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Abstract

This project aimed to investigate correlations between local treatment failure and ra-
diomics features derived form pre-treatment apparent diffusion coefficient distributions
within the gross tumor volume. A cohort of 11 brain tumor patients, 3 of whom exhib-
ited local treatment failure, was retrospectively analyzed. For each patient 58 radiomics
features were extracted from normalized apparent diffusion coefficient maps registered to
planning computed tomography images on which segmentation had been performed with
either rigid or affine registration. For each extracted feature f and registration modality
m its Spearman rank correlation coefficient ρmf with local treatment failure as well as the
associated p-value pmf was calculated. Of the considered features only sphericity correlated

significantly with local treatment failure, with ρr,aSphericity = 0.65 and pr,aSphericity = 0.049. A
number of other features related to intensity heterogeneity were found to correlate mod-
erately with local treatment failure, however without reaching the significance threshold
of pmf < 0.05.

1 Introduction

According to the World Health Organization as of 2018 cancer accounted for 1 in 6 deaths
globally, with numbers projected to rise further over the coming decades [1]. Consequently the
prevention, diagnosis and treatment of cancer is a prolific area of research within the medical
field and beyond. Among the various treatment approaches in use today, Radiotherapy (RT) is
one of the most significant, with approximately half of all cancer patients requiring RT at least
once during their treatment [2, 3]. RT utilizes well-localized high doses of radiation to cause
irreversible damage to cancer cells, inhibiting their spread. While conventional RT delivers
dose through x-ray photons, an increasing number of patients are being treated with particle
therapy (PT), where dose is instead delivered by heavy particles, most commonly protons.
Since heavy particles deposit their dose more locally than photons, PT has the potential to
reduce radiation dose to healthy tissue, which may lower the risk of radiation-induced adverse
side effects [4, 5, 6]. PT’s dose deposition properties emphasize the need for high precision and
accuracy of dose delivery, which can be achieved by image guidance [7]. Medical imaging is a
critical component in any RT (and PT in particular) workflow and at all stages of the process,
from diagnosis to treatment planning and outcome assessment. Currently the most prevalent
imaging technique used in RT is Computed Tomography (CT), as CT scans provide both high-
resolution anatomical images used for segmentation and information on density distribution
within tissues necessary for dose calculations. However, CT has certain limitations, namely its
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poor soft tissue contrast and the absence of functional information. Consequently there have
been efforts to assess the viability of other imaging modalities in addressing these limitations
[8, 9, 10]. Among others, Diffusion-Weighted Imaging (DWI) has gained attention as a
functional imaging technique that has shown promise in a wide range of applications in RT,
such as improving pre-treatment outcome prediction, tumor delineation and post-treatment
response assessment [11, 12, 13]. DWI is an MR-based imaging technique, which uses two
pulsed field gradients to sensitize the measurement to diffusion. The first gradient pulse
dephases proton spins, whereafter the second pulse rephase them. If no diffusion occurred
between the two gradient pulses, spins will be rephased precisely, resulting in no signal loss,
while areas of high diffusion will have significantly reduced signal due to imperfect rephasing.
The ratio between the signal S(TE) with diffusion-sensitizing gradients and the S0 without
can be calculated as

S(TE)

S0
= exp [−γ2G2δ2(∆− δ

3
)D] (1)

where γ is the gyromagnetic ratio, G is the diffusion sensitizing pulse’s strength and δ is its
duration, ∆ is the time between the dephasing and rephasing pulse and D is the diffusion
coefficient [14]. The loss in signal is however complicated by the presence of the gradient
fields used for signal localization in MRI, leading to deviations from the behavior predicted
by Equation 1. Hence a simplified relation for S(TE)/S0 has been proposed [15]:

S(TE)

S0
= exp (−b ·ADC) (2)

The b-factor summarizes the the effect of all gradient fields, controls the strength of diffusion
weighting and is dependent on user-controlled acquisition parameters. By acquiring diffusion-
weighted images at various values of b ADC maps can be calculated. From such maps a large
number of quantitative metrics, so-called radiomics features, may be extracted to assess a
variety of tissue characteristics. This radiomics-based approach to DWI has shown promise
in predicting histologic grade of tumors and treatment outcome for a variety of treatment
approaches and tumor types [16, 17, 18, 19, 20]. This study specifically aims to investigate
potential correlations of radiomics features extracted form pre-treatment ADC maps and local
treatment failure after proton therapy, with the goal of identifying features that may serve as
predictors of treatment outcome.

2 Methods

The study was retrospectively performed on a cohort of 11 brain tumor patients treated with
proton therapy. Of the 11 patients 3 experienced local treatment failure. For each patient a
pre-treatment ADC map, a T1-weighted MR image, a planning CT and a contour file with
various segmented regions of interest (ROI), among which the gross tumor volume (GTV),
were utilized for this study.

