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Introduction

Proton beam therapy (PBT) is expected to reduce radiation-
induced side-effects compared to state-of-the-art photon
treatments as the physical properties of protons offer the
possibility to spare normal tissues surrounding the tumor
from the dose [1]. However, irradiation of normal tissue can-
not be fully avoided and may lead to long-term adverse
effects. Severe normal tissue complications of the central
nervous system (CNS) can be characterized by contrast
enhancement (CE) on post-treatment magnetic resonance
images (MRI) [2] corresponding to a breakdown of the
blood-brain barrier. There is increasing evidence of a
regional variation in susceptibility to radiation-dependent
normal brain tissue damage [3,4]. Furthermore, recent find-
ings suggest a variable relative biological effectiveness (RBE)
[5] for proton therapy of the brain which translates into
regional variations in radiation effect - a topic of intense dis-
cussion [6]. Since PBT can be delivered with high local preci-
sion, there is a demand for radiation response models
identifying brain regions with increased risk for developing
late radiation damage.

In our clinic, late CE occurs in brain tissue for glioma
patients often within the periventricular region (PVR). As the
ventricular liquor contains no vascular structures, the PVR
may be, in particular, disadvantaged considering vascular
supply and thus more vulnerable for developing late brain
injury. However, so far the PVR has not been evaluated in
normal tissue response models for proton therapy.

Based on six glioma patients, this study aims to identify
relevant anatomical and physical parameters which may
explain the spatial heterogeneity of late brain toxicities after
proton therapy.

Methods
Study design

Six glioma patients (1/5 grade II/Ill) treated with adjuvant
radio(chemo)therapy using passively scattered protons at the
University Proton Therapy Dresden (UPTD) between
September 2015 and August 2017 were evaluated. All the
patients showed contrast enhancement on follow-up
T1-weighted (T1w-CE) MRI, corresponding to treatment-
related changes. This was confirmed using either histology
(4/6 patients) or radiological diagnosis (2/6 patients). Grade
Il glioma patients were treated to a total dose of 60 Gy in 30
fractions, whereas the total dose in grade Il glioma patients
was 54 Gy in 27 fractions. Patient and treatment characteris-
tics are shown in Supplementary Tables S1 and S2,
respectively.

Image acquisition and processing

T1-weighted MRIs after contrast injection were taken from
clinical magnetic resonance (MR) exams acquired as part of
standard patient care. Acquisition parameters are summar-
ized in Supplementary Table S1. Image changes were
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manually contoured on the earliest available T1w-CE follow-
up MR images (fuMRI) that show contrast. For one patient,
the earliest fuMRI with image changes had a slice thickness
of 5mm and was unsuitable for accurate image processing.
Hence, the subsequent fuMRI with a slice thickness of 2mm
was used instead.

These contour masks were non-linearly coregistered to
the T1w-CE planning MRI (pMRI) [7]. The lateral ventricles
were segmented on the pMRI using an in-house developed
image segmentation framework. The periventricular region
(PVR) was defined as a band around the segmented ven-
tricles with a 4 mm extension, which was taken from [8]. All
image change contours and masks were transferred to the
pCT for further analysis by rigid coregistration of the pMRI to
the pCT.

Statistical analysis

For statistical analysis, only brain tissue voxels were incorpo-
rated that received more than 2% of the prescribed dose.
Furthermore, cerebrospinal fluid (CSF) voxels were excluded,
as no image changes related to normal brain tissue compli-
cation were expected in these regions. Image voxels within
the delineated T1w-CE region were labeled as 1; the remain-
ing voxels were set to 0. The same labeling procedure was
applied for the delineated PVR.

Dose and LET simulations were performed on a high-per-
formance computation cluster using an in-house developed
MC simulation framework [9] based on the MC tool TOPAS
[10]. For LET calculation, the default TOPAS proton LET
(track-averaged) scorer was used [11,12]. Ten voxel-wise logit
models were built based on the variables dose, LET, the PVR
contour as well as the interaction terms dose x LET and
dose x PVR. Intercorrelation among the variables was tested
by calculating the Spearman rank coefficient.

Leave-one-out cross validation (LOOCV) was performed to
evaluate the variance and robustness of the models regard-
ing patient variability. In each of the six cross-validation
folds, a different patient was removed from the dataset, a
model was developed on the remaining five patients and
validated on the left-out patient by assessing the area under
the curve (AUC) of the receiver-operating characteris-
tic (ROQ).

The probability for an image change in a voxel was esti-
mated by

1
Pc =

— 7/ =N 1
1+ e (Bo+ BX) W

with model predictors X (dose, LET, PVR), coefficients E and
constant .

The coefficients were derived based on the voxel dataset
from all six patients using python statsmodels library [13].
Additionally, the Akaike information criteria (AIC) and pseudo
R-squared values were calculated for each model.

The TD;s dose, at which 15% of tissue voxels are pre-
dicted to show image changes, as function of LET was deter-
mined for the models. RBE values for 15% iso-effect were
estimated from the TD,5 data as,
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TD1s (LET = 1.0 keV
RBE — 015 ( 0 keV/um) 2)
TD;s (LET)
using TD;s at an LET of 1.0 keV/um as the dose of a refer-

ence radiation.

