl is the travel length of the proton per voxel (v)
calculated by Siddon’s method [36], RLSP(v) is the relative stopping
power of voxel v. The integration was performed from the proton beam
entrance (I = 0) to the distal edge of the target volume (I = d).

WEPL(i) = | RLSP(v)dl (€Y

For WEPL calculations, diagnostic CT quality images and a calibra-
tion curve are required to convert the Hounsfield Unit (HU) on CT im-
ages to the RLSP of protons. Therefore, synthetic CTs were generated
from CBCTs (the same day of repeat CT) using a hybrid synthetic CT
method [28]. The method combined deformable image registration and
cycleGAN to minimize uncertainties in synthetic CT generation. The
stoichiometric calibration curve [37], mapping HU to RLSP, was
extracted from the Eclipse TPS.

The WEPL was calculated from the simulation CT (AWEPLgjmulation
cr) and the synthetic CT (AWEPLgynthetic cr) for each treatment field
using the spot-based method through the distal edge of the clinical target
volume (CTV). The new target volumes for the synthetic CTs were
rigidly transferred from the repeat CTs. The median of their differences
(WEPLsynthetic ¢t — WEPLgimulation cT) Was used to represent WEPL
changes (AWEPLgynthetic c1) for each treatment field. A positive AWEPL
indicated an increase in patient volume (tissue gain), while a negative
AWEPL denoted a decrease in patient volume (tissue loss), which is
similar to the rationale in ASurfacecgcr implementation. The mean and
standard deviation (SD) were also calculated for ASurface and AWEPL
values across all patients.
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Summary of patient characteristics. Abbreviations: RL. Right Lateral, LL. Left Lateral, LPO. Left Posterior Oblique, RPO. Right Posterior Oblique, RAO. Right Anterior
Oblique, LAO. Left Anterior Oblique, PA. Posterior-Anterior, AP. Anterior-Posterior, F. Female, M. Male.

Patient number Diagnosis Age (Years) Sex Disease Site Beam Arrangements Prescription Plan Robustness (setup/range)
(GyRBE) x Fraction
1 Rhabdomyosarcoma 1 M Prostate RL, LL 1.8 x 20 3 mm/3%
2 Rhabdomyosarcoma 1 M Bladder/Prostate LPO, RPO 1.8 x 20 3 mm/3%
3 Rhabdomyosarcoma 2 M Liver RAO, RL, RPO 1.8 x 20 5 mm/5%
4 Hepatoblastoma 2 F Thorax LPO, RPO 1.8 x 20 3 mm/5%
5 Rhabdomyosarcoma 2 F Pelvis PA, RPO 1.8 x 20 5 mm/5%
6 Fibrosarcoma 2 M Right hip AP, RL 1.8 x 25 3 mm/3%
7 Rhabdomyosarcoma 7 M Right pelvis RL, PA 1.8 x 23 3 mm/3%
8 Rhabdomyosarcoma 7 M Bladder/Prostate LPO, RPO, AP 1.8 x 20 3 mm/3%
9 Rhabdomyosarcoma 8 F Right arm AP, PA 1.8 x 20 3 mm/3%
10 Ewing’s Sarcoma 10 F Sacrum LPO, RPO 1.8 x 25 3 mm/3%
11 Ewing’s Sarcoma 14 M Pelvis PA, RL 1.8 x 25 3 mm/3%
12 Rhabdomyosarcoma 14 M Prostate LAO, LPO 1.8 x 20 3 mm/3%
13 Ewing’s Sarcoma 15 F Left pelvis PA, LAO 1.8 x 25 3 mm/3%
14 Ewing’s Sarcoma 16 M Sacrum RL, LL 1.8 x 25 3 mm/3%
15 Rhabdomyosarcoma 16 M Prostate LPO, RPO 1.8 x 20 3 mm/3%
16 Rhabdomyosarcoma 17 F Perineum LPO, RPO 1.8 x 20 3 mm/3%
17 Ewing’s Sarcoma 18 M Right pelvis RAO, PA 1.8 x 28 5 mm/5%
18 Ewing’s Sarcoma 19 M Thorax RAO, RPO 1.8 x 25 3 mm/3%
19 Carcinoma 20 F Right thigh AP, PA 1.8 x 31 5 mm/3%
20 Rhabdomyosarcoma 20 M Prostate RL, LL 1.8 x 20 3 mm/3%
21 Sarcoma 23 M Left pelvis PA, LL 1.8 x 31 3 mm/3%
A relationship between the ASurfacecgct and AWEPLgyythetic cT Was 3. Results

