
  

  

Abstract— Despite recent advances in cancer treatment, 

patients with brain metastasis still suffer from poor overall 

survival (OS) after standard treatment. Predicting the 

treatment outcome before or early after the treatment can 

potentially assist the physicians in improving the therapy 

outcome by adjusting a standard treatment on an individual 

patient basis. In this study, a data-driven computational 

framework was proposed and investigated to predict the 

local control/failure (LC/LF) outcome in patients with brain 

metastasis treated with hypo-fractionated stereotactic 

radiation therapy (SRT). The framework extracted several 

geometrical and textural features from the magnetic 

resonance (MR) images of the tumour and edema regions 

acquired for 38 patients. Subsequent to a multi-step feature 

reduction/selection, a quantitative MR biomarker consisting 

of two features was constructed. A support vector machine 

classifier was used for outcome prediction using the 

constructed MR biomarker.  The bootstrap .632+ and leave-

one-patient-out cross-validation methods were used to assess 

the model’s performance. The results indicated that the 

outcome of LF after SRT could be predicted with an area 

under the curve of 0.80 and a cross-validated accuracy of 

82%. The results obtained implied a good potential of the 

proposed framework for local outcome prediction in patients 

with brain metastasis treated with SRT and encourage 

further investigations on a larger cohort of patients. 

I. INTRODUCTION 

Brain metastasis is the most common intracranial 
malignancy. The treatment options of brain metastasis 
include whole-brain radiation therapy (WBRT), stereotactic 
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radiation therapy (SRT), surgical resection, and systemic 
therapy. SRT has now become the standard treatment method 
for patients having less than 10 brain lesions, as it is 
associated with less brain damage compared to WBRT[1].  

Recent clinical practices performed for cancer treatment 
suggest that the therapy outcome can be significantly 
improved by tailoring the treatment methods to the individual 
patient’s characteristics [2]. In fact, an appropriate 
personalized treatment method can minimize the 
complications and morbidity caused by a futile treatment. 
The standard procedure of radiation treatment planning for 
brain metastasis involves magnetic resonance (MR) and 
computed tomography (CT) imaging. The former is used for 
segmenting the regions of interest (ROIs), and the latter is 
used for radiation therapy simulation and deriving the 
radiation dose maps. MR images are also acquired after the 
treatment as part of the standard follow-up assessment that 
is mainly based on the changes in physical measurements of 
the tumour. However, such physical changes may not be 
evident on standard follow-up images until many months 
after the treatment. Also, due to a local recurrence, the 
tumour size may increase again several months after the 
treatment despite a detectable reduction in size early after 
the treatment.  

Radiomics refers to high-throughput mining of medical 
images that applies data-driven computational methods to 
extract and explore quantitative biomarkers from medical 
images for specific diagnostic and/or prognostic 
applications. Such biomarkers often include geometrical 
and textural features of a region of interest (ROI) within the 
tissue, e.g., a lesion or tumour. Geometrical features 
describe the morphology and shape of the ROI, whereas the 
textural features characterize the intra-ROI heterogeneity. 
Such features have demonstrated diagnostic and prognostic 
value in different clinical applications [3]–[8]. The 
application of radiomics in diagnosis and therapy response 
prediction has been investigated for several cancer types 
including breast, lung, and head and neck [8]–[17]. In these 
studies, various radiomic features are extracted from different 
imaging modalities including MRI, CT, and ultrasound. The 
previous studies have demonstrated that quantitative imaging 
features and, in particular, textural biomarkers have a high 
potential for cancer characterization in diagnostic and 
prognostic applications and implied that radiomics can serve 
as a bridge between medical imaging and personalized 
cancer therapeutics.  

 In this work, the potential of the MR radiomic features 
was investigated for predicting the local control/local failure 
(LC/LF) outcome in patients with brain metastasis treated 
with hypo-fractionated SRT. Several radiomic features were 
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extracted from MR images of 38 patients diagnosed with 
brain metastasis and planned for SRT. The features were 
analyzed through a multi-step feature reduction/selection 
process with cross-validation that resulted in an optimal MR 
biomarker consisting of two features. A support vector 
machine (SVM) classifier was used to predict the outcome of 
the patients in terms of LC/LF using the optimal MR 
biomarker. The classification results demonstrated that early 
changes in the optimal MR biomarker after the SRT can 
predict the 6-month LC/LF outcome of a tumour with cross-
validated sensitivity and specificity of 84% and 79%, 
respectively. 