Results

The intercorrelation between the variables dose, LET, dose
times LET and the PVR was low to moderate with Spearman
rank coefficients ranging from —0.58 to 0.54 (Supplementary
Figure S1). The spatial distribution of the T1w-CE MR image
changes in the brain was highly non-uniform occurring pre-
dominantly outside but close to the CTV (Figure 1).

The multivariable models My, M, and My incorporat-
ing the predictors’ dose, LET and the PVR revealed the high-
est average cross-validated AUC, the lowest AIC and highest
pseudo-R-squared values (Table 1 and Supplementary Figure
S2). Model calibration was reasonable up to about 15%
(Supplementary Figure S3). The estimated TD;s(LET) and
RBE(LET) values decreased and increased, respectively, with
increasing LET (Supplementary Figure S4).

For model My with minimal AIC, the predicted image
change probability is visualized for each patient on pMRI sli-
ces with T1w-CE contours that were deformable co-regis-
tered from fuMRI (Figure 1).

Discussion

This study establishes a radiobiological model approach to
predict the observed highly non-uniform clinical radiation
response in the brain after proton treatment. Damaged brain
tissue regions were discriminated from non-contrast-receiv-
ing brain areas by using a combination of dose, LET and the
PVR with cross-validated mean AUC values >0.9. The mod-
eled tissue tolerance dose TD;s decreased with increasing
LET, which indicates a variable proton RBE that increases
with LET. The lower TD;5 values obtained within the PVR
may suggest an increased radiosensitivity of the PVR.

The multivariable logistic regression models with dose
and LET (My;, My,) predicted the late image changes with
high cross-validated AUC values of 0.88. In contrast, the uni-
variable models with either dose or LET as predictor were
poorly correlated with the image changes. This is another
strong indication for clinical RBE variability with LET confirm-
ing the growing awareness of this effect [14].

The best image change prediction was achieved with the
inclusion of the PVR both in cross-validated AUC values and
in AIC and pR®> measures. This has been confirmed in a
LOOCV with 30 randomly selected non-overlapping voxel
subsets (Supplementary Table S3).

The model parameter of the PVR predictor remained
essentially unchanged for different models (Supplementary
Table S4) and the PVR predictor performed best in univari-
able analysis. This may indicate an increased radio-sensitivity
of the PVR for glioma patients with high risk to develop late
brain injury. Further validation is required to assess the influ-
ence of the PVR in more detail. As the photon LET is
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Figure 1. Predicted image change probabilities of the logistic regression model My and clinical target volume (CTV) on planning magnetic resonance images
(MRI) for patients Pi-Py, (A—F) containing image changes. The corresponding T1w-CE image change regions that were contoured on the follow-up MRI and deform-
edly co-registered to the planning MRI are shown as well as the clinical target volume (CTV).

essentially constant, the incorporation of photon patient
data may help to better distinguish between the influence of
LET and the PVR. However, the low to moderate intercorrel-
ation between the PVR, LET and dose illustrates that these
predictors provide independent information to modeling.

For RBE estimation, model My appears most suitable
because of its high cross-validated mean AUC value of 0.91,
its simplicity and its potential applicability to photon patients.
The magnitude of the derived RBE values corresponds to in-vi-
tro data [15] and supports the postulated increased biological
dose within normal brain tissue structures adjacent to the CTV
[6]. Obviously, the estimated absolute RBE values depend on

the selected model and hence should not be overrated, in
particular, for models My, and My (Figure S4). The pre-
sented methodology allows for deriving RBE from clinical
data, which is the basis for biologically adapted treatment
planning. An enlarged patient cohort including patients with-
out image changes will be used to validate the clinically
observed indication of a variable proton RBE.

In conclusion, the spatial distribution of late treatment-
induced MR image changes in the brain following passive
scattering proton therapy was highly non-uniform. A correl-
ation with dose, LET and the PVR was shown demonstrating
the relevance of variable dose-response modeling for proton
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Table 1. Results of the leave-one-out cross validation with dose, LET and PVR for six glioma patients using six subsets each with five patients for model training

and the remaining left-out patient for model testing.

AUC

Model P1 P2 P3 Mean Range AIC pR?

M D - - 0.65 0.58-0.76 134696 0.0238
My LET - - 0.64 0.53-0.82 137106 0.0063
My, PVR - - 0.75 0.52-0.94 115670 0.1617
My D x PVR - - 0.76 0.50-0.95 115706 0.1614
My D PVR - 0.80 0.62-0.82 113789 0.1753
My, D x LET - - 0.88 0.86-0.91 116906 0.1527
My D LET - 0.88 0.82-0.94 119677 0.1326
My D x LET PVR - 0.92 0.84-0.97 103926 0.2468
Mix D LET PVR 0.91 0.83-0.98 105437 0.2358
My D D x LET PVR 0.91 0.84-0.97 103913 0.2468

The mean and range of the six test AUC values are reported for every modeling approach. Akaike information criterion (AIC) and pseudo R-squared (pR?) values
are shown for the corresponding logit models built on the full voxel dataset. M,_x : logistic regression models; P1-3: model predictors; AUC: area under the
curve; AIC: akaike information criteria; pR* pseudo R-squared value; PVR: periventricular region.

therapy in the brain. The presented methodology of deriving
RBE values from clinical data will develop its full potential
when combined with quantitative and longitudinal functional
imaging to calculate absolute RBE values for early and late
brain injury.
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