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Abstract

Background and Motivation: Accurate prediction of radiation therapy response re-
mains difficult due to inter-patient variability and tumor heterogeneity. Identification
of quantitative imaging biomarkers that can characterize these differences and improve
outcome prediction is needed. Materials and Methods: This study investigated the as-
sociation between radiomics features, clinical parameters and local treatment failure in
patients with skull base chordoma and chondrosarcoma cancers treated with proton ther-
apy. The final cohort consisted of 31 patients, of whom 6 experienced local treatment
failure. Baseline diffusion weighted, T1-weighted and FLAIR-weighted magnetic reson-
ance images, together with clinical parameters, were collected for all patients. A pipeline
was developed for multimodal image registration, intensity normalization, and radiomics
feature extraction. After removing highly correlated features, 50 radiomics features and
one clinical parameter were included in a survival analysis. Feature robustness was evalu-
ated using bootstrap resampling and a Cox proportional hazards model was fitted. Model
performance was determined using the concordance index, the integrated Brier score, and
Kaplan-Meier analysis. Results: The discriminative performance of the model plateaued
after the inclusion of the five most robust features. Calibration performance was highest
using the two most robust features, but remained comparably stable for five. The fi-
nal Cox model incorporating five features achieved good risk stratification, as confirmed
by Kaplan-Meier analysis. Conclusion: The presented pipeline provides a reproducible
framework to extract radiomics features from multimodal MRI data and perform survival
analysis in combination with clinical parameters. The features identified in this study
show potential to capture valuable biological information associated with treatment out-
come. Future studies with a larger dataset are needed to confirm these findings and to
reliably identify imaging biomarkers to help make clinical decisions.
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1 Introduction

1.1 Response prediction in radiotherapy

Radiation therapy is a cornerstone of cancer treatment, particularly for solid tumors, as it
involves the precise delivery of ionising radiation to inhibit the proliferation of malignant
cells. The primary objective of radiation therapy is to achieve optimal tumor control while
minimizing toxicity to surrounding healthy tissues. Continuous advances in clinical practice
and beam delivery technologies have improved overall treatment quality and success rate
of current practices. Nevertheless, substantial inter-patient heterogeneity persists, resulting
in variable therapeutic responses and, in some cases, tumor control failure. Consequently,
accurate and individualized prediction of tumor response to treatment could guide clinical
decision-making between alternative therapeutic strategies, facilitate risk–benefit assessment,
and ultimately support the development of personalized radiation therapy aiming for improved
clinical outcomes.[1].

Tumor control is typically estimated using dose-based tumor control probability (TCP) models
that are specific to the treatment plan, indication, and fractionation scheme, rather than
truly patient specific. In contrast, patient-level probabilities can be derived from statistical
survival models that incorporate clinical, biological, or imaging covariates. The following
sections provide a brief introduction to these complementary approaches.

Conventional TCP models

TCP models are based on radiobiology theory and generally use Poisson statistics to predict
the probability of tumor control. They typically assume that tumor control is achieved if
none of the initial n0 clonogenic tumor cells survive after irradiation, leading to:

TCP = P (n = 0) = e−n0S (1)

where n0 is the initial number of clonogenic tumor cells and S = S(D) the surviving fraction
of cancer cells following the application of D[Gray,Gy] amount of radiation dose. S(D) is
commonly modeled by the linear-quadratic (LQ) model:

S(D) = e−αD−βGD2
(2)

In the LQ model, the linear component represents damage caused by single-track events and
depends on factors such as oxygenation, cell cycle phase, and linear energy transfer (LET)
of the applied radiation. Its contribution is weighted by the coefficient α, which reflects the
probability of lethal damage from a single radiation track. The quadratic term reflects damage
resulting from the interaction of two independent radiation tracks, weighted by the coefficient
β. This term characterises the sensitivity of tissue to fractionation and dose rate. The dose
protraction factor G accounts for the repair of sublethal damage between dose fractions and
is influenced by the intrinsic repair kinetics of the cells[2].
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Conventional survival (time-to-event) analysis

An alternative approach to clinical outcome analysis focuses on tracking and predicting the
time to treatment failure. This enables the generalisation of treatment response across a
broad patient population and allows assessment of the clinical effectiveness of a given therapy
by analysing failure events over time. Importantly, such methods can properly account for
incomplete follow-up, such as patients lost to follow-up or deceased before failure, through
the use of censored data, ensuring that these cases do not bias the estimations.

