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Abstract

This study aimed to investigate if a commercial, knowledge-based tool for radiotherapy planning could be used to estimate
the amount of sparing in organs at risk (OARs) in the re-planning strategy for adaptive radiotherapy (ART). Eighty head
and neck (HN) VMAT Pareto plans from our institute’s database were used to train a knowledge-based planning (KBP)
model. An evaluation set of another 20 HN patients was randomly selected. For each patient in the evaluation set, the
planning computed tomography (CT) and 2 sets of on-board cone-beam CT, corresponding to the middle and second half
of the radiotherapy treatment course, were extracted. The original plan was re-calculated on a daily deformed CT
(delivered DVH) and compared with the KBP DVH predictions and with the final KBP DVH after optimisation of the
plan, which was performed on the same image sets. To evaluate the feasibility of this method, the range of KBP DVH
uncertainties was compared with the gains obtained from re-planning. DVH differences and ROC curve analysis were
used for this purpose. On average, final KBP uncertainties were smaller than the gain in re-planning. Statistical tests
confirmed significant differences between the two groups. ROC analysis showed KBP performance in terms of area under
the curve (AUC) values higher than 0.7, which confirmed a good accuracy in predicted values. Overall, for 48% of cases,
KBP predicted a desirable outcome from re-planning, and the final dose confirmed an effective gain in 47% of cases. We
have established a systematic workflow to identify effective OAR sparing in re-planning based on KBP predictions that
can be implemented in an on-line, adaptive radiotherapy process.

Keywords: automatic planning, knowledge-based planning, multicriteria optimisation, adaptive radiotherapy

1. Introduction

External beam radiotherapy is gradually evolving towards real-time adaptive radiotherapy (ART) [1,2], which is
becoming a new paradigm in radiation oncology [3]. ART has the clinical rationale of reducing normal tissue and organ
at risk (OAR) toxicity and/or improving tumour control through plan adaptation [4,5]. The frequency of re-planning in
patients with head and neck (HN) cancer was reported to vary from 32% to 70% depending on several criteria, such as
weight loss, change in neck separation or poor immobilisation shell fit [6,7]. However, at present, there are still a number
of technical limitations in applying ART as an automation and standardisation process [8]. As a consequence, ART is not
widely utilised [7,8]. Indeed, in clinical practice, contouring and treatment planning processes are labour-intensive and
use substantial resources. Some investigators are researching automated methods to predict the eventual need for re-

planning, but more work is needed [9,10].
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One of the on-going technical issues is the challenging decision of choosing the appropriate time in the process to re-plan
a patient [11,12,13,14,15,16,17,18]. As anatomical deformation cannot be corrected by simple couch shifts these
deformations should be managed by re-planning [8]. Generating a new plan with the same planning goals as the original
plan within a clinically acceptable time and with minimal user intervention is another important technical challenge in
ART. As the geometry of patient anatomy varies, OARs are shaped and positioned with respect to the targets and change
from day to day. The gain in OAR sparing with a new plan is a priori unknown [11], and re-planning decisions are often
based on the clinician’s practical experience [11,13]. The “trigger point” is the time at which significant dosimetric
variation for a specific parameter is present as an indicator for ART re-planning [14]. However, the re-planning process
is expensive in resource terms as it requires a new computed tomography (CT) scan, new contours, and a new
optimisation. For this reason, the trigger should be carefully chosen, balancing the time-consuming procedures with the
gain from re-planning.

Knowledge-based planning (KBP) tools can generate estimated dose-volume histograms (DVHs) based on previous
patient anatomy and dose distributions [19,20]. The KBP methods are generally equivalent to expert planners in terms of
plan quality but preliminary results indicate that they are significantly more efficient timewise [19]. Currently, KBP is
frequently used in clinical practice to drive new IMRT planning based on a database of prior clinical plan data and other
sources of knowledge, such as treatment trade-off and clinician experience. Studies published in recent years have
demonstrated that KBP allowed a general improvement in (a) inter-patient consistency of the treatment plans, (b) intrinsic
quality and (c) efficiency (time and workflow) of the planning process applied to different anatomical sites using manually

generated treatment plans [21,22,23,24,25,26], including the head and neck [27,28].

