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ABSTRACT: Currently, an increasing fraction of radiotherapy (RT) treatments use intensity modulated
techniques as the latter allow to deliver a highly conformal dose distribution to the tumor while sparing the
surrounding normal tissues. The most striking example being for organ at risk (OAR) with a concave
shape [1]. However, as it is well known, such rotational treatments deliver lower doses to a greater volume
of surrounding normal tissues. As usual, these complex methods require quantitative veri�cations in order
to assess the integrity of the delivery: the measured and planned dose distributions need to be compared.
A new feature compare to classical conformational RT (3DCRT) arises from the necessity to achieve these
controls or quality assurance (QA) before the treatments. Indeed, usual in vivo dosimetry is no longer
realistic in IMRT due to technical issues related to the beam modulation. Then, the pre-treatment QA are
in general made with a dedicated phantom [2,3] and a gamma-analysis is performed. However, these
measures are time-consuming (humanly and in machine time) and if the result is not satisfying we need to
restart the (inverse) planimetry from the begining.
From this ascertainment, the society Radiation Therapy Consulting (RTC) had developped a software
called PQAi, based on machine learning which allows to evaluate the deliverability of IMRT plans ie to
predict whether a plan will pass or fail the QA. In this study, carried out at the university hospital La
Timone, we quantitatively evaluate the predictive power of this new software. The sofware prediction is
insured by a �rst learning phase in which several complexity indices (CI) are computed from the RT plans,
in order to determine the degree of complexity of each plans. This complexity is then correlated to the
result of the QA to determine which kind of plans are deliverable or not in a second predict phase.
Our focus is on the VMAT (Volumetric-modulated arc therapy) technique [4�7] and we explore the e�ect of
several parameters related to the quality of the prediction. The main one being the learning criteria used
for the gamma analysis. We also study the tumor location and the e�ect of a mirror accelerator.

1



I Introduction

The QA of IMRT plans can be done in several ways:
with 3D phatoms (Delta4 Phantom, ArcCHECK)
like in our case, with planar phantoms (matrix, oc-
tavius) or �lms, using the portal imager (EPID)
or with a transmission chamber 1 (dolphin, IQM,
Delta4 discover). The two last options are less time-
consuming as there is no need to position a detector
but we still need to carry out the treament to mea-
sure the QA outlining the advantages of a predictive
sofware. Let us mention that another possibility uses
the log �les [8].

To assess the level of modulation of IMRT plans,
di�erent metrics combining several beam parameters
have been introduced in the litterature. These com-
plexity metrics are either based on the �uence [10�15]
or on the geometry [15�19] (aperture based). The
software considered in this work combines several of
these complexity indices. Each plan is then located
in a space with a dimension �xed by the number of
complexity indices computed by the sofware. During
the learning part, the software learns how to di�eren-
ciate plans in this space. This learning phase allows
to disciminate plans at the level of the passing (OK)
or the failing (KO) plans, the values of gamma pass-
ing rate (GPR) or the mean and max gamma values.
After the learning, the software is able to provide an
advice to determine if a plan passes or not the QA.
Depending on this advice we conclude that the plan
is: (i) deliverable, (ii) not deliverable and we need to
restart the planimetry or (iii) not sure to be deliver-
able and we need to perform the QA.

It is worth to note that up to our knowledge only
few works attempt to predict the result of QA for
IMRT plans [20]. However, some of the complex-
ity metrics have already been incorporated into TPS,
with the goal of producing plans that are more likely
to pass the QA [21, 22]. In all cases, only weak cor-
relations have been found between passing rates and
these metrics because only one single metric was con-
sidered at a time with the expectation that the latter
will explain alone the passing rates. Therefore, an al-
gorithm that integrates di�erent complexity metrics
and is able to predict IMRT QA passing rates has yet
to be developed.

1This kind of detectors can be used for pre-treatment QA
as well as for in-vivo dosimetry.

II Materials and methods

Two techniques can be di�erenciated in RT: the
3DCRT and the IMRT. In the �rst one, the �eld
shape of a beam is determinated by the jaws of the
accelerator such that only large rectangular �elds are
available. Moreover, the dose prescription is in one
point and the plani�cation method is direct. In the
more recent IMRT technique, the spirit is completely
di�erent. Indeed, the �eld shape is determined by the
multi-leaf collimator (MLC) which allows to achieve
more complex and smaller �elds with a better confor-
mation to the tumor volume as well as a better pro-
tection of the OAR. The prescription is now related
to a volume and it is worth to note that the dosime-
try is very di�erent due to the inverse plani�cation
process that is, the desired dose distribution is �xed
from the begining and the TPS algoritm tries to �nd
the better way to realise it by varying the di�erent
available parameters.

