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ABSTRACT
Purpose: The aim of this work was to demonstrate a practical and effective method to improve the
performance of RapidPlan (RP) model.
Methods: 203 consecutive clinical VMAT plans (P0) for cervical and endometrial cancer were used to
train an RP model (M0). The plans were then reoptimized by M0 to generate 203 new plans (P1).
Compared with P0, 150 plans with a lower mean dose (MD) of bladder, rectum and PBM were selected
from P1 to configure a new RP model (M1). A final RP model (M2) was trained using plans in M1 and
the remaining 53 plans from P1 (excluding OARs with worse MD) and the corresponding plans from
P0 (only including OARs with better MD). The models were validated on the mentioned 53 plans
(closed-loop set) and 46 patient cohorts outside the training library (open-loop set). p< 0.05 was con-
sidered statistically significant.
Results: For closed-loop validation, the difference of D2%, D98% and CI95% between groups was of no
statistical significance, the homogeneity index (HI) was lower in the groups of RP models (p< 0.05).
The MD of all OARs decreased monotonically in the sequence of the clinical group, group M0, M1 and
M2, except the MD of bowel in M1 and MD of LFH in M2. Similarly, for open-loop validation, there was
no significant difference in D2%, D98% and HI between groups, but CI95% was larger in the clinical
group (p< 0.05). The MD of all OARs decreased monotonically in the sequence of the clinical group,
group M0, M1 and M2, with the exception of bowel in M1.
Conclusion: The practical method of incorporating plan data of better-sparing OARs from both the
clinical VMAT plans and the re-optimized plans could further improve the performance of the
RP model.
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Background

Optimally utilized radiotherapy can improve the overall sur-
vival rate and local control benefits of patients with endo-
metrial and cervical cancer [1,2]. Recently, the volumetric
modulated radiotherapy (VMAT) technique has been increas-
ingly implemented to treat endometrial and cervical cancer
[3], for VMAT plan has been proved to achieve excellent
dose distribution and favorable clinical outcomes [4]. The
process of VMAT planning is a complex, labor-intensive and
time-consuming workflow. To achieve the optimal dose dis-
tribution of the VMAT plan, a planner manually adjusts the
dose objectives through an inverse-planning method and
several iterations. The trial and error process highly depends
on the skills and experience of planners, which may lead to
the variation in plan quality [5,6]. Plenty of studies have
shown that knowledge-based planning (KBP) is an effective
approach to reducing the inter-planner varieties of plan qual-
ity and improving planning efficiency [7–15].

The KBP method utilizes prior high-quality treatment
plans to configure dose volume histogram (DVH) estimation

for future radiotherapy plans. Nowadays, a commercial KBP
software, namely RapidPlan (Varian Medical Systems, Palo
Alto, CA, USA), has been widely implemented in clinical prac-
tice. By dividing the OARs into four different regions (i.e., the
out-of-field, in-field, leaf-transmission, and overlap regions),
RapidPlan uses the principal component analysis (PCA) and
stepwise regression analysis to build a DVH estimation
model, which builds strong correlations between geometric
features and dosimetric features by using the corresponding
information derived from plans of the training set [7–10].
Since the predicted DVH automatically generated by
RapidPlan is used to optimize the plan, it is easier to improve
the plan consistency and the planning efficiency.

Although well-trained RP models can generate plans that
are at least as good or better than conventional manual
plans in terms of target coverage, OAR sparing, plan consist-
ency and efficiency, there is a known limitation of the RP
model [16], i.e., the plan quality for new patients strongly
depends on the quality of plans in the training set. The per-
formance of RP models relies on the consistency between
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the anatomic features of the new patients and the popula-
tion used for training. Nan Li et al. reported on a strategy to
identify high-quality plans for a refined training set of cer-
vical cancer [11]. In their study, a refined model was con-
structed by selecting plans emphasizing PBM sparing and
bowel sparing by comparing the DVHs of original plans with
DVHs of plans generated by an unfiltered model. Fusella
et al. proposed an adjusted Plan Quality Metric (APQM) scor-
ing system to select the training set of RP model for prostate
cancer patients [10]. They found that the APQM model
showed target coverage and OARs sparing equal or superior
to the Uncleaned and Cleaned model [10]. In the studies of
RP models of glioblastoma and prostate cancer by Chatterjee
et al. [8,17], in order to improve the goodness-of-fit of the
model, an intermediate model was generated using the
DVHs of best-spared OARs of the initial model, then a final
model was trained by plans re-planned using the intermedi-
ate model and manual refinement. However, they didn’t spe-
cify what plan was the best spared OARs plan. Previously,
Fogliata et al. configured an RP model with clinical VMAT
plans and then trained a refined RP model with plans re-
optimized by the initial model on the same patients [12].
They concluded that the refined RP model could generate
plans with improved quality, mostly for parallel organs at
risk, and possibly also the intrinsic model quality.