Previously published studies have demonstrated that the efficacy of KBP was influenced by the quality of the data used
for the training process, the regression applied to build the predictive models and the consistency between new cases and
the population used for the training [20]. KBP training generally involves using a database of manually generated
treatment plans that can suffer from plan quality variation and inconsistency [24]. To maximise the performance of KBPs,
Pareto plan solutions can be used to train the model [29,31]. In the studies published to date [21,22,23,24,25,26,27,28],
KBP was employed to assist the planner to achieve optimal dose distributions when new plans were created.

The clinical implementation and use of KBP optimization models is a rapidly changing subject and previous studies have
applied KBP for help in replanning for adaptive radiation therapy [32]. However, to the best of our knowledge, none of
the published studies have investigated if the accuracy of a KBP prediction is suitable for OAR sparing in an ART
application. In this work, we investigate the possibility of using the KBP method as part of the ART process to estimate

the potential gain given by OAR sparing during the treatment course for HN cases. We hypothesise that such relationships,
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if significant, could be used to establish the need for plan adaptation based on OAR sparing and to automate the process

of re-planning itself.

2. Methods and Materials

2.1 Clinical Data

In line with samples used in previous work [28,30], a dataset of 100 Head and Neck (HN) VMAT patients previously
treated at AUSL-RCCS of Reggio Emilia was selected for our study. Treatment plans following two different
fractionation schemes were included in our work, 69.96 Gy/59.4 Gy/54.12 Gy in 33 fractions (46 patients) and 66 Gy/60
Gy/54 Gy in 30 fractions (54 patients), both schemes using a simultaneous integrated boost (SIB) technique. For all plans,
the goal was to deliver 100% of the prescribed dose to 95% of every PTV. Each plan was generated using a previously
configured KBP model for HN patients trained on manually produced clinical plans. This model is discussed below
(Section 2.4). All plans were generated with the Eclipse Treatment Planning System (TPS) (Varian Medical Systems,
Palo Alto, CA) using 3 fully coplanar arcs with collimator rotated to 30°, 315° and 90°, with 6 MV energy. For each
treatment fraction, an on-board cone beam CT (CBCT) scan was acquired before treatment delivery to assess patient

setup and anatomical variation. All CBCT images were automatically saved in an ARIA database (Varian Medical

Systems, Palo Alto, CA).

2.2. KB RapidPlan planning tool

RapidPlan is a knowledge-based automatic planning (KBP) solution integrated in the Eclipse TPS. For each new patient,
RapidPlan predicts the most likely dose-volume histograms (DVHs) to occur based on the specific patient’s anatomy in
terms of structure set geometries. Predicted DVHs are then used to establish dose-volume objectives and weights for
automated plan optimisation. DVH prediction in RapidPlan is based on a statistical model that is generated from the

principal component analysis of anatomic and dosimetric features obtained from plans of previously treated patients.

Therefore, the quality of RapidPlan DVH predictions depends on the quality of the plans used to train the model.
Extensive descriptions of model configuration are provided in the Varian reference manual [33] and previous publications

[21,22,23,24,25,26,27,28].

2.3 Multicriteria Optimisation (MCO) Trade-off module

The Multicriteria Optimisation (MCO) approach is based on trade-off exploration modules and is implemented in the

Eclipse TPS. In MCO, a range of different Pareto solution plans is generated based on a selection of optimisation
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objectives. The priority of each objective may vary from plan to plan but all plans belong to a ‘Pareto surface’, which
means that is not possible to improve an objective without compromising another objective in the trade-off. The user can
explore the trade-offs along the Pareto surface and select the plan that best fulfils the treatment goals. With the use of
slider bars, dynamic DVHs and dynamic 3D dose distributions, the TPS allows users to visually review and evaluate

plans along the Pareto surface in real-time [31,33].

2.4 MCO-KBP model

The 100 manual plans in our database were first randomly divided into two groups: KBP training (80 plans) and KBP
evaluation (20 plans). Using the training set, KBP DVH prediction models were created for the following OARs:
brainstem, spinal cord, left parotid gland, right parotid gland, mandible, oral cavity, oesophagus, and larynx. The KBP
model was built following the guidelines provided by the manufacturer [33]. Figure 1a outlines the workflow of the KBP

model generation stage.