The most common regression model for survival analysis is the Cox Proportional Hazards
(CPH) model, which estimates the relationship between covariates and the time to the event.
Covariates can be categorical or continuous and describe patient specific characteristics (or
clinical parameters), treatment parameters, or tumor characteristics.

The output of the CPH model is the hazard ratio (HR), which quantifies how the risk of
experiencing the event of interest differs between two groups at any time point. An HR
greater than 1 indicates a higher event risk, whereas an HR less than 1 indicates a lower
risk relative to the reference group. This framework can be applied to analyse time-to-event
endpoints such as time to local failure, disease progression, or overall survival[3].

The performance of prediction models is commonly evaluated using the concordance index
(C-Index), which assesses the ability of a model to correctly rank the patients according to
their predicted risks. The C-Index measures the proportion of all pairs of comparable patients
in which the patient with higher predicted risk experienced the event earlier. Comparable
pairs are defined as pairs in which at least one patient experiences the event[4]. A C-index
of 0.5 corresponds to random prediction, while a value of 1.0 indicates perfect concordance
between predicted and observed outcomes.

Emerging approaches based on imaging biomarkers

Conventional survival models are a valuable tool for clinical follow-up studies. In current
practice, these studies most often are based on treatment plan dosimetry and clinical para-
meters (e.g. dose, age, tumor stage), but they rarely incorporate biological and functional
heterogeneity information within the tumor.

Advances in quantitative imaging have enabled the extraction of radiomics features and quant-
itative imaging biomarkers (QIBs), providing new possibilities to characterize tumor pheno-
types. Simply put, QIBs are objective, non-invasive indicators derived from medical images
that describe tissue properties such as texture or function[5]. Unlike qualitative image in-
terpretation by humans, QIBs provide standardized and reproducible measurements suitable
for outcome analysis studies. There exist initiatives, such as the Image Biomarker Standard-
isation Initiative (IBSI), that ensure methodological consistency and comparability between
studies. In particular, radiomics approaches can extract high-dimensional features from ima-
ging modalities such as MRI and CT, or QIB maps, providing characteristic descriptors of
tumor tissue not discernible to the human eye [6].

Therefore, when combined with clinical parameters, omics analyses of imaging data and QIBs
can provide valuable complementary information for prognosis and prediction of treatment
response in radiation therapy.
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1.2 Imaging for outcome modeling

Imaging modalities

Medical imaging is essential for both the planning and delivery of radiation therapy treat-
ments. For protons in particular, but also for photons to some extent, Treatment Planning
Systems (TPS) require voxel-level electron density information to calculate the dose distri-
bution within the patient. In common practice, the electron density is derived from the
Hounsfield units (HU) of computed tomography (CT) imaging. HUs are converted to elec-
tron densities using calibration curves that establish the relationship between CT intensity
values and the corresponding physical quantities of interest [7]. Despite its critical role in
dose calculation, CT data provide primarily anatomical information, with inherently limited
soft-tissue contrast, and are not ideally suited for tissue characterisation.

Magnetic resonance imaging (MRI) represents an important alternative, offering excellent
soft tissue contrast essential for the delineation of target volumes (TV), as well as functional
information, depending on the imaging protocol used. MRI provides a variety of acquisition
sequences, such as T1-, T2-, and FLAIR-weighted imaging, each highlighting different tissue
properties relevant for diagnostic and treatment planning tasks.

Fluid-attenuated inversion recovery (FLAIR) imaging is a T2-weighted sequence designed to
suppress the signal from cerebrospinal fluid (CSF), thereby improving the detection of lesions
and edema near CSF spaces. This technique is particularly effective in identifying pathologies
associated with increased water content, including edema, gliosis, or tumor infiltration[8].