Previously, Hussein et al. validated a clinically adopted RP
model for the treatment of cervical cancer [7]. They didn’t
use special techniques to select patients for training. In
recent research, Marisol Tinoco et al. randomly selected 46
cervical cancer patients for RP model training and achieved a
model capable of generating treatable VMAT plans for cer-
vical cancer patients [18]. The aim of the present work was
to estimate the performance of a practical method for select-
ing the training set for the RP model, the method was based
on the selection of plans with a lower mean dose of three
OARs (bladder, rectum and PBM) in the plans generated by
an initial RP model. Our approach to training the final model
M2 is the first to date for RP model configuration using the
plan data from RP model re-optimization plans and the clin-
ically accepted plans.

Material and methods

Patient sample

This is a quality improvement study. 203 consecutive clinical
VMAT plans for endometrial and cervical cancer treatment in
the First Affiliated Hospital of Xiamen University from
December 2019 to August 2021 were included in the training
set, and another forty-six clinical VMAT plans were set to the
test dataset. Patients with metallic femoral head prostheses
were not included in our study. There were some patients
with the PTV of the lymph nodes extending to the skin
included. Since this was a retrospective review of patient
data and replanning, we did not require formal research
approvals. These clinical VMAT plans were generated by
experienced medical physicists and reviewed by another
experienced physicist and the chief physician before treat-
ment. A CT scan was acquired for each patient in head first

and supine position at a 5mm slice spacing. Clinical target
volume (CTV) was delineated in accordance with internation-
ally accepted guidelines [19,20]. PTV was created by adding
an isotropic 6mm margin to the CTV and cropped 5mm
inside the body contour. The plans were optimized with
VMAT and 6MV photon beams generated by Varian linacs
(TrueBeam or Unique) in the department. The prescribed
dose for PTV was 50.4 Gy or 45Gy in 1.8 Gy daily fractions, or
50Gy or 46Gy in 2.0 Gy daily fractions. The planning goal
was to deliver 95% of the prescribed dose to 100% of the
PTV and limit overdosage to 110% of the prescribed dose.

Model building and refinement

The 203 VMAT plans (P0) in the training set were used to cre-
ate an initial RP model (M0) in the Eclipse version 15.6
(Varian Medical Systems). For model M0, only statistical out-
lier OARs with Cook’s Distance of more than 30 were
removed from the training set, rather than deleting the
whole plan [7,10,14,21]. Subsequently, plans in the whole
training set were reoptimized using M0, yielding 203 new
plans (P1). Three OARs were used to select the better plans
relative to P0 in P1, to avoid observer-dependent evaluation
preferences especially when the DVH lines were crossed, the
mean doses were compared and the plan with lower MD
was considered better [13,22]. The three OARs were bladder,
rectum and PBM. Then, a refined RP model (M1) was con-
structed by identifying 150 plans in P1 with simultaneously
lower MD of bladder, rectum and PBM. Another new RP
model (M2) was configured with all plans in model M1 and
the remaining 53 plans in P1 (removing the OARs with an
MD higher than the corresponding plans from P0 but retain-
ing the whole plan) and the corresponding plans from P0
(only including OARs with better MD).