MCO-KBP
model

80 patients
(training set)

Delivered
dose
(original plan)

KBP final
dose
(new plan)

MCO-KBP
new plan

20 patients
(evaluation set;

KBP prediction
dose
(new plan)

>

Deformable image
registration

A\

Figure 1. The workflow of the study was divided into 3 parts: MCO-KBP models creation a) and application of the gain
of the re-planning estimation using the KBP tool b) and c). In detail: 100 HN patients were selected for the study. a) 80
patients were chosen to train the KBP model. To improve the quality of the model, the training set was automatically re-
planned to use the KBP model and refined using the MCO tool based on a single wish list. The final MCO-KBP plans
generated in this process were then used to train the model. b) 20 patients were considered in the evaluation set for the
experiment. For each patient’s planning CT (pCT), the structure set and CBCT of fractions 16 and 26 were considered.
Using a deformable image registration tool, adapt-CT, deformed structures for both fractions were generated. ¢) An
automated plan was created using the KBP_ MCO model on pCT. The plan was recalculated using the adapt-CT of each
fraction generating the delivered dose. The KBP. MCO model was used to generate a KBP prediction and final dose from
the adapt-CT of each fraction if a new plan was created.
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All 80 patients used in the training set were automatically re-optimised using the KBP model. The solution found after
optimisation without manual intervention was used as a starting plan in the MCO module. A wish list of objectives to
fulfil was used to consistently select a solution on the Pareto surface in the MCO module. This wish list was created
together with radiation oncologists at our institution, based on previous clinical experience and planning protocols
[35,36,37,38]. In the MCO module, once the goal of an objective in the wish list was obtained, the optimiser fixed the

achieved value (slider restrictor) as a constraint and continued with the next objective.

Once the MCO module had completed the optimisation for every objective on the wish list, the DVHs and the spatial
distribution of the dose that resulted from the wish list trade-off process were selected from the Pareto surface, and the
final dose was calculated. Due to the use of the same optimisation scheme for all patients, plan generation was highly

consistent across the entire cohort, with no plans adjusted by the planning team.

All plans generated with the KBP and MCO combination were used to train a new, highly consistent MCO-KBP model
(MCO-KBP) for the previously selected structures. The optimisation constraints for this model were unchanged with

respect to the KBP model.

2.5 Delivered DVHs for the evaluation set

In the evaluation dataset, the MCO-KBP model was used for each patient to create an automatically generated plan
following the same fractionation scheme as the original treatment. This procedure is outlined in Figure 1b. Two CBCT
scans acquired before each treatment fraction were extracted for each patient, corresponding to the 16" fraction (around
half-way through the treatment course) and the 26™ fraction (about three quarters of the way through the treatment course).
For each selected fraction, an adapted CT image [39] was generated in Velocity Al v.4.0 (Varian Medical Systems, Palo
Alto, CA) through deformable registration of the planning CT (pCT) on the selected CBCT. The same HU values as the
pCT were used, to avoid bias in dose calculations. The transformation used was a cubic B-spline, the interpolator was
computed with a bi-linear function, and the optimiser was based on the steepest gradient descent [39]. For the selected
set of patients, no artifacts were evident in the CT image. No image pre-processing was done before the deformable image
registration. The OAR structures were automatically propagated from the planning CT to the adapted CT. The accuracy
of registration was verified by means of a visual inspection of deformed CT and structure sets. This was combined with
a visual check of deformable vector field (DVF) that was performed in Velocity Al after each registration.

The adapted CT images with modified structure sets were then imported into the Eclipse TPS, and the plan created with
the MCO-KBP model was recalculated for the adapted CT. The dose and DVH of the plan for this adapted CT will be

referred to as the ‘delivered DVH’ (d_DVH).
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2.6 MCO-KBP DVH model prediction validation

For each patient in the evaluation dataset, KBP predictions were performed on both adapted CTs using the MCO-KBP
model. This section of the workflow is outlined in Figure 1c. For each organ, RapidPlan presents two predicted DVH
lines representing the +1 standard deviation DVH confidence limits. For the validation group, the mean of these two
predicted DVH curves, pKBP_DVH, was compared with the corresponding DVH achieved after the optimisation,
fKBP_DVH [40]. Following international guidelines [35,36,37], specific DVH endpoints for validation were considered:
maximum dose (Dmax) for spinal cord, brainstem and mandible and mean dose (Dmean) for parotids, oral cavity, larynx

and oesophagus, as used in our clinical practice.

