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Purpose: To demonstrate predictive anatomical modelling for improving the clinical workflow of adap-
tive intensity-modulated proton therapy (IMPT) for head and neck cancer.
Methods: 10 radiotherapy patients with nasopharyngeal cancer were included in this retrospective study.
Each patient had a planning CT, weekly verification CTs during radiotherapy and predicted weekly CTs
from our anatomical model. Predicted CTs were used to create predicted adaptive plans in advance with
the aim of maintaining clinically acceptable dosimetry. Adaption was triggered when the increase in
mean dose (Dmean) to the parotid glands exceeded 3 Gy(RBE). We compared the accumulated dose of
two adaptive IMPT strategies: 1) Predicted plan adaption: One adaptive plan per patient was optimised
on a predicted CT triggered by replan criteria. 2) Standard replan: One adaptive plan was created reac-
tively in response to the triggering weekly CT.
Results: Statistical analysis demonstrates that the accumulated dose differences between two adaptive
strategies are not significant (p > 0.05) for CTVs and OARs. We observed no meaningful differences in
D95 between the accumulated dose and the planned dose for the CTVs, with mean differences to the
high-risk CTV of �1.20 %, �1.23 % and �1.25 % for no adaption, standard and predicted plan adaption,
respectively. The accumulated parotid Dmean using predicted plan adaption is within 3 Gy(RBE) of the
planned dose and 0.31 Gy(RBE) lower than the standard replan approach on average.
Conclusion: Prediction-based replanning could potentially enable adaptive therapy to be delivered with-
out treatment gaps or sub-optimal fractions, as can occur during a standard replanning strategy, though
the benefit of using predicted plan adaption over the standard replan was not shown to be statistically
significant with respect to accumulated dose in this study. Nonetheless, a predictive replan approach
can offer advantages in improving clinical workflow efficiency.
� 2022 The Author(s). Published by Elsevier B.V. Radiotherapy and Oncology 173 (2022) 93–101 This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Intensity modulated proton therapy (IMPT) offers the potential
to limit dose to normal tissues for head and neck (H&N) cancer
patients [1–5]. However, this precise delivery technique has inher-
ent sensitivity to uncertainties. A major source of uncertainty in
the delivery of IMPT to the H&N region, comes from patients not
being static during the course of the treatment. Anatomical
changes caused by weight loss and/or tumour shrinkage are com-
mon and can lead to dosimetric discrepancies [6–8]. Wu et al. [8]
showed that the mean doses of CTVs were reduced up to 7 % at a
week 4 verification scan in a cohort of oropharyngeal patients.
Yang et al. [9] reported that 40 % of patients with head and neck
cancer who undergo IMPT at their institution require plan
adaption.

Adaptive proton therapy is key to mitigate the dosimetric dis-
crepancies caused by geometric variations [10,11]. Two adaption
strategies are available: online adaption, where the plan is altered
in real-time while the patient is in the treatment position, and off-
line adaption, which is done away from the treatment room and
where changes are only applied to subsequent fractions once an
adapted plan has been prepared. While optimal for patient treat-
ment, online adaption poses challenges in terms of computational
speed and pre-delivery quality assurance (QA) for plan verification
[12–15]. Offline adaption is generally used in proton therapy facil-
ities. However, this presents challenges to the clinical workflow
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efficiency. While plans are adapted, patients must either continue
treatment with an existing sub-optimal plan or face interruptions
to treatment. The latter may be particularly undesirable for rapidly
growing tumours such as squamous carcinomas of the H&N [16].
Furthermore, a reactive approach to plan adaption can create an
unpredictable workload for treatment planning staff, as well as
for the medical physics team who perform patient-specific plan
QA, and for radiation oncologists who review and approve the
plans.

Adaptive plans that can be prepared in advance would be ben-
eficial to the clinical workflow: 1) The adapted replan can be deliv-
ered as soon as it is needed due to the ability to perform patient-
specific QA/verification before the adaption is required, for exam-
ple, on a predicted CT, which triggered a replan. 2) For the patient,
there is no gap in treatment or the delivery of a few sub-optimal
fractions while the replan is calculated, approved, and verified
through QA. 3) For the workflow, the option to prepare adaptive
plans in advance allows for easier scheduling of patient-specific
QA aroundmachine QA, maintenance, and other demands for beam
time.