determined using the linear regression method. The AWEPLgynthetic cT
can therefore be estimated from the ASurfacecpcr using this linear
association.

2.4. Dose calculation and analysis

The proton convolution superposition (PCS) algorithm in Varian E-
clipse (v16.1) that was used in the original plan optimization was
employed to recalculate dose on synthetic CT to evaluate changes in
minimum dose to the CTV (ADyin Synthetic ct) and the dose received by
99 % of the CTV (ADggg; synthetic cT)- The negative correlation between
ADmin Synthetic cT and ADggy, synthetic cT With respect to AWEPLgynhetic cT
was analyzed using a non-linear regression technique, which is a
mathematical modeling performed to calculate the coefficients a, b, and
c of the power function (y = a x X ¢). The function was selected based
on the observed exponential decrease in dose-volume parameters ADpy
and ADggy, with the linear variation in WEPL (AWEPL). In this function,
y represents dose degradations for ADpin synthetic cr and ADggo, synthetic CT
and x corresponds to AWEPLgythetic CT-

2.5. Validation strategies

ASurfacecgcr and AWEPLgypthetic cT were introduced as two surro-
gate methods for assessing anatomical changes on the patient’s body
surface. The repeat CT was deemed representative of the patient’s true
anatomy. Consequently, changes in the patient’s surface changes
(ASurfacepepear cr) and WEPL differences (AWEPLgepear cT) Were
measured using the repeat CT anatomy to confirm findings from CBCT
and synthetic CT images. The validations were carried out by calculating
root-mean-square (RMS) error and a two-sample Kolmogorov-Smirnov
(KS) test between ASurfacecgcr and ASurfacerepear c1, and as well as
between AWEPLgyythetic cr and AWEPLgepea: cr- These statistical ana-
lyses assessed the statistical similarity between the results obtained from
repeat CT and those from CBCT and synthetic CT images. Additionally,
the initially planned dose distributions were recalculated on the repeat
CTs as verification plans using PCS algorithm in Varian Eclipse (v16.1)
to determine the ground truth dose volume parameters, namely ADp;,
Repeat CT> and ADggo, Repeat CT-

3.1. Validation procedure

Spot-based body surface changes on CBCT anatomy (ASurfacecpcr)
and WEPL differences in synthetic CT (AWEPLgyythetic ct) Were indi-
vidually validated against repeat CT anatomy for each ground truth
method (ASurfacegepear cr and AWEPLRepear c1) as shown in Fig. 2. The
linear regression technique revealed the strong correlations of R? = 0.84
and R? = 0.86 for the determinations of ASurface in Fig. 2a and AWEPL
in Fig. 2b, respectively. The RMS error between ASurfacecpcr and
ASurfacegepeat cr Was found to be 1.3 mm, while the RMS error between
AWEPLgynthetic cr and AWEPLgepear ¢t Was 1.6 mm. These findings
bolstered confidence in the accuracy of the methods relative to the true
anatomy as depicted by repeat CT. Furthermore, the two-sample Kol-
mogorov-Smirnov test showed no statistically significant differences
between ASurfacecpcr and ASurfacerepear cr as well as between
AWEPLgynthetic cr and AWEPLRepear ¢, With high p-values of 0.99 and
0.60, respectively.