2.7 Gain from re-planning and KBP prediction uncertainty

From the Varian Manual [33], the normal prediction bounds shown by the KBP tool indicated 68% probability
(+1standard deviation (SD)) that the final DVH should fall between the bounds. Based on this assumption, we can
consider the predicted KBP uncertainty as 1 SD, the distance between the pKBP_DVH (section 2.6) and one of the

prediction bounds. Thus, for each OAR j and case i:
pKBP uncertaintyjl. = ASR (upper bound KBP_ DVH — pKBP_DVHﬂ) €))

ASR was the absolute sum of residuals (ASR) and was used to quantify the distance between DVHs:

ASR = (Z54|DVH, (D) — DVH,(D)| - AD) @)

where DVH;;(D) and DVH,;(D) refer to the DVHs for which the distance was quantified.

After the KBP prediction was obtained, the optimisation was performed and the dose calculated without manual

intervention, generating a final KBP DVH (fKBP_DVH).

In line with eq. 1 and eq. 2, the final KBP uncertainty was defined as the difference between predicted and final DVH:
fKBP uncertaintyl.]. = ASR (fKBP_DVHl.j - pKBP_DVHl.j) 3)

where for each OAR j and case i, fKBP_DVH refers to the final KBP DVH after optimisation, with ASR and pKBP. DVH

as defined above.
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The gain from re-planning was calculated in term of sum of residuals (SR), between delivered DVH (section 2.5),

d_DVH;(D), and predicted KBP, pKBP_DVH,, (D) or final DVH after optimisation, fKkBP_DVH,;(D), when the new

plan is created:

SR; = (2;;’:0 (d_DVHl.j (D) — KBP_DVH,, (D)) : AD) (4)

for each OAR j and case i. We referred respectively to predicted gain values (pSRs) or to final gain values (fSRs), when

pKBP DVH or fKBP_DVH was considered in eq. 4.

The approach to use sum of residuals to estimate the difference of DVHs is similar to the one proposed by Appenzoller
et al. [41]. However, in the original study, only positive differences between DVHs were considered for detection of
suboptimal plans (restricted sum of residuals). We accounted for both positive and negative differences, as both are
important to detect improvement/detriment in the re-planning phase. To automate the gain from re-planning, predicted

gain values (pSR) were plotted against the final optimisation gain (fSR).

To evaluate the feasibility of our method, the KBP uncertainty (eq. 1 and eq. 3) for each OAR and case was compared
against the gain from re-planning. To use the same metric in the comparison, ASR, was used to quantify the distance

between DVHs in the gain of replanning, using eq.2. Thus, for each OAR j and each case i:
ASR; = (X5-o|d_DVH,(D) — KBP_DVH,(D)| - AD) (5)

We referred respectively to ASR predicted gain values (pASRs) or to final gain values (fASRs), when pKBP_DVH or

fKBP_DVH was considered in eq. 5.

2.8 Discriminant analysis
The receiver operating characteristic (ROC) analysis curve (referred in this manuscript as “discriminant analysis”) was

used to quantify predicted KBP performance measures in this experiment. With these analyses, four domains were

highlighted:

1. TP: positive pSR values predict significant OAR sparing, and re-planning demonstrates improved OAR DVH

with positive fSR re-planning values.

2. True negatives (TN): negative or null pSR values predict no OAR sparing, and re-planning demonstrates no

improvements in OAR DVH with negative or null fSR re-planning values.
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3. FP: positive pSR values predict significant OAR sparing, but re-planning demonstrates no improvements in

OAR DVH with negative or null fSR re-planning values.

4. False negatives (FN): negative pSR values predict no OAR sparing, but re-planning demonstrates improved

OAR DVH with positive fSR re-planning values.

The ROC curve was used to choose the best predicted operating point (OP) that gives the best trade-off between the

sensitivity, or TP rate, and specificity, or 1- FP rate, of KBP predictions [42].

2.9 Statistical Analysis
Wilcoxon two-sided signed rank tests were used to assess the statistical significance of the observed differences between
KBP predictions and final endpoints and SRs, to test the difference in gain between the two fractions and to test differences

between ASR values and KBP uncertainty values. The differences were considered significant when p<0.05.