Model assessment

To compare the clinical performance of the three models,
open-loop validation was performed on another consecutive
46 clinical VMAT plans that were not included in any model.
Besides, to test whether the MD of the three OARs (bladder,
rectum and PBM) of the ‘worse’ plans could be further
improved by the refined models, a closed-loop validation
was also carried out on the mentioned 53 cases using model
M0, M1 and M2. To ensure a fair comparison, the same beam
configuration as the original clinical VMAT plans was imple-
mented. A single optimization without human intervention
was carried out to assess the quality of the models.

The dose metrics based on the cumulative DVH of the
OARs and PTVs were evaluated. The V30Gy, V45Gy and MD
were evaluated for the bladder, bowel and rectum. For the
PBM, V10Gy, V20Gy, V30Gy, V40Gy and MD were recorded. The
MD, V30Gy and D1cm3 were reported for the left and right
femoral head (LFH and RFH). As for the PTV, the near max-
imum dose (D2%), near minimum dose (D98%), homogeneity
index (HI) and 95% isodose conformity index (CI95%) were
evaluated. Since the prescribed dose and fractionations were
different in the validation sets, therefore the MD, D1cm3, D2%

ACTA ONCOLOGICA 1013



and D98% were expressed as the dose relative to the pre-
scribed dose. The HI was defined as HI¼(D2%-D98%)/D50%,
and the CI95% was calculated according to the equation [23]
CI95%¼V95%/VPTV.

Statistical analysis

The statistical significance of any difference between dose
values created by the three models and the clinical VMAT
plans was assessed using analysis of variance (ANOVA). Post-
hoc Turkey tests were used to further analyze the difference
between any two groups of the three models and the clinical
VMAT plans. A p-value <0.05 was considered statistically
significant.

Results

Mean doses were reduced for all OARs of the 53 plans
re-optimized by M0, M1 and M2 compared to plans in the
clinical group (P0), moreover, most OARs had lower dose
metrics, except for V30Gy of the rectum, V10Gy, V30Gy and
V40Gy of PBM (Tables 1 and 2 and Figure S1). In addition, the
magnitude of the mean dose reduction increased monotonic-
ally in the sequence of M0, M1 and M2 groups, with the excep-
tion of the MD of bowel in M1 and MD of LFH in M2 (Table 2).
The 53 clinical VMAT plans and the plans re-optimized by M0,
M1 and M2 yielded comparable target coverage. There were
no significant differences in D2%, D98% and CI95% between
groups. However, the HI was lower in the groups of the RP
model (p< 0.05). According to the results of the post-hoc
Turkey tests, the differences between the clinical group and
M0 group in the MD, V30Gy and D1cm3 of LFH and RFH and HI
of PTV were statistically significant; the differences between
the clinical group and M1 group in the MD, V30Gy and D1cm3 of
LFH and RFH, V30Gy of the bladder, V30Gy of PBM and HI of

PTV were statistically significant; the differences between the
clinical group and M2 group in the MD, V30Gy and D1cm3 of
LFH and RFH, MD and V30Gy of bladder, V30Gy of PBM and
V30Gy of rectum were statistically significant; and the difference
between the M0 group and M2 group in V30Gy of bladder was
statistically significant (p< 0.05, Table 1).

Similarly, relative to the clinical VMAT plans, mean doses
of all OARs of the 46 open-loop cases re-optimized by M0,
M1 and M2 were reduced. In addition, all of the dose metrics
of M0, M1 and M2 groups were lower than the clinical group
except for the V10Gy of PBM (Table 3, Figure S2), the differen-
ces were statistically significant (p< 0.05) for all dose metrics,
with the exception of dose metrics of the bowel, V45Gy of
bladder and V40Gy of PBM. Furthermore, the magnitude of
the mean dose reduction increased monotonically in the
sequence of M0, M1 and M2 groups, with the exception of
the bowel (Table 4). The 46 clinical VMAT plans and the
plans re-optimized by M0, M1 and M2 yielded comparable
target coverage. The differences of D2%, D98% and HI were
not statistically significant between groups, but the CI95%
was larger in the clinical group (p< 0.05, Table 3), indicating
that the conformity of clinical plans was worse than that of
the three RP models. According to the results of the post-hoc
Turkey tests, the differences between the clinical group and
M0 group, the clinical group and M1 group, the clinical group
and M2 group in the MD, V30Gy and D1cm3 of LFH and RFH,

Table 1. Summary of the dosimetric metrics comparing the three RapidPlan models with the clinical treatment plans for the 53 closed-loop
validation cases (uncertainty expressed as 1 standard deviation).