In Fig. 3a, ASurface was evaluated against AWEPL for repeat CT
relative to simulation CT, demonstrating an excellent agreement (R? =
0.97) between ASurface and AWEPL methods. Similarly, as depicted in
Fig. 3b, ASurfacecgcr was compared with AWEPLgynthetic cT against
simulation CT, confirming a high correlation (R? = 0.97) between these
methods. The comparison between ASurfacecgcr and AWEPLgepeat cT
also showed a strong linear correlation R%= 0.84), as shown in Fig. 3c.

3.2. Dose distribution analysis

Table 2 summarized the results of ASurfacecpcr, ASurfacegepeat ct»
AWEPLsynthetic cT, and AWEPLRepeat cr for each of 44 treatment fields,
and also dose volume parameters for all 21 patients.

The mean and SD values, calculated across all patients, were 2.4 mm
+ 2.1 mm for ASurfacecpcr and 2.3 mm + 1.8 mm for ASurfacegepeat cT-
Similarly, AWEPLgynthetic cr had a mean and SD of 2.9 mm #+ 2.4 mm,
while AWEPLgepeat cr Was 2.5 mm + 1.9 mm.

The dose volume parameters of ADp;, and ADggy, representing the
drop in CTV target coverage calculated as a difference from simulation
CT to repeat CT and synthetic CT images in verification plans revealed
the impact of daily WEPL variations in the daily plan quality. The CTV
ADpin Repeat cr had mean and SD coverage decline of 13.6 % +28 %,
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Fig. 1. (a) Workflow illustrates the input of simulation CT, proton treatment planning datasets, and CBCT. Preprocessing includes removal of the treatment couch
from CBCT and delineation of the body surface contour, followed by a registration of simulation CT and CBCT using rigid registration. (b) Illustration of the spot-
based surface change calculation method (ASurfacecpcr). (c) Illustration of the spot-based WEPL calculation method (AWEPLsynthetic cr)-

while CTV ADpjin Synthetic cr had mean and SD coverage reduction of
15.9 % £27.5 %. Similarly, CTV ADggy; Rrepeat cT had a mean coverage
loss of 7.8 % 4-20.8 %, whereas CTV ADggy, synthetic cr had mean and SD
coverage decrease of 4.3 % +8.7 %.

The largest changes of ASurface (ASurfacepepear cr = 9.1 mm and
ASurfacecgcr = 8.3 mm) and AWEPL (AWEPLRepeat cr = 9.0 mm and
AWEPLsynthetic cr = 8.9 mm) were observed for patient #17 and field
#1. These changes accounted for 89.3 % decline in CTV ADpj, when
recalculated in verification plans of both repeat CT and synthetic CT.

In seeking a mathematical relationship between AWEPL and dose
volume parameters, strong correlations emerged between these two
variables, which were formulated using a power law relationship and
established through non-linear regression, as shown in Fig. 4a-d. High
R? values, used as a variable for goodness of fit enabled the model to
accurately predict dose volume parameters or the decline in target
coverage based on AWEPL deviations within the data range used to
generate the model. Strong correlations were observed between
AWEPLgepeat cr and CTV ADpin gepeat cr (RZ = 0.90) as well as

AWEPLRepeat cr and CTV ADggy, Repeat CT (R2 = 0.88), as shown in Fig. 4a
and b, respectively. Similarity, as presented in Fig. 4c and d, robust
correlations were also demonstrated between AWEPLsynhetic cr and CTV
ADmin Synthetic CT ®R? = 0.84), and between AWEPLsynthetic cr and CTV
ADogo9, Synthetic CT (R? = 0.89). The non-linear regression analysis
revealed that a 5 % decrease in CTV Dy, and Dogy, was caused by 4.0
mm and 6.6 mm in AWEPLsynthetic cr and 3.4 mm and 6.9 mm in
AWEPLRgepear c1, respectively. The relationship also indicated that a
decrease of >2.5 % occurred in CTV Dp,;; when AWEPL exceeded 3 mm
on both repeat CT and synthetic CT images.