In addition to anatomical imaging, MRI also enables functional imaging, that visualises
physiological processes within tissues. One such functional MRI technique is diffusion-weighted
imaging (DWI), which can be used to generate QIB maps, such as Apparent Diffusion Coef-
ficient (ADC) maps. ADC maps quantify the diffusion of water molecules in tissues, provid-
ing information about the cellular organization and density. ADC values are expressed in
[mm2/s]. A major advantage of ADC maps is that their voxel intensities correspond to phys-
ical quantities, making them, to some extent, less sensitive to scanner- and sequence-specific
variations [9][5].

Radiomics features

Radiomics offers a systematic and reproducible approach to analyze imaging data. A large
number of quantitative descriptors can be extracted and integrated into predictive models to
expand the information base with an unprecedented level of detail derived from non-invasive
anatomical and functional imaging.

Radiomic features can be broadly grouped into the following categories:

• First-order statistics, which describe intensity distributions within a region of interest
(ROI) and provide measures such as intensity range, entropy, kurtosis, maximum, mean
and uniformity.

• Texture features, which quantify spatial relationships and gray-level patterns between
neighboring voxels. They describe how voxel intensities change in the ROI and are able
to capture intra-tumoral heterogeneity not immediately visible to the human eye.
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• Shape features, which describe the geometric and morphological characteristics of the
tumor, including parameters such as surface area, volume, compactness, and sphericity.
These features can describe irregular growth patterns and infiltration of the tumor in
adjacent tissue[6].

1.3 Study Goals

The purpose of this study was to investigate the role of image-derived omics features in time
to local failure in a cohort of skull-base chordoma and chondrosarcoma patients treated with
proton therapy. The project covers the full analysis pipeline, from imaging data preparation
to feature extraction and survival model fitting.

Retrospective clinical data were collected, including baseline T1-weighted images, diffusion-
derived apparent diffusion coefficient (ADC) maps, and FLAIR images, along with treatment
volume information and clinical outcomes related to the local tumor control, time to failure or
censoring. Imaging data were processed to align all modalities within a consistent reference
frame and normalised on a per-patient basis prior to radiomic feature extraction. Finally, the
extracted features were integrated into a comprehensive survival analysis to identify predictors
of local tumor control.

2 Materials and Methods

2.1 Clinical Cohort

The clinical cohort comprised 48 patients diagnosed with skull-base chordoma and chon-
drosarcoma. All received proton therapy at the Paul Scherrer Institute (PSI), where baseline
diffusion weighted imaging (DWI), T1-weighted and FLAIR MRI, and CT scans were ac-
quired. The gross tumor volumes (GTVs) were delineated on the planning CT and served as
regions of interest for radiomic feature extraction.

Patient-specific characteristics collected included sex, date of birth, age at the start of proton
therapy, the occurrence of an in-field local failure, and the corresponding time to event. The
latter was defined as either the time to local failure or the time to last follow-up (i.e censoring).
Of the initial 48 patients, 1 was excluded due to missing imaging data, 14 were excluded due
to a partial field of view in T1-weighted MRI or DWI, and 2 due to their relatively small GTV
size which, combined with registration uncertainty, would have yielded unreliable radiomics
features. The final study cohort consisted of 31 patients, of whom six (19%) experienced
in-field treatment failure. The patient selection process is illustrated in the PRISMA-style
diagram fig. 1.
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Figure 1: Prisma diagram visualizing identification and screening procedures for the
patient selection of the final study cohort.

2.2 Radiomics Pipeline

To extract radiomics features from multiple imaging modalities, all images were registered
to the treatment planning CT, on which the GTVs were defined. This ensured anatomical
consistency of the radiomics features across modalities. Since both T1-weighted and FLAIR
MRI images contain anatomical information, they could be directly registered to the CT.
However, DWI images pose a greater challenge due to the functional nature of their intensity
information. Therefore, a dedicated image registration pipeline was implemented to address
this issue as an extension of a previously developed analysis framework[10].

Spatial alignment

Since patient positioning on the scanner table can vary considerably between imaging modal-
ities, registration required the estimation of an appropriate initial condition. TotalSegment-
ator[11] was used to generate binary brain masks from the T1-weighted, FLAIR, and CT
images, which were subsequently converted to signed distance fields (SDF). Rigid registration
of the moving T1 and FLAIR SDFs to the fixed CT SDF was performed to obtain initial
transforms. These initial transforms were then used as starting points for affine registration
of the T1-weighted and FLAIR images to the CT, using normalised mutual information as
the similarity metric.