We investigated the use of a predictive anatomical model to
generate adaptive proton therapy plans in advance of their require-
ment. We aim to show a proof of concept of a prospective offline
adaptive technique for creating predicted adapted plans in
advance, benchmarked against a standard reactive clinical replan-
ning technique. Twenty nasopharyngeal carcinoma (NPC) patients
who had previously received photon radiotherapy and had a plan-
ning CT and weekly CTs during the course of treatment were used
to build and verify a predictive anatomical model.
Materials and methods

A. Predictive anatomical model

Details of the mathematical formalism of the anatomical mod-
els alongside a validation of the models’ predictive power are given
in Zhang et al. [17], and summarised here. To build the model, we
randomly selected a patient from the cohort and applied a leave-
one-out cross-validation strategy to obtain the average deforma-
tion of our training population (n = 19) per week (average model).
To predict a deformation for the remaining patient, the average
deformation of the training population was applied to the patient’s
planning CT. The model was then updated based on the patient’s
progression during treatment (predictive anatomical model). This
process is repeated for 10 randomly selected patients. It follows
that each validation patient is independent from the training pop-
ulation used to create the average model.

The predictive ability of our model has been validated based on
CT numbers, contours, proton spot location deviations and dose
distribution in [17]. Compared with no model, in which predicted
images were replaced by planning CT, the predictive model
reduced the average CT number difference between predicted
CTs and real CTs at week 3 by 18.8 HU with approximately 2 mil-
lion voxels analysed. The average gamma index (using 2 mm/2%)
between the dose calculated on predicted CT and real CT at week
3 was improved from 96.1 % (94.4 %-97.8 %) for no model to
97.1 % (95.8 %-98.3 %) for the predictive model.
1 https://cmiclab.cs.ucl.ac.uk/mmodat/niftyreg.
B. Patient data

Ten validation patients were included in this study. Each
patient has a planning CT (pCT), weekly verification CTs and pre-
dicted weekly CTs. Contours in the planning CT and weekly CTs
were manually delineated by an oncologist. None of the IMPT plans
presented in this study were applied during the clinical radiother-
apy treatment of these patients. Instead, this is a retrospective
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study using the patients’ imaging data. As tumour location and size
are diverse in this dataset, predicting the change to the high-risk
CTV (tumour) is challenging. The model is most effective in pre-
dicting the patient outline and parotid gland positions. Hence, for
all OAR contours and the low-risk CTV (nodal area) affected by
neck changes, we used the predicted contours from contour prop-
agation. For the high-risk CTV, we used the initial CTV of the plan-
ning CT in the predicted plan to ensure target coverage. In this
study, plan adaption was triggered with the aim of protecting the
parotid glands, following the TORPEdO trial (A phase III trial of pro-
ton therapy versus intensity-modulated radiotherapy for multi-
toxicity reduction in oropharyngeal cancer; CRUK/18/010) [18].
When the difference in Dmean (between the original plan calculated
on the planning CT and a weekly verification CT) to both parotid
glands was larger than 3 Gy(RBE) [19], we instigated a replan.
Detailed clinical information of this cohort of patients can be found
in [20].

For all 10 validation patients, an original (nominal) IMPT treat-
ment plan with five fields (60◦, 110◦, 180◦, 250◦, 300◦) was gener-
ated using Eclipse version 16.1.0 (Varian Medical Systems, Palo
Alto, CA). All plans generated throughout this study were robustly
optimized with ± 3 mm setup and ± 3.5 % range uncertainty for
CTVs and critical organs at risk (OARs). A relative biological effec-
tiveness (RBE) of 1.1 for proton beams was used. The dosimetric
goals and priorities for all plans in this study are summarised in
Table 1 [4,21–23]. Further details can be found in Appendix A.