Parameter Clinical (Mean ± SD) M0 (Mean ± SD) M1 (Mean ± SD) M2 (Mean ± SD) p-Value

PTV D2% (%) 106.1 ± 1.0 105.2 ± 0.6 105.3 ± 0.8 105.4 ± 2.6 0.072
D98% (%) 98.5 ± 0.5 98.7 ± 0.6 98.6 ± 0.7 98.5 ± 2.2 0.996
HI 0.1 ± 0.0 0.1 ± 0.0 0.1 ± 0.0 0.1 ± 0.0 0.073
CI95% 1.2 ± 0.1 1.2 ± 0.1 1.2 ± 0.1 1.2 ± 0.1 0.736

Bladder MD (%) 83.9 ± 6.6 82.3 ± 3.8 81.7 ± 3.9 79.9 ± 4.1 <0.001
V30Gy (%) 83.2 ± 14.3 78.9 ± 6.1 77.2 ± 6.4 73.2 ± 6.6 <0.001
V45Gy (%) 45.5 ± 12.1 43.7 ± 11.2 43.5 ± 11.1 42.7 ± 10.9 0.595

Bowel MD (%) 55.8 ± 8.7 54.2 ± 8.3 54.2 ± 8.4 54.0 ± 8.3 0.673
V30Gy (%) 42.8 ± 9.2 42.0 ± 8.7 42.0 ± 8.9 41.7 ± 8.8 0.912
V45Gy (%) 20.1 ± 7.2 19.7 ± 6.4 19.6 ± 6.3 19.4 ± 6.2 0.952

LFH MD (%) 29.0 ± 4.7 24.7 ± 3.5 23.2 ± 3.1 23.2 ± 3.1 <0.001
V30Gy (%) 7.1 ± 4.7 4.1 ± 3.2 2.9 ± 3.0 3.0 ± 3.0 <0.001
D1cm3 (%) 77.4 ± 6.7 71.5 ± 6.1 68.2 ± 6.6 68.6 ± 6.3 <0.001

RFH MD (%) 28.3 ± 4.3 24.5 ± 2.5 23.2 ± 2.5 23.0 ± 2.3 <0.001
V30Gy (%) 7.2 ± 4.5 4.3 ± 3.6 3.4 ± 3.0 3.3 ± 2.7 <0.001
D1cm3 (%) 77.1 ± 6.8 72.2 ± 6.1 69.7 ± 6.1 70.0 ± 6.0 <0.001

PBM MD (%) 58.6 ± 3.0 58.6 ± 1.6 58.3 ± 1.6 57.7 ± 1.7 0.113
V10Gy (%) 85.3 ± 2.6 86.5 ± 2.7 85.5 ± 2.5 86.5 ± 2.8 0.094
V20Gy (%) 72.7 ± 5.3 71.5 ± 2.0 70.6 ± 2.0 69.9 ± 2.3 <0.001
V30Gy (%) 48.4 ± 8.5 48.7 ± 6.0 48.3 ± 5.8 46.8 ± 5.9 0.591
V40Gy (%) 21.1 ± 6.0 21.5 ± 6.3 21.9 ± 6.4 21.0 ± 6.0 1.0

Rectum MD (%) 84.6 ± 6.9 84.4 ± 4.7 83.1 ± 5.0 81.8 ± 5.4 0.049
V30Gy (%) 85.1 ± 11.7 87.5 ± 5.6 85.7 ± 6.1 83.1 ± 7.2 0.597
V45Gy (%) 51.3 ± 21.7 46.3 ± 17.7 43.6 ± 17.5 42.5 ± 17.1 0.073

The reported p-values refer to the statistical significance between clinical group and M2 group.

Table 2. Dose differences for the mean dose of the OARs of the closed-loop
validation cases (uncertainty expressed as 1 standard deviation).