In this study, we will only consider IMRT tech-
niques as the latter require QA controls before the
treatment. There are di�erent types of IMRT tech-
niques. First, the static one that includes the step and
shoot (S&S) mode [23�26] and the sliding window
mode [27�29]. These techniques use several beams
at �xed angulation of the gantry. In the S&S mode,
the MLC is motionless for a given beam which have
then a �xed �eld shape to achieve the dose conforma-
tion. In the sliding window mode, the �eld shape is
not �xed but varies continuoulsy to achieve the dose
conformation. This method is slightly faster than the
previous one. The other type of IMRT technique is
the VMAT which contrary to static IMRT uses con-
tinuous arcs insted of �xed beams. We then need
to �x the number of arc, their starting and ending
points as well as the angulation of the couch. The
VMAT technique is faster in the delivery as compare
to static IMRT. In this study, we will only consider
the VMAT technique because of its intrinsic larger
complexity leading to QA that are less likely to pass.
Moreover, static IMRT will certainly be replaced by
the faster VMAT technique in the future.

II.1 Optimisation phase

The treatment planning system (TPS) used during
the plani�cation process is Pinnacle3 (Philips Medi-

cal Systems, USA) version 16.2 coupled to the Record
and verify (R&V ) system MOSAIQ (Elekta, Swee-

den) version 2.64. The optimisation algorithm used
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is the DMPO (Direct Machine Parameter Optimi-
sation) for IMRT and SmartArc (based on DMPO)
for VMAT. Both of them are based on the collapsed
cone [30] method. Furthermore, we have also used
a recent module called auto-planning [31,32] that al-
lows in principle to �nd better solutions to the in-
verse planning problem and then more complex plans
which are less likely to pass the QA. This is and im-
portant point as we need a su�cient percentage of
failing plans to train the software during the learning
phase (see table 4).

Figure 1: Schematic view of the di�erent target volumes [33].
First, the gross tumor volume (GTV) that corresponds to the pal-
pable or visible extent of the tumor. Then, the clinical target vol-
ume (CTV) taking into account the tissue volume that contains a
demonstrable GTV and/or sub-clinical microscopic malignant dis-
ease. Finally, the planned target volume (PTV) is de�ned to take
into consideration the net e�ect of all possible geometrical variations
of the beams, in order to ensure that the prescribed dose is actually
absorbed in the CTV.

As a �rst step, we intend to redo the planimetry of
treated patients 2 and in order to be as close as possi-
ble to the clinical routine we compare our result to the
clinical dose-volume histogram (DVH). In addition
to respecting the ICRU (International Commision on
Radiation Units and Measurements) constraints on
the OAR, which are listed in table 1 for the most rel-
evant ones, the new DVH should be equivalent or even
better than the old one. For the targets (see Fig. 1
for de�nitions) that is for the planned target volume
(PTV), at least 95% of the volume should receive at
least 95% of the prescribed dose. This requirement
on the PTV coverage being crucial for tumor control.
In addition, the max dose should be less than 107%
(hot points) of the prescribed dose. These require-
ments are outlined in Fig. 10. Once the dosimetry
is clinicaly acceptable, the beam geometry (RT plan)
and the dose computation (RT dose) are exported on
the scan of the phantom that will be used for the QA.
In this way, it will be possible to compare the planed
dose with the measured one. Note that the RT plan is
also exported to the R&V system in order to deliver

2Reoptimised plans were �rst performed in static IMRT.

the correct plan.