The nominal plan was recalculated on the weekly verification
CTs and evaluated to identify the need for adaption. Adaption
was required for 9 out of 10 patients (exception: patient ID 1
referred to in later tables), and adapted plans were generated using
the CTs that triggered the replan.

A plan was deemed acceptable if the goals set for the CTV and
serial organs were fulfilled in the nominal scenario (the error-
free distribution) as well as all 12 dose distributions (3 mm orthog-
onal shifts combined with the ± 3.5 % range error) in a robust eval-
uation. Rigid registration provided by Niftyreg1 was used before
plan recalculation. For dose distributions calculated on weekly CT
images, the DIR algorithm of Niftyreg [24] was used to accumulate
the dose in the reference frame of the planning CT.
C. Adaptive planning using the predictive anatomical model

An adaptive strategy that uses the predicted images to create an
adapted proton plan in advance of its necessity was proposed and
compared with the standard replan approach in which the replan
is produced in response to an identified clinical need.

1. Predicted plan adaption.

The predicted plan adaption strategy comprised of one plan
adaption. For that strategy, the nominal treatment plan was recal-
culated on each of the weekly predicted images and the resulting
dose distribution was assessed. The prospective replan was created
in the predicted image where the recalculated dose distribution
met the conditions required to trigger plan adaption. The adapted
plan was then applied as soon as the verification CT collected dur-
ing treatment triggered replan. Note that during this strategy, the
adapted plan is not necessarily applied in the week that predicted
adaption, but rather applied flexibly whenever adaption is trig-
gered in the verification CTs, see Fig. 2 in Appendix B for the work-
flow. For verification purposes, the plan can be recalculated using
the verification CT to confirm if the plan satisfies the dosimetric
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Table 1
Dosimetric goals of the treatment plans created in this study.

Structure Goal under uncertainty Priority

High-risk CTV D95 (The minimum dose to 95 % of target volume) > 95 % of prescription dose (72.6 Gy(RBE), 33 fractions) 1
Low-risk CTV D95 > 95 % of prescription dose (63 Gy(RBE), 33 fractions) 1
CTV D2 (The minimum dose to the hottest 2 % volume) < 107 % of prescription dose 1
Spinal cord Dmax (The maximum dose in the volume) < 45 Gy(RBE) 2
Brainstem Dmax < 55 Gy(RBE) 2
Chiasm Dmax < 55 Gy(RBE) 2
Structure Goal in nominal
Parotid glands Dmean (The mean dose in the volume) < 26 Gy(RBE) 3
Oral Cavity Dmean < 40 Gy(RBE) 3
Larynx Dmean < 40 Gy(RBE) 3
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goals. QA can be done immediately after the confirmation or even
before it is needed, saving time of planning and calculation.

For comparison, the standard adaption plan was optimised on
the verification CT which triggered the replan and applied to the
treatment of the following week, representing a delay of 5 fractions
before implementing the replan. An illustration of workflow differ-
ence between predicted plan adaption and standard replan is
shown in Fig. 3 in Appendix B.

Because plan adaption was triggered with the aim of protecting
the parotid glands, the overlap of the predicted contours (used in
the predicted plan adaption strategy) and the real contours (used
in the standard replan technique) for the parotid glands were mea-
sured by the Dice similarity coefficient(DSC) and compared with no
model, where the contours in the planning CT replaced the pre-
dicted contours.

Although we applied our predicted replan flexibly in our strat-
egy, the predicted replan week can be compared with the actual
replan week to evaluate the predictive ability of our method.

2. Plan evaluation using accumulated dose metrics.

For both the predicted plan adaption and standard replan tech-
nique, we calculated the dose on the weekly verification CTs and
deformed them to the planning CT to accumulate the dose, allow-
ing an evaluation of the delivered dose to the patient. The accumu-
lated dose using the standard replan technique is taken as the gold
standard. The dose metrics of the plans (nominal plan, standard
and predicted plan adaption) that are used for plan comparison
are the same as in Table 1. The dosimetric details of all plans gen-
erated for this study are summarised in Table A2 in Appendix A.