For ADC maps, additional processing was required to enable registration. A lower and upper
threshold of 0.3 ·10−3mm2/s and 1.5 ·10−3mm2/s was applied, and values were normalized
to this range. By inverting the normalized intensities, the ADC maps were made to resemble
T1-weighted MRI images, allowing the previously described registration procedure to be
applied. Finally, the ADC-T1 and T1-CT transforms were concatenated to obtain the ADC-
CT transform. This registration procedure is presented in fig. 2. All registration steps were
implemented in Python using SimpleITK library[12].

7



Figure 2: Image registration steps of ADC, T1-weighted, and FLAIR images to the
CT reference. ADC images were first converted to anatomical-like surrogates to enable
reliable registration.

To extract the image intensities from the GTV region of interest, corresponding masks were
generated based on the treatment planning contours and converted into binary label masks.
Since the tumors in this study were located at the skull base, the GTVs often included
regions containing air pockets or bony structures, which could bias the radiomics analysis.
To mitigate this, air and bone masks were generated and subsequently subtracted from the
GTVs. Air masks were generated by thresholding the CT image between –1024 and –500 HUs,
corresponding to voxels containing air. Bone masks were generated using TotalSegmentator.
Subtracting these regions ensured that only soft-tissue voxels corresponding to the tumor
were included in the radiomics analysis.

Resampling and Intensity Harmonization

A major challenge when extracting quantitative imaging biomarkers (QIB) and radiomics
features from MRI images is their standardization across datasets. MRI signal intensities
are not expressed in physical units and strongly depend on imaging parameters[13]. To
address this issue, all images were normalized prior to analysis. To account for different
voxel spacings, images and corresponding masks were resampled to a common voxel spacing
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of (1mm,1mm,2mm) prior to normalization. For ADC maps derived from the DWI, robust
z-scoring was performed using the median and median absolute deviation (MAD):

ADCnormalized = 0.6745 · ADC−ADCmedian

MAD
(3)

ADCmedian corresponds to the median ADC within the brain (excluding GTV) and MAD =
Median(|ADC−ADCmedian|) is the median absolute deviation[10].

T1-weighted and FLAIR MRI images were instead normalized to normal appearing white
matter (NAWM). This region provides a homogeneous reference tissue, reducing the influence
of intensity variations caused by tumors or edema [13]. NAWM masks were obtained using a
component of the FMRIB (also known as FSL) toolkit, namely the Automated Segmentation
Tool(FAST)[14]. The resulting masks were then used to calculate the median and MAD to
normalize T1-weighted and FLAIR MRI images according to eq. (3) above.

2.3 Feature extraction

Image intensities from the GTV were used to extract radiomics features and to analyze their
distribution across the cohort. In addition, GTV-derived metrics were investigated in the
context of survival analysis for local treatment failure. Feature extraction was performed
using PyRadiomics[15]. For all features, PyRadiomics ensures compliance with the Image
Biomarker Standardisation Initiative (IBSI) guidelines or uses equivalently validated defini-
tions[16].

To improve stability of radiomics features across the dataset, a fixed number of 128 bins was
used for intensity discretization instead of a fixed bin size approach[17]. For each of the three
imaging modalities, 53 radiomics features were extracted, restricting the analysis to first-order
Features, Gray Level Size Zone Matrix(GLSZM), Gray Level Dependence Matrix(GLDM), and
Neighboring Gray Tone Difference Matrix (NGTDM) features. These features capture image
intensity distributions and texture patterns. Shape features were excluded, as the removal of
bone and air from the GTV masks rendered geometric measurements unreliable.

2.4 Survival Analysis

The extracted and harmonized radiomics features from baseline imaging, together with patient
demographic data, and clinical progression from follow-up consultations, were consolidated
into a final dataset of covariates for survival analysis. The Cox proportional hazards model
was used to model the relationship between the covariates and the outcome, appropriately
accounting for the different observed events. All survival analyses were performed using
scikit-survival package [18].
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Figure 3: Distribution of local treatment failure events stratified by sex.