M0-Clinical M1-Clinical M2-Clinical

Bladder (%) �1.5 ± 6.1 �2.2 ± 6.3 �4.0 ± 6.2
Bowel (%) �1.7 ± 2.6 �1.6 ± 2.5 �1.8 ± 2.5
LFH (%) �4.3 ± 3.0 �5.9 ± 3.1 �5.9 ± 3.1
RFH (%) �3.8 ± 3.2 �5.1 ± 3.3 �5.2 ± 3.2
Rectum (%) �0.2 ± 6.6 �1.4 ± 6.7 �2.8 ± 6.7
PBM (%) �0.0 ± 2.6 �0.3 ± 2.6 �0.8 ± 2.6
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V30Gy of the bladder, V10Gy, V20Gy, V30Gy of PBM, V30Gy, V45Gy
and MD of the rectum were statistically significant; the differ-
ence between the M0 group and M1 group in MD of LFH was
statistically significant; the differences between the M0 group
and M2 group in the MD of LFH, V30Gy of the bladder, V20Gy of
PBM, and V30Gy of the rectum were statistically significant
(p< 0.05, Table 1).

The mean dose reduction of all OARs in the open-loop cases
was larger than that in the closed-loop cases (Tables 2 and 4),
indicating that the RP models are applicable not only to the
closed-loop cases but also to the open-loop cases.

Figure 1(a) plots the mean DVHs for the 53 closed-loop
validation cases, while Figure 1(b) demonstrates the mean
DVHs for the 46 open-loop validation cases. Both plots com-
pare the DVHs of the original VMAT plans and plans opti-
mized by models M0, M1 and M2. According to the plots,
model M2 outperformed model M1, M0 and the clinical plans
in DVH of almost all OARs. Furthermore, the DVHs of PTVs
largely overlap, suggesting comparable target coverage.

Discussion

In the current study, we investigated the performance of dif-
ferent knowledge-based RP models in closed-loop and open-
loop validation by comparing the dose metrics of clinical
VMAT plans and plans re-optimized by these models in a

single optimization. Our study illustrates an efficient and
practical method to refine the model training library and
provides a model (M2) that on average outperforms M1, M0

and clinical plans in terms of dosimetric outcomes. In add-
ition, we found in this research that the RapidPlan model
(M0) generated using only the library of clinically accepted
VMAT plans was able to produce VMAT plans that were com-
parable or better than the conventional trail-and-error clinical
VMAT plans, consistent with previous studies [7,11]. And the
plan quality of the validation cases can be further improved
by model M1, which is in line with previous publications
[8,12,13]. Our approach to training the final model M2 is
the first to date for RP model configuration using the plan
data from RP model re-optimization plans and the clinically
accepted plans. In this method, M1 re-optimization plans
with lower MD of bladder, rectum and PBM, as well as
other M1 re-optimization plans (herein we call them the
defective re-optimization plan) but excluding OARs with
larger MD, and clinical plans corresponding to the defective
re-optimization plans but only including OARs with lower MD
were selected.

It’s fundamental that the RP model represents broad geo-
metric diversity and tackles the interpatient OAR variability.
To achieve this, it would be beneficial to enlarge the number
of initial training cases with broad anatomical variability.
Although it is clinically desirable to enroll as many cases as
possible in the model library to expand geometric diversity,
in practice, it’s technically impossible to include all anatom-
ical variability. On one hand, our training library contains
more than two hundred cases, which is the bedrock of pro-
viding plenty of anatomical variety. On the other hand, our
solution better-protected OARs both from clinical plans and
the re-optimized plans to construct the training set, which
may well preserve population diversity and variability in dose

Table 3. Summary of the dosimetric metrics comparing the three RapidPlan models with the clinical treatment plans for the 46 open-loop val-
idation cases (uncertainty expressed as 1 standard deviation).