3. Results

3.1 Quality of the MCO-KBP model

The quality of the generated MCO-KBP model was evaluated by checking the model’s goodness-of-fit statistics for each
structure such as the coefficient of determination (R? (between 0 and 1: the larger, the better)) and the average Pearson’s
chi-square (y? (the closer to 1, the better)), as suggested by RapidPlan guidelines [33]. These parameters, together with
the number of potential outliers (also known as influential points), are reported in Table 1 for all models. No particular

trends were observed for y? and R%. A mean y* of 1.11+0.05 and a mean R? of 0.83+0.10 were found.

Table 1. Goodness of the prediction models in terms of coefficient of determination, R?, average Pearson’s chi square, %% and number of potential
outliers (model analytics, MA, suggested plans to be removed and plans to be checked)

Structure R? e # (()hlj[tk)e s
Brainstem 0.84 1.05 3
Oesophagus 0.83 1.06 0
Larynx 0.82 1.18 3
Mandible 0.83 1.08 5
Oral Cavity 0.87 1.07 2
Parotids 0.82 1.05 0
Spinal Cord 0.54 1.10 0
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The potential outliers identified the Varian Model Analytic (MA) tool [34] were evaluated on a case-by-case basis. Since
all plans inserted in the model were Pareto plans, these cases were regarded as not actually outliers, and it was verified
that there were no anomalous anatomical differences compared to the rest of the population in the model to cause such
categorisation. The plans identified as potential outliers by MA, were representative of an “‘uncommon” patient anatomy
with respect to the training set population, but these plans remained clinically suitable as they were created using the
MCO module.

The differences between predicted and final KBP endpoints for the OARs considered are reported in Table 2. The
differences were calculated for every predicted and final endpoint of each organ and patient, then the mean and SD values
over the patient population were derived. Mean difference + 1SD between the pKBP and fKBP endpoints were 1.8 + 4.5
Gy, 1.2+53Gy. 0.8+ 1.1 Gy, 0.6+0.9 Gy, -1.3+1.8Gy. 1.4+2.4 Gy, 0.9+2.1 Gy and -3.4 + 4.7 Gy for spinal cord,
brainstem, right and left parotid, oral cavity, oesophagus, larynx and mandibula, respectively. Wilcoxon signed rank tests

confirmed the differences across the range of endpoints (pKBP and fKBP) were not statistically significant (p >0.05).

Table 2 Endpoint differences (Dmean and Dmax) between prediction (pKBP) and final DVH (fKBP) for all 20 patients (2 CBCTs for patient) of the

evaluation set in term of mean value+standard deviation.

Spinal  Brainstem Right Left Oral QOesophagus Larynx Mandibula
cord parotid parotid cavity

Dmax Dmax Dmean Dmean Dmean Dmean Dmax
[Gy] [Gy] [Gy] [Gy] [Gy] [Gy]  Dmean[Gy] [Gy]

pKBP_DVH 28.5+4.7 28.6+9.0 21.5£8.6 23.0+64 343+10.7 165+7.1 32.0+52 64.9+6.2
fKBP_DVH 26.7+4.6 27.3+85 20.7+9.0 22.4+6.6 355+11.7 15.0+63 31.1+6.2 68.2+8.1

difference  1.8+£4.5 1.2+53 0.8+1.1 0.6+09 -13=+1.8 1.4+2.4 0.9+2.1 3.4+4.7

3.2 Gain from re-planning

Figure 2 shows a comparison of the DVHs across an individual patient case (patient #7 fraction 16), considered as a
patient example. The predicted pKBP_DVH, the bounds of the predicted pKBP DVH (1 SD of the KBP), and the final
fKBP_DVH and the d DVH are represented for the following organs: spinal cord, brainstem, left parotid, mandible,

larynx, oesophagus, oral cavity and right parotid.
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Figure 2 KBP-predicted DVH bounds (stdKBP), mid KBP-predicted DVH (pKBP_DVH), final KBP DVH (fKBP_DVH) and delivered DVH
(d_DVH) for each organ for patient #7 fraction 16.

The overall fSR and pSR (mean*1SD) for all patient OARs and the fractions were 0.07+2.73and 0.08+2.98, respectively.