Data Preparation

Given the large number of radiomics features extracted (n = 159), a meaningful subset was
first selected. Constant features that provided no information for the analysis were excluded.
Subsequently, following the approach described by Schroeder et al. [19], highly correlated
features were then grouped together using Spearman’s rank correlation coefficient (r > 0.8).
Within each group, the feature showing the strongest correlation with local treatment failure
was retained for further processing, while the others were removed. This collinearity reduction
step, commonly applied to minimise bias from highly correlated variables in survival analysis,
reduced the feature pool to 50 relevant ones.

Among clinical variables, sex was excluded despite its apparent prognostic value, as shown in
Figure 3, which was attributed to small-sample effects rather than true statistical significance.
Consequently, the final dataset used for the analysis included 50 radiomics features and the
age at the start of proton therapy as the only clinical variable. These remaining features were
used as parameters in a Cox proportional hazards model.

Cox Proportional Hazards Model

To evaluate the robustness of each parameter, 2000 bootstrap samples of the data set were
generated following an internal validation approach. For each sample, a penalized Cox re-
gression model was fitted using the least absolute shrinkage and selection operator(LASSO)
penalty. The regularization parameter was tuned so that each model used only five of the
51 parameters at a time. Subsequently, the selection frequency of each parameter, i.e. the
proportion of bootstrap models in which a given parameter was selected, was calculated.

To determine the optimal number of parameters for the final model, Cox regression models
were fitted with an iteratively increasing number of covariates. Parameters were forward
added, in descending order of selection frequency, until a total of 15 features were included.
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Model performance was measured using leave-one-out cross-validation (LOOCV) and the
concordance index (C-Index).

The optimal number of parameters included in the final model was determined by assessing
the variation in the C-index as a function of the number of included parameters and visually
identifying the point at which the C-Index no longer improved significantly. The performance
of the model was further evaluated using LOOCV and the Integrated Brier Score (IBS),
which evaluates the overall accuracy and calibration of survival predictions. The maximal
follow-up time used to compute the IBS was set to the longest observed event time to avoid
extrapolation beyond the observed data.

To investigate the clinical relevance of the predicted risk, a final model was fitted to the
complete dataset. Patients were grouped into tertiles based on predicted risk, and Kaplan-
Meier survival curves were generated to visualize differences between the groups.

3 Results

3.1 Imaging Intensity Analysis

For each imaging modality, the median, skewness, and kurtosis of the normalized voxel in-
tensity distributions were calculated across the cohort. Subsequently, grouped by treatment
outcome, the minimum, maximum, median, and interquartile range (IQR) values were com-
puted across each group. Results are presented in tables 1, 2 and 3.

Notable differences were observed in the normalized ADC distributions between patients
with local failure (LF) and those in the control group (no LF). The IQR of the median ADC
is considerably larger in the control group (5.39) than in the LF group(0.517), indicating
greater inter-patient variability in the control group. Similarly, the median ADC is higher in
the control group (5.16) compared to the LF group (2.89). The LF group (0.685) also showed
a right-skewed distribution, suggesting a lot of low ADC values and a few high-value outliers.
The median kurtosis, which describes how peaked a distribution is, is also higher in the LF
group, supporting the observation of clustering of values around the mean.

Table 1: Summary statistics of normalized ADC distribution in the GTV,
grouped by treatment outcome.

Median ADC Skewness ADC Kurtosis ADC

no LF LF no LF LF no LF LF

Min 0.663 1.732 -1.107 -0.507 -1.348 -0.612

Max 11.104 16.040 0.708 1.377 2.168 1.864

Median 5.164 2.889 0.102 0.685 -0.113 0.448

IQR 5.394 0.517 0.568 1.176 0.982 1.443

The median of the median FLAIR values is higher for the LF group (0.54) compared to the
control group(-0.12). A smaller IQR in the LF group (0.80 vs. 1.77) suggests reduced inter-
patient variability. However, the magnitude of these differences is small, and the distributions
of skewness and kurtosis are largely comparable between the groups.
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Table 2: Summary statistics of normalized FLAIR distribution in the
GTV, grouped by treatment outcome.