Location OAR Constraints

Rectum V50 ≤ 50%

V70 ≤ 20%

V74 ≤ 5%

V76 ≤ 2%

Pelvic-prostate Bladder V60 ≤ 50%

V70 ≤ 25%

V80 ≤ 2%

Femoral head V50 ≤ 10%

Hail V40 ≤ 350cm3

Spinal cord Dmax ≤ 40 Gy

Spinal cord + 5 mm Dmax ≤ 50 Gy

Oral cavity Dmoy ≤ 30 Gy

H&N Mandible V70 ≤ 2%

Parotid Dmoy ≤ 26 Gy

Temporomandibular joints Dmax ≤ 55 Gy

Larynx Dmoy ≤ 45 Gy

Esophagus Dmoy ≤ 45 Gy

Table 1: Main constraints to the OAR applied at the university
hospital La Timone for the pelvic-prostate and H&N locations, fol-
lowing the ICRU recommandations. Let us remind that an OAR
is an organ whose sensitivity to radiation is such that the dose re-
ceived from a treatment plan may be signi�cant compared with its
tolerance, possibly requiring a change in the beam arrangement or
a change in the prescribed dose [33]. The above constraints are on
the mean dose (Dmoy ≤ xx Gy), the max dose (Dmax ≤ xx Gy) or
on the dose to a fraction of the OAR volume (Dxx Gy ≤ yy %).

Let us now turn to some details about the plans
considered in this study. We mostly focus on the
prostate alone, pelvic-prostate and head and neck
(H&N) tumor locations 3. Note that we consider sep-
arately the prostate alone and the pelvic-prostate re-
gions as the complexity is in general larger for the
second one. This is due to the pelvic nodes that
should be treated with larger �elds. Typical CT im-
ages corresponding to these locations are presented
in �gures 2 and 12 respectively where the di�erent
PTV and the main OAR are outlined in the sagittal,
transverse and coronal planes. Typical dose prescrip-
tions at the university hospital La Timone are listed
in table 2. Let us mention that we have also consid-

Location Dose per fraction phase 1 phase 2

(Gy/fr) (Gy) (Gy)

Prostatic loge 2 66 /

Pelvic-prostate 2 46 34

1.8 50.4 28.8

H&N 2 50 20

2 70 /

Table 2: Typical dose prescriptions as a function of the location.
The number of fractions is easily determined from the dose per frac-
tion and the total dose.

3 These locations have been choosen according to their com-
plexity. Moreover, the pelvic-prostate and H&N regions were
treated in S&S before such that this study allowed to imple-
ment their tretment in VMAT for the clinical routine

3



ered few plans from other locations like the brain, the
lung and the abdomen regions. Treatments plans can
be done in a sequential way that is in several phases
(mainly two) where a boost (larger prescibed dose) is
realised in the PTV of the second phase (generaly the
tumor). Indeed, the PTV of the �rst phase generaly
involve regions like the nodes which are only treated
in a prophylactic way. Another possibility is an inte-
grated boost ie a treatment in one phase where the
boost is realised at the same time. In other words,
the PTV with di�erent prescribed dose are treated
with a di�erent dose by fraction and then di�erent
radiobiological e�ects. Note also that for simplicity,
we have simpli�ed few clinical prescriptions for the
pelvic-prostate region usually done in three phases
to prescription in two phases. Indeed, the phase one
and two with the same PTV have been merged and
the phase three became the phase two. Moreover, all
phases have been converted to an equivalent dose of
2 Gy/fr. For instance, we have: 25 Gy in 10 fr (2.5
Gy/fr) ∼= 28 Gy in 14 fr. This is easily understandable
using the quadratic linear model:

D1

D2
=
n1d1
n2d2

=
α/β + d2
α/β + d1

, (1)

where Di are the total doses, di the dose by fractions
and ni the number of fractions.

Figure 2: Typical CT images of the pelvic-prostate region in
the coronal, transverse and sagittal planes respectively. The three
relevant PTV are the nodes (dark blue), the seminal vesicles (dark
blue, close to the prostate) and the prostate (sky blue). The boosted
region, treated in phase 2, only contains the prostate PTV while the
nodes and the seminal vesicles are usually just treated in the �rst
phase. The most relevant OAR are the rectum (brown), the bladder
(yellow) and the femoral heads (green).

II.2 Quality assurance measurements

In this analysis, we have considered 452 plans in total:
279 of them have been optimised during the intern-
ship while 84 correspond to a preliminary work and
89 have been optimised by the physics team for clin-
ical routine. The detail of the number of plans by
location and machine is reported in table 3. Note
that we keep aside 53 plans for the predict phase and
use the others for the learning phase.

Location Synergy 2 Synergy 1 Total

Total 282 170 452

Prostate alone 48 9 57

Pelvic-prostate 87 15 102

H&N 117 116 233

Table 3: Number of plans used in the study as a function of the
location and machine.