Owing to the linear relationship established between AWEPL and
ASurface in Fig. 3, dose-volume parameter variations can be estimated
from ASurface. Non-linear regression revealed strong power law re-
lationships between ASurface and dose-volume parameters, as shown in
Fig. 4e-h. Strong correlations were observed between ASurfacegepeat cT
and CTV ADpn Repeat CT (R?=0.91) as well as ASurfacerepeat cr and CTV
ADog99, Repeat CT (R? = 0.89), as shown in Fig. 4e and f, respectively.
Fig. 4g and h demonstrated robust correlation between ASurfacecpcr
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Fig. 3. Comparisons of ASurface vs. AWEPL for (a), ASurfacerepeat cr VS. AWEPLgepear cr and (b) ASurfacecpcr vs. AWEPLgynthetic cr» (€) A comparison of

ASurfacecpcr vs. AWEPLgepeat c1-

and CTV ADyn synthetic CT (R? = 0.87) and between ASurfacegpcr and
CTV ADg99 synthetic CT (R? = 0.79). The trend analysis showed that a 5 %
decrease in CTV Dpj, and Dgg was caused by 3.9 mm and 6.3 mm in
ASurfacecpcr and 3.2 mm and 5.9 mm in ASurfacegepear cr respectively.
The relationship also indicated that a decrease of > 3.5 % occurred in
CTV Dpin when ASurface exceeded 3.5 mm on both repeat CT and
synthetic CT images.

4. Discussion

Daily tissue discrepancies can serve as anatomical markers which
assist clinicians to predict the impact on the daily plan quality. Several
studies highlighted the use of Dggy, Dggy, and Dpip as critical parame-
ters for assessing the quality of proton therapy plans [9,10,12,30,34].
Consequently, estimating dose volume parameters from ASurface and
AWEPL streamlines the decision-making process in adaptive proton
therapy. The proposed method estimates the consequences on the dose
distribution directly from daily CBCT images without requiring
diagnostic-quality imaging or additional processing steps such as data
transfer, image correction, synthetic CT generation [25,26,38-40], or
deformable image registration [26,41,42]. These steps are typically
required for dosimetric evaluation in repeated imaging, a common
practice in adaptive proton therapy [8]. In the proposed methods,
AWEPL was evaluated for each proton spot and estimated the impact on
the dose coverage of the CTV. Existing studies analyzed AWEPL from the
2D projection of the CTV by means of validating the image quality of

scatter-corrected CBCT [43], and synthetic CT generated from CBCT
[28,44]. However, these studies have not focused on monitoring inter-
fractional tissue changes and their association with changes in the dose
distribution in proton therapy.

The proposed methods effectively detected external body surface
changes using a novel spot-based body surface change calculation and
helped assess their impact on dose distributions. However, the method
cannot detect internal density changes, which led to the outliers
observed in Fig. 3. As one of the outliers, a patient exhibited significant
AWEPL due to heart volume changes on the simulation CT, repeat CT,
and CBCT, which introduced, despite only minor deviation in ASurface.
Therefore, the proposed methods may not accurately estimate dosi-
metric consequences for the disease sites affected by internal organ
motion [45] or density changes (e.g., bowel gas) [35,46]. Further
investigation is needed to incorporate the internal density changes into
the methods to improve the plan robustness, as the robustness depends
on various factors such as the size and depth of the target, heterogeneity
along the beam path, and the field margin for spot placements.

Accurate representation of body contours in both CT and daily CBCT
is crucial for this approach. Due to image noise in CBCTs, image
thresholding tools should be used carefully, with visual inspections to
ensure accuracy. A similar phantom validation, as described in Section
2.2, could be performed for the same anatomy in both CT and CBCT
images. However, a limitation of this study is that the surface change
and WEPL methods were not designed for images with artifacts, such as
metal implants or beam hardening, in the beam path.
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Table 2
Summary of ASurface, AWEPL, and dose volume parameters of target volumes.