Median FLAIR Skewness FLAIR Kurtosis FLAIR

no LF LF no LF LF no LF LF

Min -3.726 -2.360 -1.277 -1.235 -1.120 -1.325

Max 2.265 1.984 1.030 0.477 2.457 0.988

Median -0.124 0.542 -0.165 -0.267 -0.527 -0.551

IQR 1.769 0.803 0.762 0.521 0.484 0.596

Comparison of distributions of T1 values of control and LF groups shows lower median T1
values (resp. -2.60 and -1.29) and larger IQR (resp. 1.70 and 0.69). Kurtosis is higher in
the LF group (1.56 vs. 0.94), suggesting a more peaked intensity distribution and tighter
clustering of voxel intensities around the mean.

Table 3: Summary statistics of normalized T1 distribution in the GTV,
grouped by treatment outcome..

Median T1 Skewness T1 Kurtosis T1

no LF LF no LF LF no LF LF

Min -5.987 -4.785 -0.554 -1.378 -1.350 -0.637

Max 3.965 0.450 2.671 1.163 12.954 4.124

Median -2.600 -1.290 0.655 0.434 0.935 1.555

IQR 1.703 0.687 1.731 0.339 5.465 2.032

12



3.2 Radiomics Feature Analysis

Figures 4 to 6 present the Spearman’s rank correlation coefficients between the extracted
radiomics features and the treatment outcome for each imaging modality. To improve read-
ability, only features with a p-value below 0.2 are shown, together with their 95% confidence
intervals, as including all features would make the figures overly crowded.

Figure 4: Spearman’s rank correlations between ADC radiomics features and local
treatment failure, including 95% confidence intervals.

Figure 5: Spearman’s rank correlations between FLAIR radiomics features and local
treatment failure, including 95% confidence intervals.
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Figure 6: Spearman’s rank correlations between T1 radiomics features and local
treatment failure, including 95% confidence intervals.
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3.3 Survival Modeling Performance

Figure 7 illustrates the clustering of radiomics features based on Spearman’s rank correlation
coefficient. Features with correlation coefficients > 0.8 were grouped and visualized with the
same color, revealing clusters of highly correlated features. This clustering was used in the
feature filtering step, where only one representative feature from each cluster was retained for
survival analysis.

Figure 7: Clustering of radiomics features based on Spearman’s rank correlation
coefficient. Features with a correlation coefficient > 0.8 are visualized with the same

color.
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Table 4 displays the performance of the Cox regression model evaluated using LOOCV. It lists
the radiomics features and clinical parameters that were iteratively added from the dataset
obtained after filtering out collinear features. For each iteration, the selection frequency, the
C-Index, and the integrated Brier score (IBS) are reported. The C-index increases substan-
tially with the inclusion of up to five features, after which the model performance begins to
plateau. The IBS is the lowest when using two parameters, then fluctuates and after the
inclusion of 6 parameters increases slightly.

Table 4: Model performance (C-Index) and calibration quality (IBS) as
features were iteratively added in descending order of selection frequency.

# Feature Added Selection Frequency C-Index IBS

1 firstorder Skewness 0.569 0.696 0.078
2 FLAIR firstorder 90Percentile 0.524 0.810 0.077
3 FLAIR firstorder Minimum 0.330 0.842 0.089
4 firstorder Kurtosis 0.313 0.842 0.100
5 FLAIR gldm DependenceEntropy 0.225 0.911 0.089
6 T1 glszm LowGrayLevelZoneEmphasis 0.208 0.892 0.084
7 glszm LargeAreaEmphasis 0.181 0.892 0.109
8 gldm DependenceNonUniformityNormalized 0.176 0.924 0.109
9 Age at PT years 0.145 0.918 0.117

The final Cox proportional hazards model included the five most robust features identified
through the bootstrap selection process as listed in table 4. The model estimated the hazard
function (t|X) as

h(t|X) = h0(t) · exp

(
5∑

i=1

βiXi

)
(4)

where h0(t) denotes the baseline hazard, and Xi represent the feature values. The corres-
ponding estimated regression coefficients (β) and hazard ratios (HR = eβ) are summarized
in table 5.