A significant difference was found between pSR and effective fSR (p=0.03). For each OAR, the mean and standard

deviation of fSR and pSR values (the latter in brackets) were -1.34 £2.15 (-0.97 £2.30), 0.10 £1.13 (0.07£1.20), 1.54

+4.04 (0.70+3.81), 0.59 +2.96 (0.03 £2.96), -0.20 +2.72 (1.07+2.61), -0.55 +1.47 (1.48 £3.00), 0.59+2.17 (-0.85+3.13)

and -0.27 £3.08 (-1.18 +3.04) for spinal cord, brainstem, left parotid, right parotid, mandible, oesophagus, oral cavity and

larynx, respectively. The fSR and pSR values were similar between the two fractions. The Wilcoxon two-sided signed

rank test confirmed significant differences for fSR values of the 16" and 26™ fractions at p<0.01. No significant difference

was observed in the pSR distribution of the two fractions.

For 48% of the cases (N=310), KBP predicted a positive gain from re-planning (pSR>0). Final DVHs confirmed the

effective gain fSR>0 in a similar percentage, 47%, of cases. Figure 3 shows a boxplot of the comparison between pSRs

10
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and fSRs for each organ for all 40 cases. Overall, there was no observed trend between median fSRs and median pSRs.
For brainstem, parotids, oesophagus, and larynx, median fSRs were higher than their respective pSRs, as reported in

Figure3.
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Figure 3 Boxplot of predicted and final gain in terms of pSRs (white) and fSRs (shaded) for each organ for all 20 delivered adapted CBCT and KBP
plans. The central mark represents the median value, whereas the edges of the boxes are the 25" and 75™ percentiles, respectively. The whiskers extend

to the maximum distance, and the crosses represent individual outliers.

3.3 KBP model uncertainties

Ideally KBP prediction uncertainties should be significantly smaller than, or at least comparable to the predicted gain.
However, even if the model was trained with Pareto optimal plans, a relevant KBP prediction uncertainty is still present.
For each OAR and each case, we compared the pKBP uncertanty values versus the pASR, the latter representing the
predicted gain of replanning quantified using ASR (Section 2.7). These values are plotted in the correlation graph reported
in Figure 4a. Each marker represents a plan of the evaluation set for which the pASR was higher (circle) or lower (cross)
than the pKBP uncertainty. Overall, the mean pASR values were similar to KBP uncertainties and the pASR SD slightly
higher than KBP uncertainties, with values of 2.78+2.13 and 2.38+0.79 respectively. A Wilcoxon two-sided signed rank
statistical test confirmed that there was not a significant difference between the two groups (p=0.56). From Figure 4, it
is possible to observe that the correlation between KBP uncertainties and pASR was strictly related to OAR and a single
item. The ideal situation in Figure 4a would be to see all points well above the diagonal line of unity, indicating a pASR
value significantly larger than the KBP uncertainty (for each case). However, many items in Figure 4a fall below the

11
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diagonal. This finding means that in those cases KBP uncertainties were higher than predicted gains in terms of ASR. It

was found that 15/40, 20/40, 19/40, 20/40, 20/40, 15/40, 23/40 and 15/30 points for pASR were higher than the

corresponding pKBP uncertainty, for spinal cord, brainstem, left and right parotid, oral cavity, mandible, oesophagus,

and larynx respectively. This is represented in Figure 4 as a square in the lower right corner. When the gain was

lower/higher than uncertainties for more than half of the items the square is filled with black/gray colour; in the case of

equality the square was white.
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Figure 4 a) Correlation graphs of 1 SD predictions of pKBP uncertainties versus pASR from re-planning, for each OAR model. b) Correlation graphs

of fKBP uncertainties versus fASR from re-planning, for each OAR model. Each marker represents a plan for the evaluation set for which the gain is

higher (circle) or lower (cross) than the KBP uncertainty. This is represented in each panel of the figure as a square in the lower right corner. When the

gain resulted lower/higher that uncertainties for more than half of the items the square is filled black/gray colour; in the case of equality the square was

filled in white.