Patient Field CBCT/Synthetic CT — Simulation Repeat CT - Simulation CT (mm) Verification Plans for CTV Dy, Verification Plans for CTV Dggo,
number number CT (mm) (%) (%)
ASurfacecger  AWEPLgynthetic ASurfacegepeat AWEPLgepeat Simulation CT / Repeat CT / Simulation CT /Repeat CT /
cr cr cr Synthetic CT Synthetic CT

1 1 -1.5 -1.4 -2.3 -2.2 94.8 /94.6 / 94.1 96.1 /95.8 / 95.7
2 —-2.1 —-2.4 -3.4 -3.5

2 1 1.1 1.7 0.0 -0.1 94.1 /94.1 /94.1 95.1 /95.1 /95.2
2 1.7 2.2 0.0 -0.3

3 1 0.0 0.1 0.7 -0.5 96.3 /97.3/97.6 98.9/98.9 /98.8
2 0.0 0.6 0.0 -0.7
3 0.7 1.0 1.2 0.0

4 1 -0.5 9.2 0.9 5.4 93.1/88.3/70.9 94.6 / 93.3 / 84.5
2 -0.8 8.3 1.0 4.7

5 1 -1.4 -0.9 -1.0 -0.9 99.3/97.3/98.6 100.7 / 100.1 / 100.3
2 -0.6 0.0 -1.1 -0.7

6 1 -2.7 —2.4 -35 -3.4 93.5/7.4/14.7 95.9 /88.3/90.4
2 —-5.2 —-4.9 -5.9 -5.7

7 1 3.9 4.9 4.9 5.2 91.0 / 68.5 /69.5 95.4 / 84.5 / 85.0
2 1.0 1.7 0.5 1.2

8 1 —-2.3 -1.8 -2.3 -2.1 96.5 /92.7 / 92.7 98.5/98.0 / 98.4
2 -2.3 -2.0 -1.4 -1.9
3 -1.0 -1.0 -1.7 -1.5

9 1 5.1 5.5 3.9 4.3 89.9/79.7 /70.5 95.1 /90.0 / 87.7
2 3.3 4.3 0.8 1.2

10 1 1.7 2.2 3.2 2.9 90.6 / 90.6 / 85.7 97.2/97.0 /97.1
2 2.3 2.6 3.4 3.0

11 1 —-4.9 —4.8 —-2.5 —-2.8 92.3 /92.0 /90.9 94.3/94.1 /93.8
2 0.7 1.2 0.0 -0.4 97.1 / 96.8 / 96.2 98.1/97.9/97.7

12 1 -1.1 -0.3 -0.6 -0.3 92.9/90.2 /92.2 94.5/93.8 /94.3
2 -1.7 -0.8 -1.4 -1.0

13 1 1.0 1.4 1.5 1.8 81.9/29.2/26.8 96.0 / 86.7 / 84.1
2 5.7 6.3 4.3 4.8

14 1 0.0 0.7 0.6 0.3 98.5/98.5/98.2 101.2 /101.4 / 101.2
2 1.1 1.3 1.1 0.6

15 1 3.4 4.2 2.9 3.1 92.0 /92.3/92.2 93.1/93.4/93.4
2 3.9 4.1 3.9 3.6

16 1 3.0 3.2 3.6 3.5 96.5 / 89.5 / 93.4 98.6 / 98.3 / 98.3
2 0.0 0.2 2.0 2.4

17 1 -9.1 -9.0 -8.3 -89 89.3/19.9/31.7 100.2 / 86.8 / 92.3
2 0.7 0.9 -0.9 -1.5

18 1 -1.0 -0.2 0.7 0.7 52.8 /61.0 / 44.9 96.9 /97.1 /97.8
2 1.6 2.5 3.2 3.4

19 1 —-0.2 0.2 0.9 0.9 88.4 /85.3/79.2 93.8/93.3/88.6
2 6.1 5.7 2.4 2.5

20 1 —4.6 —4.4 —4.4 —4.9 96.5 /94.1 / 93.6 98.6 / 98.3 / 98.7
2 -3.9 -3.5 -3.7 —4.6