2.1 Image Registration

Since planning CT images on which segmentation was performed and ADC maps were ac-
quired on different imaging systems and at different points in time image registration was
necessary before any further analysis could take place. The SimpleITK Python package was
used to implement a registration pipeline [21]. Due to the dissimilarity of ADC and CT
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images, direct registration of the two was not feasible. Instead the registration process was
split into multiple stages, first registering ADC to T1 and subsequently registering T1 to CT.
The spatial transforms calculated in the two stages could then be concatenated to achieve
registration of ADC to CT.

Like other optimization problems, successful registration is dependent on the choice of an
appropriate initial guess. To obtain adequate initial estimates, brain masks were extracted
from the ADC, T1 and CT images and aligned. In the case of the CT and T1 image brain
masks were extracted using TotalSegmentator in Python [22]. To extract brain masks from
the ADC maps, the latter were first normalized by defining a lower and upper cutoff value,
(0.3 and 1.5) × 10−3mm2/s respectively. The range between the cutoff values was then nor-
malized to the interval [0, 1] and subsequently values outside [0, 1] were set the corresponding
interval edges. The normalized maps were smoothed with a gaussian filter with σ = 0.5 and
binary maps were then obtained by setting values below 0.4 to 0 and values above to 1. Brain
masks were extracted by identifying the largest connected region within the binary maps and
performing a 2-iteration binary closing on the region to eliminate small gaps in the mask.
18-connected neighborhoods were used both to for the extraction of the largest connected
region and the binary closing operation.

Initial estimated for the T1-CT registration stage were obtained by converting the binary
brain masks to signed distance fields (SDF) and subsequently registering these SDF. Due
to the lower reliability of the extracted ADC brain masks initial guesses for the ADC-T1
registration stage were simply obtained by aligning the centers of mass of the ADC and T1
brain masks, using SimpleITK’s CenteredTransformInitializer. These initial guesses were then
used to set up to the respective registration methods for the T1-CT and ADC-T1 registration
stages. The parameters used to set up individual registration methods are summarized in
Table 1. Finally, the optimized transforms from both registration stages were concatenated
and the ADC maps were resampled onto the corresponding planning CT images through
linear interpolation.

Table 1: Table listing the relevant parameters used to set up registration
methods applied at different stages of the registration pipeline.

Registration Stage T1-CT brain mask
SDFs

ADC-T1 T1-CT

Transformation Type Euler3D Euler3D/Affine

Initial Estimate Moments-bases
alignment of brain

mask SDFs

Moments-based
alignment of brain

masks

Optimized
alignment of brain

mask SDFs

Similarity Metric MeanSquares MattesMutualInformation
(numberOfHistogramBins = 32)

Metric Fixed Mask None T1 brain mask CT head mask

Optimizer RegularStepGradientDescent (learningRate = 1.0, minStep =
1e-4, numberOfIterations = 200, gradientMagnitudeTolerance

= 1e-6)

Interpolator linear
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2.2 Mask Creation

Since the available GTV segmentations contained an insuffcient number of points to directly
reconstruct GTV masks additional segmentation points had to be artificially generated. This
was done by first connecting contour points located on the same axial slice and subsequently
resampling these axial contours to contain a fixed number of points per slice. Axial slices that
contained no contour points were then populated by intersecting triangles generated through
Delunay triangulation of the resampled contour points. After having populated all axial slices
with contour points, masks could be created by generating polygons on each axial slice and
defining regions within said polygons as within the mask.

2.3 Feature Extraction

Prior to feature extraction, two pre-processing steps were performed on the ADC maps, in
order to account for inter-patient variability arising from differences in acquisition protocols
and setups. In a first step all ADC maps were resampled to a common voxel spacing of
1mm× 1mm× 2mm using linear interpolation and GTV masks were subsequently resampled
onto the resulting grids of the respective ADC maps. Secondly, ADC maps were normalized
using z-score normalization. This approach has been shown to improve comparability of
images for MR-based imaging techniques, including brain ADC maps [23]. The mean and
standard deviation used for z-score normalization were calculated from the ADC distribution
within the brain excluding the GTV, as ADC distributions within the GTV could not be
assumed to be comparable between patients. Feature extraction from ADC maps within
GTVs was then performed using the Pyradiomics Python package [24]. A fixed bin number
approach with 128 bins was chosen for intensity discretization, as this approach was shown to
yield better stability of radiomics features than a fixed bin size approach [25]. A total of 58
features were extracted for each patient, excluding directionally dependent features (features
related to the Gray Level Co-occurrence Matrix and the Gray Level Run Length Matrix) as
well as shape features not related to tumor volume or surface area.