Equation 1 is used to calculate the dose metrics difference
between accumulated dose and planned dose.

DDx ¼ Dxaccu � ðDxn � Fn þ Dxr � FrÞ (1)

Dx represents a dose metric, DDx is the dose metric difference
between accumulated dose and planned dose. Dxaccu is the dose
metric of accumulated dose. Dxn is the dose metric of the nominal
plan. Fn is the number of fractions to which the nominal plan is
applied. Dxr is the dose metric of the adaptive replan, and Fr is
the number of fractions to which the replan is applied. The planned
dose is represented by the sum Dxn ⁄ Fn + Dxr ⁄ Fr.

A two-sample t-test (with a significance level of p < 0.05) was
used to determine if there is a significant difference between the
distribution of DDx in the two adaption strategies.
Results

The predictive power of the method is shown in Fig. 1 including
DSC and replan week comparison. The DSC of the parotid glands
95
(DSCPG) between predicted contours (used in the predicted plan
adaption) and the real contours (used in the standard replan) are
compared with no model, in which planning contours and real con-
tours in the standard replan are compared, in Fig. 1a. Using the pre-
dictive model, DSCPG was increased by 0.08.

Deviation of the actual replan week from the predicted replan
week is shown in Fig. 1b. Of note, we did not apply the predicted
plan to the predicted week but applied it flexibly on the actual
week that requires replan. In 4/10 cases, the predicted images
accurately predicted the replan week (one patient that didn’t need
a replan is included in this scenario). In the remaining 6/10 cases,
the predicted week and actual replan week differed by only
1 week.

Table 2 shows the nominal plan and the accumulated doses
with no adaption, the standard replan and the predicted plan adap-
tion for each patient except patient 1. For patient 1, unlike patients
2–10, the dose recalculation on the weekly verification CTs and
predicted CTs did not trigger a replan and therefore no plans were
generated for the standard replan and the predicted plan adaption.

In Fig. 2a, we compare the predicted plan adaption strategy
with the standard replan technique and no adaption for all 10
patients in terms of dose metric differences DDx. We observed
small mean and median differences of D95 between accumulated
dose and planned dose for the CTVs, with a mean difference
observed to the high-risk CTV of �1.20 %, �1.23 % and �1.25 %
for no adaption, standard and predicted adaption, respectively.
For the parotid glands, we find that for both adaption strategies
the accumulated dose is within 3 Gy(RBE) of the planned dose;
2.34 Gy(RBE) and 2.03 Gy(RBE) for standard and predicted adap-
tion, respectively, compared with 3.91 Gy(RBE) for no adaption.
Furthermore, the mean dose of the parotid glands using the pre-
dicted plan adaption strategy is generally lower than using a stan-
dard replan, with 0.31 Gy(RBE) on average. Of note, the parotid
glands Dmean in the predicted plan adaption is observed to be lower
than that for the standard replan in some cases (for example,
patient 3 in Appendix A) because they are optimized on a different
geometry (predicted replans use predicted CTs while standard
replans use verification CTs). In Fig. 2a that bias is removed using
the difference in the dose metrics. If we apply the standard replan
starting on the same day as the predicted adaption, the benefit of
no delay in treatment using the standard replan is on average
0.47 Gy(RBE) to the parotid DDmean (0.09 Gy(RBE) per fraction).
The standard replan approach benefits from an additional
0.16 Gy(RBE) of sparing compared to the predicted adaption. How-
ever, any improvement in sparing is only realised when the replan
is started on the same or next day. Fig. 2b–2c shows that all accu-
mulated dose metrics of CTVs and serial OARs satisfy the clinical
goals set for the plans.

Statistical analysis using a two-sample t-test demonstrates that
the accumulated dose difference between no adaption and stan-
dard replan is only statistically significant (p < 0.05) in the parotid



Fig. 1. (a) The comparison between the predictive model and no model on DSCPG for the ten validation patients. The horizontal lines in the box plot indicate the median value
among 10 patients, and the asterisks indicate the mean value. (b) Deviation of the actual replan week from the predicted replan week.