12



Page 13 of 22 AUTHOR SUBMITTED MANUSCRIPT - PMB-112018

oNOYTULT D WN =

In Figure 4b the correlation between fKBP uncertainties and final gains, quantified as fASR, is shown. In comparison
with Figure 4a, where pKBP uncertainties were considered, fewer points fall below the bisector. This means that the
fKBP uncertainties were smaller than final gain, in terms of ASR. Overall, mean and SD values of 2.12 £2.02 and 1.40
+1.61 were obtained for fASR and fKBP uncertainties respectively, with p-values <<0.01. This confirms that the
difference between the two distributions is statistically significant. In this case we found that 26/40, 20/40, 28/40, 36/40,
31/40, 22/40, 25/40 and 18/30 cases for predicted gain were higher than the corresponding KBP uncertainties, for spinal

cord, brainstem, left and right parotid, oral cavity, mandible, oesophagus, and larynx respectively.

3.4 Discriminant analysis.

Figure 5 shows the correlation graph between pSR and fSR for the 20 patients and 2 fractions considered (N=40 cases).
Overall, the two groups were deemed to be correlated with a coefficient of 0.72 (p<0.01). Single OAR correlation
coefficients and p-values were 0.90 (p<0.01), 0.91 (p<0.01), 0.57 (p=0.18), 0.76 (p=0.04), 0.71 (p=0.04), 0.83 (p=0.01),
0.72 (p=0.04) and 0.42 (p=0.30) for the spinal cord, brainstem, parotids (left and right), oral cavity, mandible, oesophagus,

and larynx, respectively.

From discriminant analysis, the OP values for each of the OARs were 0.20, 0.09, -0.61, 0.70, 0.78, 1.67, 0.03 and -2.15.
These OPs represent guidelines for clinical decision making using pSR of KBP values to obtain a real gain after plan
optimisation (fSR>0). Figure 5 reports, for each OAR, the pSR and fSR. The OPs are represented by a vertical line in
each graph for each organ. It is possible to observe that, for various OARs, many fSRs are positive for pSR values greater

than OPs (marked as circles).
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Figure 5 Correlation graph of predicted KBP gain pSR and fSR values for the 20 patients, where both fractions are considered (40

adapted CTs). OPs found from the ROC analysis are represented by a vertical line in each graph for each organ. Each marker represents

a plan for the evaluation set for which the pSR were higher/right (circle) or lower/left (cross) of the OP value (vertical line).

In Figure 6, ROC curves are shown separately for each OAR. The corresponding areas under the curve (AUCs) give an

effective measure of the accuracy of the pSR prediction and were 0.824, 0.704, 0.974, 0.863, 0.772, 0.821 and 0.886 for

the spinal cord, brainstem, parotids, oral cavity, mandible, oesophagus, and larynx, respectively.
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Overall, among the 310 cases (in 10 cases the larynx was missing), TP were 140, TN were 104, FP were 36 and FN were
30. From the ROC analysis, the sensitivity and specificity of the overall model were 0.69 and 0.78, respectively. The

associated accuracy was 0.74, and the estimation error was 0.26.
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4. Discussion

In this study, we have investigated the use of a KBP tool for ART and evaluated the predicted gain from re-planning for
OARs. The KBP model was trained using Pareto-optimal treatment plans that were all automatically generated using the
Eclipse MCO module with a uniquely prioritised, objective optimisation list, avoiding the use of manually generated
plans to train the model as these generally suffer from variation in quality and inconsistencies among different planners.
To assess the inherent accuracy of RapidPlan predictions for ART re-planning, the gain from re-planning was quantified
by comparing DVHs of the original plan recalculated on patient anatomy, imaged at two different time points during
treatment, with predicted and final KBP DVH obtained with a new plan on the same image set.

Discriminant analysis performed in this study allowed an estimation of the KBP predictive power for the effective gain
from re-planning, with an AUC value greater than 0.7 (Figure 6) for all OARs, confirming that mid-line DVH could be
used as a good surrogate for prediction values as previously suggested in other works [28,40]. ROC curve analysis
established the best cut-off for predicted values for clinical purposes (OPs (Section 2.8)). These OPs were found to be

positive (range: [0.03, 1.67]) for 5 OAR models, except for the parotids (-0.61) and larynx (-2.15).

We used adapted-CTs based on deformable image registration between planning CT and CBCT respectively, for fraction
16 and fraction 26. The validation of image registration algorithm for clinical use remains a challenging task in ART, as
their accuracy depends on the complexity and quality of the images used in the registration task [43,44]. In the absence
of standardized tools, the accuracy of registration in our study was verified by means of a visual inspection. We carefully
visually assessed deformed images (adapted-CTs), deformed structures on adapted-CTs and magnitude of the deformable
vector fields. Since the investigations were performed directly on adapted-CTs by comparing predicted and final KBP
DVH with the original plan recalculated on adapted-CT, our analysis was not directly influenced by the registration
uncertainties.