Parameter Clinical (Mean ± SD) M0 (Mean ± SD) M1 (Mean ± SD) M2 (Mean ± SD) p-Value

PTV D2% (%) 105.5 ± 1.2 105.4 ± 0.9 105.5 ± 1.2 105.4 ± 0.9 0.976
D98% (%) 99.0 ± 0.5 98.9 ± 0.5 99.0 ± 0.5 98.9 ± 0.5 0.859
HI 0.6 ± 0.0 0.6 ± 0.0 0.6 ± 0.0 0.6 ± 0.0 0.225
CI95% 1.3 ± 0.1 1.2 ± 0.1 1.2 ± 0.0 1.2 ± 0.0 <0.001

Bladder MD (%) 86.2 ± 6.5 83.2 ± 3.7 83.0 ± 4.2 81.3 ± 4.6 <0.001
V30Gy (%) 86.1 ± 13.0 80.3 ± 5.3 79.4 ± 6.1 75.5 ± 6.7 <0.001
V45Gy (%) 51.6 ± 14.7 47.3 ± 9.8 47.5 ± 9.7 46.6 ± 9.8 0.136

Bowel MD (%) 56.2 ± 9.7 54.4 ± 9.4 54.5 ± 9.4 54.2 ± 9.4 0.742
V30Gy (%) 43.5 ± 9.4 42.6 ± 10.2 42.8 ± 10.4 42.2 ± 10.3 0.930
V45Gy (%) 22.4 ± 9.6 21.1 ± 7.6 21.1 ± 7.7 21.0 ± 7.5 0.846

LFH MD (%) 30.6 ± 3.7 25.1 ± 2.4 23.5 ± 2.2 23.5 ± 2.3 <0.001
V30Gy (%) 10.1 ± 4.6 4.8 ± 2.7 3.4 ± 2.3 3.4 ± 2.2 <0.001
D1cm3 (%) 82.4 ± 6.6 73.5 ± 6.3 70.2 ± 6.5 69.9 ± 6.1 <0.001

RFH MD (%) 30.0 ± 4.3 24.4 ± 2.6 23.1 ± 2.4 22.9 ± 2.3 <0.001
V30Gy (%) 9.3 ± 4.5 4.7 ± 2.3 3.5 ± 2.0 3.4 ± 1.8 <0.001
D1cm3 (%) 81.0 ± 7.6 73.4 ± 5.7 70.5 ± 5.8 70.3 ± 5.8 <0.001

PBM MD (%) 60.7 ± 3.6 58.9 ± 1.9 58.8 ± 1.9 58.2 ± 1.8 <0.001
V10Gy (%) 84.3 ± 2.3 87.2 ± 2.6 86.8 ± 3.0 87.8 ± 3.2 <0.001
V20Gy (%) 74.2 ± 3.9 72.0 ± 1.9 71.1 ± 2.0 70.5 ± 2.0 <0.001
V30Gy (%) 54.8 ± 9.7 49.7 ± 5.1 49.6 ± 5.1 48.0 ± 4.9 <0.001
V40Gy (%) 25.2 ± 7.2 23.1 ± 5.8 23.3 ± 5.7 22.4 ± 5.6 0.117

Rectum MD (%) 88.8 ± 6.1 83.1 ± 5.4 81.9 ± 5.9 80.3 ± 6.2 <0.001
V30Gy (%) 92.1 ± 7.3 87.2 ± 5.0 85.2 ± 6.1 82.6 ± 7.2 <0.001
V45Gy (%) 60.2 ± 24.5 45.3 ± 19.3 43.4 ± 18.8 41.4 ± 18.5 <0.001

The reported p-values refer to the statistical significance between clinical group and M2 group.

Table 4. Dose differences for the mean dose of the OARs of the open-loop
validation cases (uncertainty expressed as 1 standard deviation).

M0-Clinical M1-Clinical M2-Clinical

Bladder (%) �3.0 ± 5.5 �3.1 ± 5.9 �4.9 ± 6.0
Bowel (%) �2.0 ± 2.7 �1.7 ± 2.8 �2.0 ± 2.7
LFH (%) �5.5 ± 3.1 �7.1 ± 3.1 �7.1 ± 3.1
RFH (%) �5.7 ± 3.6 �6.9 ± 3.7 �7.1 ± 3.5
Rectum (%) �5.8 ± 5.3 �6.9 ± 5.5 �8.5 ± 5.6
PBM (%) �1.8 ± 3.2 �1.9 ± 3.2 �2.5 ± 3.2
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distribution. Unlike other studies, in which poor plans were
either removed or only qualified cases were selected [10,11].