Table 2
Nominal and accumulated dose metrics of patients. Please note that for patient 1, no replan was triggered according to our criteria. The dose metrics for the parotid glands are
highlighted in bold. The asterisk in the plan column indicates the numbers in the same row are the accumulated dose.

ID Plan High-risk CTV Low-risk CTV D2 Spinal cord Brainstem Chiasm Parotid glands Oral Cavity Larynx
D95 D95 Dmax Dmax Dmax Dmean Dmean Dmean

(%) (%) (%) Gy(RBE) Gy(RBE) Gy(RBE) Gy(RBE) Gy(RBE) Gy(RBE)

1 Nominal plan 98.75 98.86 103.05 30.55 45.69 36.5 27.36 6.8 30.93
No Adaption* 97.93 98.89 103.17 28.56 42.39 27.5 29.61 6.9 31.14

2 Nominal plan 98.28 98.66 102.92 34.49 40.08 22.06 25.53 14.24 26.24
No Adaption* 96.6 95.71 102.89 33.39 40.63 22.16 31.87 17.45 32.03
Standard Replan* 97.11 96.67 101.79 35.45 40.54 20.64 29.59 16.24 26.89
Predicted plan adaption* 96.6 96.35 102.62 35.81 41.27 19.45 28.92 17.39 28.43

3 Nominal plan 98.75 98.59 102.24 33.13 39.16 23.88 22.89 10.88 11.77
No Adaption* 97.97 98.89 102.07 30.59 35.69 24.58 24.53 10.76 12.36
Standard Replan* 98.05 98.89 101.52 30.28 35.55 23.53 23.65 11.19 12.16
Predicted plan adaption* 98.05 98.89 102.07 31.34 38.28 23.8 22.77 10.48 11.27

4 Nominal plan 98.42 98.82 102.96 32.9 34.4 32.02 24.53 7.43 22.18
No Adaption* 97.74 97.94 102.62 30.47 29.68 29.29 28.36 8.62 25.09
Standard Replan* 97.86 97.62 101.79 23.85 32.26 27.3 26.05 8.11 20.84
Predicted plan adaption* 97.82 96.98 102.07 24.36 33.89 22.04 25.03 8.31 21.39

5 Nominal plan 98.82 98.67 102.02 34.56 40.75 26.21 23.63 10.65 16.08
No Adaption* 98.09 98.57 102.34 39.36 42.39 28.91 28.61 12.19 19.99
Standard Replan* 97.97 98.89 101.79 37.18 42.65 26.98 26.08 11.88 18.57
Predicted plan adaption* 98.01 98.57 102.07 35.86 42.18 28.89 24.66 12.24 19.5

6 Nominal plan 98.5 98.65 102.7 36 38.93 34.37 29.65 15.38 30
No Adaption* 97.38 98.57 102.89 39.86 41.68 32.99 32.95 17.14 28.37
Standard Replan* 97.03 98.25 101.79 37.74 41.93 32.98 30.44 16.15 27.41
Predicted plan adaption* 96.79 97.94 102.34 38.81 43.56 31.84 31.3 16.29 28.04

7 Nominal plan 98.6 98.27 102.58 36.53 40 26.86 27.04 13.19 19.64
No Adaption* 97.03 98.57 102.34 36.77 39.05 28.31 30 12.98 23.13
Standard Replan* 96.64 98.25 102.34 34.33 38.22 26.29 28.87 12.61 21.04
Predicted plan adaption* 96.91 98.25 102.07 36.41 39.67 28.45 28.07 12.33 21.05

8 Nominal plan 98.37 98.63 102.48 35.47 36.01 23.43 27.24 10.6 19.77
No Adaption* 96.44 97.62 102.34 32.27 30.41 23.88 29.25 11.86 20.77
Standard Replan* 96.6 97.94 102.07 33.2 31.9 22.67 28.66 11.78 19.51
Predicted plan adaption* 96.6 97.94 102.34 29.13 31.14 23.99 28.48 11.98 20.91