Figure 3: De�nition of the dose di�erence and DTA (left-hand
side) ans schematic view of the gamma-index computation in two
spacial dimensions (right-hand side). The extension to the 3D case
is straightforward.

As already mentioned, the measured and planned
dose distributions need to be compared to assess the
integrity of the delivery of VMAT plans. An objec-
tive and quantitative way is provided by the so-called
Gamma index [9]. The latter combines both the per-
centage dose di�erence and the distance to agreement
(DTA). Indeed, in the low gradient regions (see �g-
ure 3), the two dose distributions can be directly com-
pared and an agreement condition could be de�ned as
the di�erence between the measured and calculated
doses ie δ(rm, rc) = |Dm(rm)−Dc(rc)| ≤ ∆D. How-
ever, in the hight gradient regions, a small spatial dif-
ference between the two distributions induces a large
dose di�erence such that direct dose di�erences are
less relevant and the DTA should be introduced. The
DTA is de�ned as the distance between the measured
data point and the nearest point in the calculated
dose distribution that exhibits the same dose value
ie r(rm, rc) = |rm − rc| ≤ ∆d. An usual choice be-
ing ∆D = 3% and ∆d = 3 mm. The gamma-index
function is de�ned as follow:

γ(rm) = min

[√
r2(rm, rc)

∆d
+
δ2(rm, rc)

∆D

]
. (2)

Then, the relevant condition is now de�ned by
γ(rm) ≤ 1 ie the acceptable region in the r− δ plane
is located inside the ellipse with axes ∆D and ∆d
(see �gure 3). A gamma passing rate (GPR) larger
than 95% ie the percentage of the measured points
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having a γ-index smaller than one is required for the
plan to be accepted 4. Let us remark that the GPR
do not completely de�nes the distribution of mea-
sured points such that, it could also be interesting
to consider the gamma mean and gamma max val-
ues (see �gure 14). Moreover, we should separate the
local and global gamma analysis which have a di�er-
ent normalisation for the reference dose used to com-
pute the dose di�erence. In the local analysis that
we use in this study, the percentage dose di�erence
is computed from the calculated dose at each mea-
sured points such that the tolerance changes with the
dose level. On the contrary, in the global analysis
the percentage dose di�erence is the same for each
points no matter is the calculated dose and is �xed
from the dose max or the prescibed dose. Then, the
local gamma analysis is in general more restrictive on
the low doses.

The QA are carried out on two mirror accelerators
platform synergy beam modulator (Elekta, Sweeden):
the synergy 1 and 2 where the latter is modeled in
the TPS while the former is considered as mirror.
The measures are achieved with the dedicated Delta4

(Scandidos, Sweeden) diode array phantom coupled
to the sofware scandidos. The phantom consists of
1069 p-type silicon diodes in a crossed array (two
orthogonal plans) inside a PMMA phantom. Three
dimensional dose distribution can be reconstructed
from the measured dose in the planes. The percent-
age of passing and failing plans are summarised in
table 4 for two sets of criteria that will be considered
in the next. An example of QA result is presented in
appendix B. It is worth to note that the QA result ie
the OK-KO result, the GPR and the mean and max
values are obtained for each prescriptions and arcs
while the clinical decision is only taken according to
each phases.

Criteria Synergy 2 Synergy 1

A: 3% - 3mm - 97% 7.09 % 15.79 %

B: 2.5% - 2.5mm - 95% 20.92 % 35.43 %

Table 4: Percentage of failing plans used in the study as a func-
tion of the criteria used in the gamma-index analysis as well as the
machine (synergy 1 or 2).

The highly conformal dose distribution in VMAT
treatments is achieved by varying: (i) the rotation
speed of the gantry, (ii) the dose-rate variation and
(iii) the position and speed of the MLC leaves. The

4Note that we use a threeshold of 20% in order to exclude
low doses which are subject to larger uncertainties.

deliverability of a treatment ie the result of the QA
might be a�ected by the degree of modulation or in
other words by the plan complexity and is due to
the mechanical limitations of the accelerator and to
the accuracy limitations of the dose calculation in the
TPS. This complexity arises from beam modulation
as a large number of small and/or irregularly shaped
beam segments are needed to achieve hight dose con-
formity. These small segments induce higher dose
uncertainties than those used in large �elds 3DCRT
and necessitate an accurate modelisation of MLCs ie
of the leaf transmission and the interleaf leakage.