2.4 Data Analysis

Non-normalized ADC distributions within the whole brain, the brain excluding the GTV and
the GTV were extracted. This was done for both registration modalities. For each patient and
both registration modalities a two-sample Kolmogorov-Smirnov test (KS-test) was conducted
to assess the similarity of the ADC distributions within the GTV and the brain without GTV.

For each radiomics feature extracted from the resampled and normalized ADC maps its cor-
relation with local failure was calculated. Spearman’s rank correlation coefficient was used to
this end, as no underlying distribution was assumed for the features and local failure, neces-
sitating the use of non-parametric tests. Due to the small patient cohort considered in this
project, p-values associated with the correlation coefficients were calculated by performing
permutation tests with n = 10000 permutations each. 95% confidence intervals for the cor-
relation coefficients were extracted from distributions generated through bootstrapping, with
n = 10000 samples each. This analysis was performed both for ADC maps registered using
rigid and affine registration for the T1-CT registration stage.

Additionally, the values of radiomics features obtained from rigid and affine registration were
compared by calculating two-way mixed single score intraclass correlation coefficients (ICC3)
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for each feature using the Pingouin python package [26].

3 Results

Figures 1-11 show the non-normalized ADC distributions within various ROI for each patient
as obtained from rigid and affine registration of ADC maps. The KS-tests conducted to
compare ADC distributions within the GTV and the brain without GTV yielded p-values of
0 for all patients and registration modalities, except for P0201, where p-values of 8× 10−222

and 6× 10−248 were found for rigid and affine registration respectively. Mean ADC across all
patients was calculated to be ADCGTV

mean = (1.5±0.7)×10−3mm2/s and ADCbrainwoGTV
mean = (1.0±

0.5)× 10−3mm2/s in the case of rigid registration and ADCGTV
mean = (1.6± 0.7)× 10−3mm2/s

and ADCbrainwoGTV
mean = (1.0± 0.5)× 10−3mm2/s in the case of affine registration. ICC3 scores

for comparison of feature values derived from rigid and affine registration are shown in Figure
12. Figures 13 and 14 show the results from the correlation analysis of radiomics features and
local failure as derived from both registration modalities.
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Figure 1: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0174 as obtained by rigid
and affine registration.

Figure 2: Figure showing ADC distribu-
tions in the whole brain, brain without
GTV and GTV for patient P0183 as ob-
tained by rigid and affine registration.

Figure 3: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0185 as obtained by rigid
and affine registration.

Figure 4: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0192 as obtained by rigid
and affine registration.

Figure 5: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0194 as obtained by rigid
and affine registration.

Figure 6: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0196 as obtained by rigid
and affine registration.
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Figure 7: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0200 as obtained by rigid
and affine registration.

Figure 8: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0174 as obtained by rigid
and affine registration.

Figure 9: Figure showing ADC distributions
in the whole brain, brain without GTV and
GTV for patient P0207 as obtained by rigid
and affine registration.

Figure 10: Figure showing ADC distribu-
tions in the whole brain, brain without GTV
and GTV for patient P0216 as obtained by
rigid and affine registration.

Figure 11: Figure showing ADC distribu-
tions in the whole brain, brain without GTV
and GTV for patient P0232 as obtained by
rigid and affine registration.
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Figure 12: Figure showing ICC3 values, associated 95% confidence intervals and
p-values for the 58 radiomics features.
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Figure 13: Figure showing Spearman’s rank correlation coefficient of local fail-
ure and 58 radiomics features as derived from rigid registration of ADC maps.
P-values associated with the correlation coefficients were calculated using per-
mutation tests with 10000 permutations each, while 95% confidence intervals
were extracted from 10000-sample distributions generated by bootstrapping.
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Figure 14: Figure showing Spearman’s rank correlation coefficient of local fail-
ure and 58 radiomics features as derived from affine registration of ADC maps.
P-values associated with the correlation coefficients were calculated using per-
mutation tests with n = 10000 permutations each, while 95% confidence inter-
vals were extracted from 10000-sample distributions generated by bootstrapping.

10



4 Discussion

It is apparent from Figures 1-11 and the results of the KS-tests that there is a significant differ-
ence between ADC distributions within the GTV and the surrounding brain. Comparing the
ADC distributions found in this study to previously reported values proves difficult however,
since previous studies most often discriminate tumors by type and pathological grade. Such
distinctions were not feasible in this study, as data on tumor types and grades was not avail-
able. Additionally, measured ADC values have been shown to be dependent on acquisition
parameters [27, 28]. Consequently, direct comparison of ADC distributions may inherently
be of limited use. A more meaningful comparison might be achieved by using ADC ratios,
computed by dividing tumor ADC by the mean ADC of a reference tissue, usually healthy
white matter in the case of brain tumors. ADC ratios could however also not be calculated in
this study, as no suitable segmented reference tissue was available. With due reservations it
can however be said that our findings of mean ADC within tumor tissue agree with reported
values of mean ADC in low grade tumors, specifically as reported by Hassannejad et al., who
reported ADCmean = (1.5445± 0.08131)× 10−3mm2/s in Grade I adult brain tumors [29].