9 Nominal plan 98.75 98.76 102.31 11.84 42.58 42.63 22.66 8.83 9.2
No Adaption* 96.95 98.25 102.62 14.78 52.68 41.76 27.14 9.45 17.64
Standard Replan* 96.95 98.25 102.07 15.2 47.39 38.97 25.2 10.14 14.67
Predicted plan adaption* 96.75 98.57 102.07 12.14 49.15 40.14 24.86 9.2 13.68

10 Nominal plan 98.62 98.28 102.01 29.2 38.76 36.3 27.64 7.1 21.44
No Adaption* 97.7 97.62 102.07 32.28 36.51 37.21 31.47 7.21 21.9
Standard Replan* 97.54 96.98 101.24 33.62 39.52 37.66 30.29 7.06 20.12
Predicted plan adaption* 97.78 97.3 101.79 32.92 35.07 38.78 30 7.86 21.07

Improving workflow for adaptive proton therapy with predictive anatomical modelling
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Fig. 2. Comparison of the dose metric differences and accumulated dose metrics for 10 patients observed in no adaption, standard replan and predicted plan adaption. The
horizontal lines in the box plot indicate the median. dose metric difference among 10 patients, and the asterisks indicate the mean difference. (a) shows the dose metric
differences. Dmax and Dmean are given in units of Gy(RBE). (b)–(c) shows the accumulated dose metrics. The dashed lines in (b)–(d) represent the defined clinical goals
summarised in Table 1.
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gland Dmean and D2%. The difference between standard replan and
predicted plan adaption was not found to be significant (see
Table 3).

The weekly changes in dose metrics for the CTVs and parotid
glands are shown in Fig. 3 for each patient. There are scenarios in
which using the initial tumour contour from the planning CT in
the predicted plan show a better coverage than using the real
tumour contour, for example, patient 9 at week 5 in Fig. 3a,
because larger contours can mitigate the variation during the treat-
ment. In the TORPEdo trial, therapeutic target volumes are not
adapted according to changes in GTV. However, some patients pre-
sented with a displacement of the tumour that extended outside
the original contour[20], such as patient 2 at week 5 in Fig. 3a. In
such cases, the predicted replan using the initial contour is inferior
to the standard replan. An alternative approach would be to use
the contours from the latest weekly repeat CT for predicted plan
adaption.

In Fig. 3f, we observe that for most patients, plan adaptions
occur around the 3rd (6/10) or 4th (2/10) week of treatment, which
is consistent with the conclusion of Brown et al. [25] and Wu et al.
[26].

Discussion

The offline adaptive strategy used in radiotherapy clinics can
cause gaps in treatments or the delivery of suboptimal fractions
97
due to delays in implementation of an adapted plan and can chal-
lenge clinical workflow efficiency. We exploited a predictive
anatomical model to prepare adaptive plans in advance. Our
results show that a predicted plan adaption strategy using the pre-
dictive anatomical model can achieve similar CTV coverage and
reduce parotid dose compared to the standard replanning
approach.

In this work, the benefit of a no-delay treatment on parotid
glands Dmean is 0.31 Gy(RBE) on average. For patient 6, the pre-
dicted anatomy which was used to create a prospective replan sug-
gested the need for adaption due to a change in the mean parotid
dose of > 3 Gy(RBE). However, while a parotid DDmean in the nom-
inal plan on the predicted anatomy was 3.05 Gy(RBE), the parotid
DDmean calculated on the triggering verification CT of week 3 was
6.35 Gy(RBE). A dramatic shrinkage of the volume between week
2 and week 3 made the predicted model less effective in this case.
Despite this, when we applied the predicted plan on week 3, the
parotid DDmean on the verification CT of week 3 was reduced to
3.05 Gy(RBE). In this circumstance, we might look to apply the pre-
dicted replan on week 3 and follow the standard replan procedure
to create a new replan. This limitation can potentially be improved
if patients are stratified by exploiting tumour related features
[27,28] and outlining change-related features [29–31] based on a
larger dataset. Another scenario worth discussing is where the
dose recalculation on the predicted images indicated a parotid
DDmean that did not reach the triggering threshold but was close
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to it, for example, 2.75 Gy(RBE). In this case, we would suggest
having an alternative plan available in case re-planning would be
triggered.