II.3 Software PQAi

We now turn to a short description of the sofware
functionning (see �gure 4). We do not intend to dis-
cuss every aspects in detail but rather to clarify the
main issues in order to have a su�ciently clear picture
in mind. As already mentioned, the software is based
on a machine learning algorithm which di�erenciates
plans according to their OK-KO status, the GPR or
the gamma mean and max values. The learning phase
is insured by the computation of several complexity
indices that allow to estimate the plan complexity ie
the level of modulation of IMRT treatments.

Fluence-based Geometry-based

PA, PI, PM [10] MI [16]

MCS [11,12] PIMV [17]

Table 5: List of the main complexity indices used by the software.

The complexity metrics can be classi�ed in two
groups, which are based on the �uence or on the
geometry (aperture based). The main indices com-
puted by the software are summerised in table 5.
For more details on few of them, we report to ap-
pendix C. Let us just note that a limitation of �uence-
based approaches is their insensivity to the degen-
eracy of �uence maps. In other words, many small
beams may lead to the same index value than a large
beam even though the plan with small beam segments
is more complex. On the contrary, aperture-based
approaches assess beam complexity by analysing di-
rectly the beam aperture.

This is not a simple task to describe the plan com-
plexity using one or even few indices. Indeed, most of
them are correlated and it is not obvious to extract
one relevant combination because the latter would de-
pend on the plans used in the learning phase. As
a consequence, the sofware compute a large number
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of complexity indices and combines them in order to
learn how to di�erenciate them in a space where the
dimension is �xed by the number of complexity in-
dices.

Figure 4: Schematic view of the software functionning.

The software functioning is divided into two parts:
the learning and predict part (see �gure 4). Among
other things, the learning depends on the quality of
the modelisation in the TPS, the complexity of the
plans obtained during the optimisation phase, the
phatom used for the QA that is the response of the
detector and of course the accelerator. As we will ex-
plore in section III the software prediction may be
based on the OK-KO status, the GPR, the mean
gamma or the max gamma of the plans. Therefore,
the plans used in the learning are implemented in the
sofware with all of these parameters. Note that the
GPR, the mean and max gamma are given for each
arcs and prescriptions (phases) while the OK-KO sta-
tus is only for each prescriptions (not for the whole
plan). We visualise the data according to the criteria
A or B as all of the above parameters depend on this
choice. The PCA decomposition gives the better plan
to separate the data (see �gures 5, 6 and 7). We then
have four di�erent learning models according to the
OK-KO status, the GPR, the gamma mean or the
max.

QA result

OK KO

OK True-positive (TP) False-positive (FP)

PTP =
TP

TP + FN
PFP = β

Software = 1− α

prediction KO False-negative (FN) True-negative (TN)

PFN = α PTN =
TN

TN + FP
= 1− β

Table 6: De�nition of the false-positive (FP) and false-negative
(FN) predictions of the software with their probabilities.

To appreciate the validity of the prediction, we can
compute the sensitivity PTP and the speci�city PTN
which are de�ned in table 6. Ideally, these probabil-
ities should be equal to one that is, the probabilities
of the type 1 and type 2 errors α and β should tend

to zero which is unfortuntely never the case in statis-
tics. The precision of the prediction is related to the
number of "false-positive" (FP) ie a plan that is pre-
dicted by the software to pass the required criteria
but fails the QA. Indeed, this is a very dangerous
case that should be avoid as the plan is expected to
be deliverable but it is not. A "false-negative" (FN)
is less problematic as we redo the planimetry even if
the plan is deliverable.

For the model based on the OK-KO status, a
ROC analysis (sensibility vs speci�city curve) is per-
formed in order to determine the appropiate complex-
ity threeshold value ie the number of desired FP. We
note that the uncertainty of the ROC curve (cf �gure
5) is reduced when the number of plans increase oulin-
ing the fact that a large number of plans is needed
for a correct learning. Otherwise, for models based
on GPR, gamma mean or max, the leave one out
(LOO) method 5 allows to appreciate the robusness
of the prediction (see �gures 6 and 7) by giving the
predicted versus the measured value with an interval.