In this study, model M1 outperformed model M0, suggesting
that closed-loop re-optimization using the same training cases

can improve suboptimal plans and eliminate inter-planner vari-
ation in training cases, even though the number of training
cases of model M1 is about three-quarters of that of model M0.
Consistent with the study by Fogliata et al., they demonstrated

Figure 1. The average DVH plots of the closed-loop validation plans (a) and the open-loop validation plans (b). As shown in the legend, each OAR and PTV is rep-
resented by one color, and the dotted line is clinical plans, the dashed line is model M0, the dot-dashed line is M1 and the solid line is M2.
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that an RP model could be improved by re-training it with a
set of plans originated by itself in an iterative learning process
[12], although the mean dose differences for the OARs they
studied were modest in absolute terms. Recently, Chatterjee
et al. replanned 48 cases in the training library with an inter-
mediate model generated by DVH of the best-spared OARs of
the initial model, and used these replan to configure the final
model [8]. However, they didn’t define the concept of best-
spared OARs.

Ideally, planners try to pursue Pareto optimal plans, in
which situation the additional protection of one OAR can
only be achieved at the expense of other OARs in that plan.
However, through the re-planning of model M0, the mean
dose of the three OARs can be reduced simultaneously in
about three-quarters of the training cases. This indicates
that, in everyday practice, the insufficient sparing of an OAR
is not because of tradeoffs between OARs, but because of
suboptimal optimization. According to the results (Tables 2
and 4), the RP models can reduce the mean doses of the
OARs more in the open-loop validation set than in the
closed-loop validation set, which is contrary to the results of
Wang et al. [13]. It implies that the clinical plans in the
closed-loop set are closer to the optimal status than those in
the open-loop set, although, intuitively, the closed-loop cases
that are part of the training set will result in better perform-
ance of the closed-loop validation set than the open-loop
validation set. In fact, the closed-loop validation set was
selected from cases where the mean doses of bladder, rec-
tum and PBM could not be reduced simultaneously, making
it difficult to further improve these plans.

In our study, we also investigated the influence of bladder
volume on the improvement of the mean dose of the blad-
der in the three models. By performing linear regression ana-
lysis on the bladder volume and the improvement of the
mean dose of the bladder in the three models, we found
that there was no significant correlation between the bladder
volume and the improvement of the mean dose of the blad-
der (p¼ 0.242 in the open-loop group, p¼ 0.854 in the
closed-loop group). However, inconsistent with our results,
Tang et al. [24] reported a linear correlation of D2cm3 with the
overlapping volume of bladder and PTV. They also found that
the V40Gy of the bladder was related to the overlapping volume
of bladder and PTV, and the V40Gy of the non-overlapping
volume of bladder and PTV in the multiple linear regres-
sion analysis.

The first limitation of this study is that these RP models
were configured for a single dose level prescription and a
single treatment site. The practical techniques mentioned in
our study need to be validated in future multiple dose level
prescriptions and different treatment sites. A second limita-
tion is that the training set in our research was selected dir-
ectly from the clinically accepted plans, which resulted in
inter-planner variabilities. In previous research, Wang et al.
manually refined the clinical VMAT plans in the training
library by experts to narrow the initial plan quality diversity
[13]. The third limitation is that the training library, although
containing more than two hundred cases, cannot exhaust all
geometric diversity.

Conclusions

In summary, the RapidPlan models can generate appropriate
DVH objectives for the optimization of VMAT plans. In
patients with endometrial and cervical cancer, VMAT plans
produced by the RP models through a single optimization
without manual intervention had comparable target cover-
age and conformity and better OAR sparing to the clinically
accepted plans. Our study also demonstrates that configur-
ing RP models configured with plans generated by previous
RP models can improve model performance. Finally, our
practical approach of incorporating plan data of better spar-
ing OARs from both the clinical group and the re-planned
group can further improve the performance of the RP model.
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