21 1 5.4 6.0 4.9 4.1 93.6 / 80.7 / 79.9 99.4 /94.3 / 94.7
2 —4.4 -4.4 -3.8 —4.2




O. Ates et al. Physics and Imaging in Radiation Oncology 34 (2025) 100746

AWEPL vs. AD“||n for Repeat CT AWEPL vs. ADm for Repeat CT
30
by |
(a) = (b) 25
10 O
PR @ 0
X -0 X
5 20 5 28
3§ a0 1 s i 5 5
2 Y= —152x10"x x?%84+ 004 . -3
& 401 & Y = —7.58Xx10°x X*>¥- 0.02
< R%=0.90 £ 75 o2
g o0 o ) R®=0.88
Q s a o ©
< a -
70 o o
aof| © Data 25| O Data
90 _Fﬂo , Fit
: 95% Cl 95% Cl
100 ) 15 :
o2 A\;VEPL4 5 ( s 7 &8 9 1 2 3 4 5 6 7 8 9
mm,
Repeat cT (MM AWEPL, . (mm)
" AWEPL vs. AD . for Synthetic CT AWEPL vs. ADg,, for Synthetic CT
5
©) ol (d) —
10 . 25 S
—_ 0 . - O .
g . @b*—(%‘e\cbo g o o g
=
E-zo . ——— ‘OO O z-zs
T 40} Y=-105x10"x x*7°- 0.62 T e
2 sof R?=0.84 2 el Y=-138x10"x X" P4 035 "
£ O 8 | R?=089
[a ] o) o =0.
a4 4 ' q -0 o
0| O Data o O Data o
——Fit 4125 f [——Fit
90 95% CI 95% CI
R . . . 15
% 1 2 3 4 5 6 7 8 9 0 1+ 2 3 4 5 6 7 8 9
AWEPLSynthetic CT (mm) AWEPLSynthelic CT (mm)
ASurface vs. AD o for Repeat CT ASurface vs. ADm for Repeat CT
5
20 f
©> n (f)
10 O _ 2.5
o 00 o W
5 20 o) 5 o25f N
3 3 -
& Lol Y=-187%x10"X X287+ 0.26 E, 5 0.0
4
< s0r R2=0.91 o = Y = -5.89%102x X514+ 0.06
g @ 7.5 2
a 60 o R®=0.89
1 2 a0 ©
s0f| O Data O Data o
—Fit 125 f |[——Fit
90 95% Cl 95% Cl
-100 - -5
0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8
ASur‘faceRepeat cT (mm) ASurfaceRepeat cr (mm)
ASurface vs. AD . for Synthetic CT ASurface vs. ADy,, for Synthetic CT

A
©
8
_
=
o

Ind
o

“0f 0 o o OO
20 25

301

40

Y = -527x102x X328 0.54 = -1.75%10" % x"#4+ 0.24

ADmin Synthetic CT (%)
ADQQ% Synthetic CT (%)

0T R2=0.87 o 75l RZ=0.79 )
60} o o
70t 0 O O
sol| O Data : O Data o
Fit . 125 Fit
20 95% ClI ' 95% ClI
100 15 v
0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9
ASurfaceCBCT (mm) » ASurfacecBCT (mm)

Fig. 4. Relationships between AWEPL and dose volume parameters of CTV for repeat CT in (a, b) and synthetic CT in (c, d). Relationships between ASurface and dose
volume parameters of CTV for repeat CT in (e, f) and synthetic CT/CBCT in (g, h).



O. Ates et al.

Moreover, another limitation of the study is the considerable un-
certainties in the coefficients of the power law relationship between
AWEPL and calculated dose values. This issue arises mainly due to the
inclusion of patients with various disease sites in the analysis. While this
study serves as a proof of concept for our methods, future work will
focus on a dedicated cohort with a similar disease site, target size and
planning parameters, thereby enhancing the precision of the
relationship.
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