Finally, having a learning model at disposal, the
predict part gives advices (predictions) according to
the OK-KO status, the GPR, the gamma mean or the
gamma max. The predicted parameter is the same
than the one used in the learning model and the ad-
vice is presented as a mean value and an interval at
95% (see section III). This advice helps to take a clin-
ical decision. For instance, we can choose to exclude
plans with a mean gamma larger than 0.5 or a max
gamma larger than 2. Note that the threeshold of FP
is �xed to 5%, according to the ROC curve, but it
can be reduced if necessary.

III Results

Let us now turn to the results of our study. Hav-
ing a su�cient number of plans ie a large statistics,
we expect to bring a quantitative answer to several
questions. Indeed, in order to explore the predictive
power of the sofware, we will consider several param-
eters that may in�uence the result of a QA prediction
ie the learning quality. The main one being the cri-
teria used during the learning phase to discriminate
plans (criteria A or B). This is the �rst step to build a
predictive model based on the QA data as a di�erent
criteria may better di�erenciate the plan complexity.
Note that the learning criteria is more restrictive than

5This cross validation method is used for continuous param-
eters in opposition to the ROC analysis
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Figure 5: PCA decomposition of the data based on OK-KO status
for the criteria A and B (upper and lower left-hand side respectively)
as well as the corresponding ROC curves (right-hand side).

the clinical agreement criteria. More precisely, we in-
crease the passing rate (criteria A) or decrease the
percent dose di�erence and DTA (criteria B). Then,
we will also consider the e�ect of the tumor location
and the impact of the accelerator (synergy 1 or 2)
used for the QA.

III.1 Learning criteria

Let us start by considering the e�ect of the learn-
ing criteria. To that end, we focus on the synergy 2
as it will become more obvious in the next section.
We construct two kind of learning models according
to the criteria A and B (see �gures 5, 6 and 7). As
explained before, for these criteria, we build four dif-
ferent models based on the OK-KO status, the GPR
and the mean or max gamma. In the ROC analysis
for the OK-KO status (cf �gure 5), we found an area
under the curve (AUC) of 0.82 and 0.83 for the crite-
ria A and B respectively. Then, the model quality is a
bit better for criteria B 6. Note that the uncertainties
on the AUC are also given by the sofware as it can
be seen in the �gure. Similarly, the cross validation
curves 7 seem to be better in general for model B. In-
deed, the associated R2-score which allows to assess

6A more restrictive criteria of 2.5%-2.5mm-97% con�rms
this tendency with an AUC of 0.84.

7Note that the learning have been done according to the
results per fractions but it could be interesting in the future to
also consider the results per beams.

the model quality (a lower R2-score means a better
model quality) is similar for two criteria A and B for
the GPR model while it is better for the gamma mean
and max models (see table 7). Note that the GPR
may not give a proper account of the gamma distribu-
tion (cf �gure 14) as a the latter could be centered on
zero or on one and still leads to the same GPR value.
Then, the gamma mean and max values could be of
great help to take a decision in the predict part, as
explained below. We conclude that a more restrictive
set of criteria allows to better di�erenciate the plan
complexity (more KO plans and larger di�erences in
the QA results between plans). Then the learning
models with criteria B will be used in the next.

Model Criteria A Criteria B

GPR 0.39 (0.22,0.51) 0.40 (0.18,0.54)

Gmean 0.42 (0.31,0.50) 0.38 (0.24,0.48)

Gmax 0.35 (0.22, 0.44) 0.33 (0.20,0.43)

Table 7: List of the R2-score associated to the GPR, gamma mean
and max models with criteria A and B. The brackets correspond to
the interval at 95%.

Figure 6: Same as in �gure 5 but for the GPR model. Instead of
a ROC analysis, the robustness of the model is now evaluated with
a cross validation curve.

Let us now turn to the predict part to appreciate
the validity of the learning model. We have 53 plans,
not involved in the learning part, that can be used
to test the predictive power of the sofware. Following
the advices given by the latter, we can determinate for
instance, with the OK-KO status model, the number
of FP and FN. Unfortunately, these results are not
yet available and we hope that they will arrive soon.
Then, to give an example of what kind of analysis
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can be done with the test plans in the predict part,
we present two prototypes of �gure. First, the predic-
tion result associated to the gamma mean model is in
�gure 8 where we can see the measured value versus
the prediction (with its interval) ie the sofware ad-
vice. From this �gure, we will be abble to extract the
percentage of the test plans that are compatible with
the diagonal line, which provides a good con�dence
on the predictive power of the PQAi sofware. Finally,
we will use the GPR model for the �gure 8 where we
can see the prediction of the GPR (with its interval)
for each tested plan. If the lowest part of the inter-
val is larger than 95%, we accept the plan otherwise
we refuse it. From this �gure, we will be abble to
determine the percentage reduction of the QA.