Table 5: Estimated coefficients (β) and hazard ratios (HR) of the final
CPH model.

Feature Coefficient (β) Hazard Ratio (HR = eβ)

ADC firstorder Skewness 0.82 2.27
FLAIR firstorder 90Percentile 0.54 1.71
FLAIR firstorder Minimum 0.37 1.45
ADC firstorder Kurtosis 0.21 1.23
FLAIR gldm DependenceEntropy 0.63 1.88

describe!!!
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The Kaplan-Meier curves in fig. 8 illustrate local failure-free survival of patients split into
three risk groups based on tertiles of their predicted risk scores from the CPH model.

Within the first year after the start of proton therapy, one local failure was observed in the
high-risk group, while all other patients remained local failure free. At two years, the es-
timated LF-free survival probability decreased to approximately 90% in the high-risk group,
while remaining at 100% for the intermediate and low-risk group. After five years, the prob-
ability of LF-free survival further decreased to around 40% in the high-risk group, while it
remained between 90% and 100% for the other groups.

Figure 8: Kaplan-Meier curves illustrating the local failure-free survival probabilities
for patients stratified into three risk groups based on predicted risk.

4 Discussion

4.1 Interpretation of the Results

Imaging biomarker analysis

In this study, patients who experienced local treatment failure (LF) exhibited a lower nor-
malized baseline ADC within the GTV compared to those from the progression-free survival
group. The research by Chen et al. demonstrated a strong inverse correlation between ADC
and cellularity in the brain[20]. This indicates a more restricted diffusion of water molecules
and higher cellularity in LF patients. Increased cellularity in turn, has been associated with
higher-grade tumor and more aggressive biological behavior, which is consistent with the
observation of lower ADC values in the LF patient group[21].

The higher kurtosis observed in patients with LF (0.45 vs. -0.11) suggests a more peaked
and homogeneous distribution of normalized ADC values compared with the control group.
This pattern may reflect a more uniformly dense tissue structure, consistent with restricted
diffusion and increased cellularity in patients who eventually experienced relapse. A compar-
able increase was also observed in T1-weighted images of LF patients, further supporting the
interpretation of a more uniform and densely structured tumor mass.
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Similar relationships have been reported between elevated ADC kurtosis and malignancy in
other types of tumors. For example, in breast lesions, malignant tumors exhibited significantly
higher ADC kurtosis compared to benign lesions[22].

Median FLAIR values were higher in the LF group (-0.12 vs. 0.542). Bette et al. found that an
increase in FLAIR signal intensity within the resection cavity in patients with brain metastases
was a specific indicator of tumor progression and recurrence[23]. Although observed in a
different cancer type, the elevation in FLAIR intensities in patients with LF in this study
may also reflect tumor progression or recurrence pattern.

For all distributions the IQR of the median ADC values, which represents inter-patient vari-
ability, is notably smaller in the LF group, most notably in the median ADC values (0.52 vs.
5.39). However, this should be interpreted with caution and is likely due to the unbalanced
dataset, which includes only 6 LF cases.

Radiomics features association with local failure

Among the extracted radiomics features, the most frequently selected descriptors of local
failure were extracted from ADC and FLAIR images, less so for common T1 anatomical
imaging.

The positive correlation of the ADC first-order kurtosis and skewness features with LF is
consistent with previously observed differences in ADC distributions. Similarly, positive cor-
relations between FLAIR first-order 90th percentile and FLAIR first-order minimum features
suggest an overall elevation of FLAIR signal intensities in patients with local failure. This
observation aligns with the increased FLAIR median intensities reported in Table 2.

In addition to first-order features, texture-based radiomics features from FLAIR images also
showed associations with local failure. Of interest are Gray Level Dependence Matrix (GLDM)
features, describing how much neighboring voxels depend on each other’s intensity. The
GLDM dependence entropy feature then quantifies the complexity and randomness of these
intensities. Their high values indicate greater local heterogeneity in the FLAIR intensity
texture. A positive correlation between this feature and local failure suggests that baseline
FLAIR images of LF patients show more heterogeneous intensity patterns.