An optimal prediction model needs a prediction range (predicted uncertainty) that is as small as possible. Said range is
defined in RapidPlan as 1 SD from the predicted result. A larger prediction range means that the model has larger
uncertainties. In the MCO-KBP model training, we used consistently generated Pareto-optimal plans to build models.
However, a significant statistical deviation from predicted DVH bounds is still present as reported in Figure 2 for an
example patient from the evaluation set. Since we avoided the use of manual plans to build the model, the deviation is
not related to the quality of the suboptimal plans but only to the intrinsic limitations of the model.

The KBP prediction error bounds led to significantly higher pKBP uncertainty, as reported in Figure 4a compared with
the predicted gain in term of ASR for several cases. Both quantities (pASR and KBP uncertainties) were dependent on

the OAR KBP model (Figure 4). Overall, pASR of pKBP uncertainties and the ASR of predicted gains when a new plan
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was used were very close in average values and Wilcoxon signed rank tests confirmed no significant differences between
the two groups (p>0.05). When considering the final values after optimisation this relationship improved, showing fASR
values higher than corresponding fKBP uncertainty values for the majority of cases (Figure 4b).

Overall, predicted, and final gains, pSR and fSR, were correlated (p<0.01) and showed a similar proportion of cases with
positive gain predicted (48%) with respect to positive actual gain (47%).

In the process of building the KBP prediction model, outliers are defined as training plans that could result in undesirable
bias in the models. In the absence of general rules, some criteria to better identify and manage these possible outliers have
been previously published [28, 29,34]. In this study, all plans used to build the model were Pareto-optimal with consistent
trade-offs between all treatment objectives. Therefore, we expected not to find any dosimetric outliers in our training set.
However, the Varian MA tool still identified some instances of outliers in our training dataset (Table 1). Those potential
outliers could have been found due to the limited range of geometric information in the input data and/or intrinsic limits
of the models, as reported in a previous study by Cagni et al. [29].

Varian’s RapidPlan guide indicates a minimum number of 20 plans to train a model. However, Boutilier et al [30] have
shown that for prostate cancer DVH prediction, RapidPlan needs at least 75 plans to achieve good prediction accuracy.
Fogliata et al. [28] considered 83 patients for building a KBP model with RapidPlan and the models were validated on 20
HN patients. In line with this approach, our model was built on 80 cases for training and 20 cases for validation.

The model quality was evaluated by checking the goodness of fit statistics for each structure, with the coefficient of
determination R?, with observed values higher than 0.8 for all structures except spinal cord, and the average Pearson’s
chi square y?, with all observed values less than 1.1 (Table 1). These results are in line with the KBP models of goodness
of fit reported in other studies [20,27,28]. Moreover, differences in terms of model predicted and final endpoints (Dmax
and Dmean) were not statistically significant (Table 2), confirming the goodness of model prediction.

Sum of residuals (SR) between entire DVHs were used as the metric to quantify predicted and final OAR gain. From a
radiobiological perspective, SR gives interesting information about global DVH and mean dose variation, generally
considered for parallel organs, such as the parotids, larynx, oral cavity, or oesophagus [45,46]. On the other hand, for
serial organs such as the spinal cord, only the high dose region of the DVH is correlated with radiation-induced

complications [45,46]. In this work, the spinal cord had the worst (negative) gain among all OARs with a mean final SR

of -1.34, but it did not provide information about the radiobiological integrity of the organ since there was no indication
of how its maximum delivered dose changed. For this reason, we also considered specific DVH endpoints to summarize

the RapidPlan prediction performance, as described in Table 2.
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1

2

431 5. Conclusions

Z We have demonstrated the feasibility of using knowledge-based tools to establish the need for plan adaptation based on
; OAR sparing to help automate the process of re-planning. This study has shown that the prediction uncertainties of
9 knowledge-based planning tools trained with Pareto-optimal plans are sufficiently low for such tools to be used in
10

n adaptive radiotherapy. The approach described in this work has the potential to be implemented in an on-line adaptive
12

13 radiotherapy process.
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