ADCmean measured in the brain without GTV yield significantly higher values than those
reported by Helenius et al., who found whole-brain mean ADC values in healthy adults to
be ADCmean = (0.89 ± 0.04) × 10−3mm2/s. The elevated value found in this study may be
attributed to the presence of tumor tissue outside the GTV, which may have skewed the
measured ADCmean.

Out of the 58 considered radiomics features 45 yielded very similar results between rigid and
affine registration, reaching ICC > 0.9 and only 7 features fell below ICC < 0.75. As ex-
pected, shape features were identical for both registration methods, as they only depend on
the ROI mask used for feature extraction. Of the 13 features with ICC < 0.9 12 were Gray-
LevelSizeZoneMatrix (GLSZM) and GrayLevelDependenceMatrix (GLDM) features. This
agrees with findings by Traverso et al., who reported poor reproducibility of features related
to image texture, such as GLSZM features, although their analysis did not not include GLDM
features [30].

Among the considered features only shape Sphericity reaches the significance threshold of p <
0.05, while correlating strongly (|ρ| ≥ 0.6) with local failure with a correlation coefficient of
ρSphericity = 0.65. It does so for both registration modalities as expected, since shape features
are independent of intensity distributions. While no other features reach p < 0.05 there are a
number of notable features that correlate moderately (0.4 ≤ |ρ| < 0.6) with local failure and
reach p < 0.2, such as glszm SizeZoneNonUniformityNormalized, glszm SmallAreaEmphasis
and gldm GrayLevelVariance. Notably all of these features quantify the spatial and distri-
butional heterogeneity of intensity levels within the tumor, which seems to indicate that a
more heterogeneous tumor may correlate with local treatment failure. A similar finding has
been reported for the case of cervical cancer by Jajodia et al. [20], although the features
found to correlate with treatment outcome in said study differ from the ones found to be of
interest in this study. Another study by Bollen et al. aimed at improving outcome predictions
for oropharyngeal carcinoma through integration of ADC-derived radiomics features similarly
finds gldm GrayLevelVariance to be significantly associated with locoregional control, with
shape Sphericity being narrowly above the significance margin [31].

Features calculated from rigidly registered ADC maps tend to exhibit weaker correlation and
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lower p-values than in the case of affine registration. This is somewhat unexpected, since ICC
calculations seem to indicate good agreement between the two registration methods. The
discrepancy does however seem to be systematic, with both registration methods yielding a
similar ordering of features in terms of correlation coefficients and p-values. They are thus in
good agreement on which features may correlate to local treatment failure, while disagreeing
on the strength and significance of said correlation.

This study has several limitations: First and foremost the small patient cohort with a strong
imbalance with regard to treatment outcome, which limits the statistical significance of the
results outlined above, as evidenced by the extremely large 95% confidence intervals and
overall low p-values of correlation coefficients. Secondly, there are concerns regarding the
reproducibility of these results. Radiomics features extracted from MRI-based images have
been shown to be sensitive to the choice of acquisition parameters, segmentation, normaliz-
ation approaches and intensity discretization [30, 25, 32, 33]. The lack of universally agreed
upon standards for harmonization of MRI-based images means that the pre-processing meth-
ods utilized in this project may have reasonably been exchanged in favor of others, which
may have led to different results. Lastly, the robustness of the image registration pipeline
utilized for this project has not been thoroughly validated. Future studies on this topic may
benefit from addressing the above mentioned limitations by being conducted on larger pa-
tient cohorts, incorporating and comparing alternate harmonization approaches and utilizing
well-validated registration pipelines.

5 Conclusion

The project outlined in this report investigated correlations of local treatment failure and
radiomics features extracted from pre-treatment ADC distributions within the GTV. A re-
gistration pipeline for rigid and affine registration of ADC maps to planning CTs was imple-
mented. Radiomics features were extracted from harmonized ADC maps using reconstructed
GTV masks and their correlation with local failure was calculated. Of the considered features
only shape Sphericity was found to correlate significantly with local treatment failure, while
a number of features related to intensity level heterogeneity showed moderate correlation, but
failed to pass the significance threshold. Feature values extracted from rigid and affine regis-
tration of ADC maps were found to agree well, with the exception of a few features related
to image texture. It was also found that mean ADC within GTVs was significantly elevated
when compared to the rest of the brain.

In spite of its many limitations, this project may be of use as a starting point for future
studies on outcome prediction in RT by providing an exploratory reference for pre-treatment
intra-tumor ADC-derived radiomics features correlated with treatment outcome.
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