Figure 7: Same as in �gure 6 but for the mean gamma model.

III.2 Tumor location and mirror acceler-

ators

We now consider the tumor location and the machine
used for the QA as an in�uence parameter of the
learning phase. Following the results of the previ-
ous section, we only consider the criteria B now. The
tumor location is related in some way to the plan
complexity and exploring several tumor locations al-
lows to expect a larger variety of plan complexity that
will increase the e�ciency of the learning phase. Note
that we pursue a preliminary study which have only
considered the pelvic-prostate region (cf section II.2).
We have considered several set of plans according to
a particular location and then constructed the cor-
responding learning models. We conclude that the
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Figure 8: Prototype �gures for the predicted γ-mean value versus
the measured one (top) and predicted GPR value with its interval
(sofware advice) (bottom) for the test plans.

choice of the tumor location is not really probant as
the data points are in general located in the same
region. Indeed, the important thing is the degree of
modulation which can be similar for di�erent tumor
locations. However, as expected we found that the de-
gree of modulation and then the quality of the learn-
ing model is smaller for the prostate alone. Moreover,
in some cases, the percentage of failing plans is too
small which also a�ect the prediction.

The last in�uence parameter that we consider is the
machine used for the QA. Indeed, we can also ask to
what extend the prediction is a�ected if some of the
QA are done with a mirror accelerator because the
two accelerators are slighly di�erent while the mod-
elisation in the TPS remains the same for both of
them. Then, as for the location, we select the data
according to the accelerator and construct three mod-
els: one with the plans associated with the synergy 1
and 2, one associated with the synergy 2 only and an-
other with the synergy 1 only. As expected, we �nd a
better result for the synergy 2 only model because it
is the one modeled in the TPS. In the ROC analysis
for instance, the AUC is respectively 0.83, 0.78 and
0.65 using the synergy 2 only, both machines or the
synergy 1 only (see �gure 9).
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Figure 9: ROC curves for the synergy 2 only (top left), for both
machines (top right) and for the synergy 1 only (bottom) models
with criteria B.

IV Conclusion and outlooks

In this analysis, we have studied the predictive power
of a new software called PQAi which is based on ma-
chine learning and allows to predict the results of QA
controls in VMAT treatments.

We have explored several parameters that may in-
�uence the learning process of the sofware like the
learning criteria, the tumor location and the machine
used for the QA.We found that more restrictive learn-
ing criteria are needed to better di�erenciate the data
which result in a more e�cient predictive model. In-
deed, using the test plans and following the advices
that arrise from the predict part of the sofware, we
will be abble (when data will be available) to de-
terminate the percentage reduction of the number of
QA that should be carried out for criteria A and B
respectively. For the tumor location, we found no
substantive e�ect up to the inherent complexity of
each anatomical region. For instance the robustness
of the model is similar for the pelvic-prostate and
H&N regions while it is lower for the prostate alone.
Finally, for the machine used for the QA, as expected
we found that the prediction is better for the synergy
2 which is the one modeled in the TPS.

It is worth to remind that the sofware PQAi is still
in a development phase such that many points could
be improved. Up to now, the results of the QA are
entered manually in the sofware (possibilities of error
and time-consuming) but it will possibly change in
the future with a direct extraction of the data from
the sofware carrying out the QA. Moreover, the num-
ber of plans needed for a su�ciently good prediction

model could be interesting to study as increasing the
number will of course increase the quality of the pre-
diction. Such possibility, to vary the number of plans
in order to re�ne the learning model, is not yet imple-
mented in the sofware and we had not enough time
to study it. In the spirit of having a more precise pre-
diction, a more restrictive criteria of 2%-2 mm could
be interesting to analyse and we will certainly explore
it in the future.

As an outlook of this study, one possible future for
the software could be to implement it into a TPS in
order to directely select plans that are more likely to
be deliverable. Furthermore, we should mention that
such predictive QA tool may also be used in a near
future for adaptative RT (new plan adapted for each
days of treatment). Furthermore, PQAi could also
be used for a continuous improvement of practices by
gradually increasing the plan complexity and quality
still having QA that pass the clinical criteria.