This observation was further supported by the positive correlation of Gray Level Size Zone
Matrix (GLSZM) zone entropy, which measures the randomness of homogeneous zones. Higher
zone entropy values indicate a wide range of small and large homogeneous regions with varying
intensities, supporting increased complexity in baseline FLAIR images in the LF group.

Despite the large number of covariates (n = 51) included in the robustness analysis, the
selection frequency was relatively high for the top ranking parameters, particularly for the first
two (0.569 and 0.524), indicating consistent emerging pattern across bootstrapped dataset.

Model Performance

The discriminative performance of the model, evaluated using the C-Index, increased sub-
stantially as features were iteratively added. However, when more than five features were
included, the C-Index reached a plateau. The integrated Brier score(IBS), which reflects the
calibration of the model and decreases with better performance, was lowest when using two
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parameters. As three more additional parameters were included, the IBS slightly increased,
but remained nearly as low with five parameters as with two. Overall, these findings indicate
that a model incorporating the five parameters with the highest selection frequency may be
a resonable tradeoff between overfitting and discriminative performance or calibrationn.

The Kaplan-Meier curves illustrate a clear separation between the three risk groups derived
from the CPH model. Patients in the high-risk group show markedly lower LF-free survival
probabilities, with several events already occurring in the first three years after proton therapy.

The good separation between the survival curves shows that the five selected parameters
capture relevant tumor characteristics associated with local treatment failure and supports
their potential predictive power.

4.2 Limitations

Several limitations should be considered when interpreting the results of this study. First,
the small cohort size (n = 31) limits the statistical power of the analysis and increases the
risk of overfitting the predictive models. In addition, the study lacked a baseline Cox model
that included only clinical variables, which would have allowed a direct comparison of the
added predictive value of the radiomics features. Furthermore, no dosimetric information was
available, preventing an assessment of the dose-response relationships.

The spatial registration pipeline was extended from previous work to include refined data
masking and normalization procedures. It showed good visual alignment, but minor mistakes
in registrations between modalities, especially between DWI and CT, could still introduce
small misalignments in the boundary regions of tissues. Furthermore, air/bone removal steps
may have altered tumor shape, leading to the exclusion of shape-based radiomic characteristics
from the analysis.

The feature selection and modeling steps were also affected by the limited dataset size. The
bootstrap based robustness analysis provided a measure of feature stability, but the small
sample size and large number of features (51 covariates) presented a risk of model instability.
Although cross-validation was used, external validation on an independent test dataset would
be required to confirm generalizability and calibration.

Finally, the biological interpretation of the intensity distributions and radiomics features
should be interpreted with caution. While associations between ADC, FLAIR, and the ra-
diomics texture features with local failure are biologically plausible, the limited cohort size
and the sometimes contradictory literature prevent definitive conclusions about tissue char-
acteristics.

4.3 Future Work

Validation in larger and more balanced datasets will be essential to confirm these findings
and improve the generalizability of the model. Future research should also aim to explain
the biological mechanisms underlying the radiomics features associated with local failure. An
option would be the inclusion of histological markers, such as cellularity, for biomarker valida-
tion. Since the risk estimates from the CPH model are relative to a study cohort, subsequent
studies should define absolute radiomics feature thresholds that allow risk classification.
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5 Conclusion

In this study, a survival analysis was performed on patients with skull base chordoma and
chondrosarcoma treated with proton therapy. The analysis included diffusion-weighted de-
rived biomarkers together with conventional anatomical T1-weighted, and FLAIR images,
and a few available clinical parameters. The proposed pipeline enabled multimodal image re-
gistration, radiomics feature extraction and survival analysis. It addressed challenges such as
differing information content of functional and anatomical imaging modalities, image intensity
normalization, and high-dimensional feature data.

The best-fitting Cox proportional hazards model, which included five parameters, achieved
good risk stratification, as confirmed by discrimination (C-Index) and calibration metrics
(Brier score) as well as by Kaplan-Meier analysis. These findings suggest that radiomics
features from quantitative and anatomical magnetic resonance images capture biologically
relevant information associated with treatment outcomes.

Future studies with a larger and more balanced dataset are needed to confirm these findings
and to reliably identify imaging biomarkers to help make clinical decisions.
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