We only considered 1-step adaption for the proof of concept. In
Fig. 3e), the parotid mean dose difference of some patients in week
4 is still more than 3 Gy(RBE), because of severe shrinkage. For
example, patient 2 adapted the plan on week 3 with parotid Dmean

of 25 Gy(RBE), however, when the adapted plan was applied to
week 4 the parotid Dmean increased to 32 Gy(RBE). In this case, a
second adaption is needed. If we update the model every time that
a new CT is acquired then the prediction for a second adaption is
clearly possible.

In clinical practice, plans are robustly optimised to account for
setup and range uncertainties and, while anatomical changes
may not be included explicitly in the optimisation process, it is
possible that some robustness to anatomical changes is provided
by an improved robustness to these setup and range uncertainties.
Where the magnitude of setup errors in the robust optimisation is
reduced, plans would likely be more sensitive to anatomical
changes. As such, the application of predictive anatomical mod-
elling to the design of a robust plan may allow for a reduced setup
robustness margin, thereby improving dose conformity to some
extent. Though there may be a trade-off between this margin
and the number of plan adaptations required during a treatment
course. Furthermore, there use of a predictive model as an addi-
tional error scenario in the robust optimisation may be of interest
though further work is required to understand the detriment to the
nominal plan of such robustness. The predictive nature of our
approach can enable improved workflow management. It also
should be noted that robust beam angle selection remains critical
for avoiding anatomical variations such as nasal filling. Such vari-
ations cannot be modelled by deformations.

For this proof of concept, images from a cohort of 20 patients
were used. This cohort was particularly suited to this study, having
weekly CTs with manually delineated contours. In contrast, the use
of weekly cone-beam CTs (CBCT), which are more commonly avail-
able, are subject to additional DIR uncertainty. Secondly, the error
from HU correction required by CBCT is removed. We can directly
calculate the dose distribution and create a replan. In addition, we
can directly calculate the weekly dose metrics using the manually
delineated contours on weekly CTs. Further validation of the model
will be conducted on a larger cohort of patients. We are currently
working on finding the optimal parameters for patients who have
received IMPT with CBCT data but the procedure of using CBCT
images to build the model is the same. For patients treated with
IMPT, because their progressive anatomical changes may be smal-
ler than of those undergoing photon therapy [2,32], the uncertainty
of DIR used to build the model can be reduced [33–35] resulting in
an improved model accuracy. Thus, methods presented here are
easily transferable to a patient dataset having received proton
therapy. The feasibility of using the model to apply predicted plans
on a fixed week to reduce the number of validation CTs has been
demonstrated in Appendix C. Accurately predicting the week in
which plan adaption is required and further evaluation on other
organs are important next steps in implementing prospective off-
line adaptive therapy.

In the literature, anatomical models have only been used for DIR
evaluation [36] or assessed based on the misalignment of the
anatomical landmarks [37,38]. In this paper, we evaluated an
anatomical model based on the dose distribution. This is the first
demonstration of the potential of the anatomical model in adaptive
radiotherapy. Compared to online adaption [13–15], our method
can reduce the treatment time by preparing complete adaptive
plans in advance without further optimisation and the need for
real-time QA, which is one of the most challenging aspects of
online adaption. Furthermore, by exploiting novel auto-planning



Fig. 3. The weekly dose metrics for 10 patients observed in no adaption, standard replan, and predicted plan adaption. Patients are represented using different markers. b), d),
and f) are the average results over 10 patients.
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techniques [39], our method may allow for auto-replanning for
adaptive IMPT.

Conclusion

Prediction based prospective replanning could potentially
enable clinically acceptable adaptive therapy without treatment
gaps or sub-optimal fractions to be delivered due to delays in stan-
dard adaptive strategies, leading to an improved overall treatment
course for patients. Furthermore, the ability to manage the adap-
tive therapy workflow prospectively with a predictive approach
can increase the efficiency of a busy clinical proton therapy centre.
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