QA reduction OK (accepted) KO (replanned)

Criteria A 65.4% 44.2% 21.2%

Criteria B 55.8% 40.4% 15.4%

Criteria C 55.8% 32.7% 23.1%

Table 8: Percentage of QA reduction, accepted (OK) and re-
planned (KO) plans.
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A Isodose contours and Dose-

Volume Histograms

In this appendix, we compile few �gures in order to
illustrate the optimisation process. Figure 10 shows
an example of isodose contours ie the line of equal
dose, for a typical H&N plan. This plan contains
three di�erent PTV: the nodes, a lymphadenopathy
and the tumor . The prescribed doses for the lat-
ter are respectively 56, 63 and 70 Gy. Following the
ICRU recommandations,the relevant isodoses show in
the �gure then correspond to 95% of these prescribed
doses that is 53.2, 59.85 and 66.5 Gy.

Figure 10: Isodose contours for a typical H&N plan.

Figure 11 gives an example of DVH for the above
plan that is the fraction (y-axis) of the PTV and OAR
that receive a give dose (x-axis). Such DVH is used to
check that a plan respect or not the ICRU constraints
on the targets and OAR. Finally, �gures 12 show the
typical PTV and the main OAR for the H&N region.

Figure 11: Example of DVH for the H&N location corresponding
to the same plan than in �gure 10.

Figure 12: Same as in �gure 2 but for the H&N region. Three dif-
ferent PTV are outlined: the nodes (sky blue), the lymphadenopathy
(purple) and the tumor (dark blue). Also visible are the main OAR:
the mandible (orange), the parotids (red), the oral cavity (yellow),
the larynx (dark green) and the spinal cord (brown).

B Example of QA results

In this appendix, we shortly present an example of
QA results obtained during the phase of measure-
ment. It is worth to note that the QA measurements
are done separately for each arcs of all phases while
the GPR condition corresponds to the total dose in a
phase. Indeed, despite the phase may full�ll the GPR
condition, several arcs may have a GPR smaller than
95%. Figure 13 shows the details of the local gamma
analysis with the distributions of the percentage dose
di�erence and DTA. Finally, �gure 14 shows the dis-
tribution of γ-index from which we extract the GPR
as well as the gamma mean and gamma max values.

Figure 13: Distribution of measured points with a given dose
di�erence as compare to the planned dose (left-hand side) and same
thing for a given DTA (right-hand side)

C Complexity indices

In this appendix, we shortly present three complexity
indices used in this analysis.

• Number of monitor units (MU)

A commonly used indicator of plan complexity
is the total plan MU ie the sum of the MUs from
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Figure 14: Gamma analysis result with the number of measured
points with a given gamma-index. Also shown is the percentage of
points with a gamma-index smaller than one (GPR) according to
the usual condition (dose di�erence ≤ 3% and DTA ≤ 3 mm).

Figure 15: Example of a beam aperture j of beam i. The perime-
ter of the latter being APij while the area is AAij . The quantity
U(AAij) is the union area of all apertures of beam i.

all beams [10]. A larger number of MU could
be the sign of a larger complexity of a plan.
However, this quick measure of beam modula-
tion does not provide any distinction among the
di�erent forms of plan complexity: small beam
segments, irregularly shaped, narrow beam seg-
ments and large number of beam segments.

• Modulation index (MI)

The modulation index [7] is the best known
�uence-based complexity metric. It uses the fact
that modulation increases as dose conformality
increases. Then, MI measures the variations of
photon �uence between neighboring pixels of a
given beam.

• Plan average beam area (PA)

We now turn to a geometry-based index. For
the jth aperture Aij of beam i (see Fig. 15), the
aperture area (AA) is computed as the total area
of all MLC openings within Aij . The beam area
can be computed by summing over all aperture j
with the proper ponderation of the MU as follow:

BAi =

∑
jMUij ·AAij

MUi
, (3)

whereMUij andMUi are the MU of segment Aij
Finally, the plan area (PA) is obtained [10] by
summing over all beams i, again with the proper

ponderation of the MU:

PA =

∑
iBAi ·MUi
MUp

, (4)

where MUp is the total MU in the plan. A
smaller PA indicates a larger plan complexity as
it generally corresponds to smaller �elds. Sim-
ilarly, we can compute the plan average beam
irregularity (PI) using the aperture perimeter
(AP) de�ned in �gure 15.
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