II. METHODS 

A. Dataset 

This study was conducted in accordance with 
institutional research ethics board approval from 
Sunnybrook Health Sciences Centre (SHSC), Toronto 
Canada. Imaging and clinical data were collected from 38 
patients diagnosed with brain metastasis and treated with 
hypo-fractionated SRT. All patients were diagnosed with a 
single tumour, and the dataset included a total of 38 
malignant lesions. The imaging data consisted of gadolinium 
contrast-enhanced T1-weighted (T1w), and T2-weighted-
fluid-attenuation-inversion-recovery (T2-FLAIR) images 
acquired immediately before (baseline) and within three 
months (first follow-up) after the treatment. Both datasets 
were acquired as part of the institutional standard of care for 
brain metastasis treatment. The in-plane image resolution was 
0.5 mm for both T1w and T2-FLAIR images. The slice 
thickness was 1.5 mm and 5 mm for T1w and T2-FLAIR 
images, respectively.  The 6-month LC/LF outcome for each 
lesion was determined by a radiation oncologist and 
neuroradiologist using the follow-up imaging data acquired 
about 6 months after the treatment.  

B. Tumour/Edema Mask Generation 

The treatment planning data consisted of the tumour 
contours delineated by expert oncologists on T1w images 
(Fig. 1(a)). In order to segment the edema, first the T2-
FLAIR images were registered on T1w using an affine 
registration with mutual information (MI) as the similarity 
metric [18]. Next, the edema was segmented on the registered 
images using a region growing algorithm followed by manual 
refinement under the supervision of an expert oncologist. 
Finally, the tumour and edema masks were warped on 
original T2-FLAIR images using the inverse of the 
registration transformation matrix. A similar procedure was 
performed on the follow-up images to obtain the tumour and 
edema masks. The mask generation pipeline was 
implemented in ITK software toolkit while the manual 
adjustments were performed using 3D Slicer software 
package [19]. 

C. Feature Extraction 

The extracted features consisted of two groups of 
geometrical and textural features. The geometrical features 
describing the ROI shape were obtained from the 2D axial 
slices of the tumour and edema masks (Fig. 1(b)), and 
subsequently averaged over all 2D slices. The geometrical 
features included the area, perimeter, circle metric, aspect- 
ratio, convexity, eccentricity, solidity, and extent of the 
segmented region.  

Figure 1.  The MR radiomics framework for prediction of radiotherapy 

LC/LF outcome in metastatic brain tumours. 

The textural features were extracted from both T1w and 
T2-FLAIR images within the tumour and edema masks 
separately. The textural features included the first order 
features derived from the image histogram [20], as well as 
the second order features derived from the accumulated gray-
level-cooccurrence-matrix (GLCM) of the image with a 
neighborhood parameter of 1 to 4 voxels [21]. The first order 
histogram features describe the distribution of the voxel 
intensities, while the second order GLCM features depict the 
inter-dependency or co-occurrence of two voxels at specific 
relative position (Fig. 1(b)). Another set of textural features 
applied in this study were the  histogram features derived 
from the Local Binary Pattern (LBP) [22] parametric images. 
A total of 220 quantitative features were explored in this 
study. All features were extracted from both the baseline and 
first follow-up images and the relative change from the 
baseline at the first follow-up was used for outcome 
prediction (Fig. 1(c)). 

III.    RESULTS 

A. Biomarker Discovery 

The features extracted from the tumour and edema 
regions, were first assessed using a Pearson correlation 
analysis to exclude the highly correlated features. Fig. 2(a) 
depicts the R2 heat map obtained from the Pearson 
correlation matrix for all the features. 
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Figure 2.  (a) The R2 heat map demonstrating the correlation between the 

features. (b) The p-value heat map for the quantitative MR features 

extracted from the tumour and edema regions. 

As shown in Fig. 2(a), the highly correlated features formed 
several clusters. Therefore, the R2 matrix was thresholded for 
values greater than 0.80 to identify the clusters of highly-
correlated features. Next, each cluster was reduced to a single 
representative feature with the largest dynamic range. The 
correlation analysis reduced the number of features from 220 
to 106. 

Subsequent to the feature reduction, the level of statistical 
difference exhibited by each feature between the lesions with 
an LC versus LF outcome was assessed using a Mann 
Whitney U test with a critical p-value of 0.05 for feature 
selection. Fig. 2(b) demonstrates the distribution of p-values 
for features extracted from tumour and edema, respectively. 
The feature selection procedure consisted of two steps. First, 
a sub-optimal set of features was ranked using the p-values 
obtained from the Mann Whitney U test in conjunction with a 
leave-one-out sampling scheme. At each sampling step, the 
p-values were calculated over the 37 selected lesions. Next,  

TABLE I.  THE SELECTED FEATURES FOR THE OPTIMAL MR BIOMARKER. 

Outcome Optimal Features p-value 

6-month 

LC/LF 

Edema_Geometric_Solidity_T2 0.006 

Edema_LBP_Median_T1 0.02 

 

 

TABLE II.  THE LC/LF OUTCOME PREDICTION RESULTS. 

Outcome 𝐀𝐔�̂�.𝟔𝟑𝟐+ Accuracy Sensitivity Specificity 

6-month 

LC/LF 
0.80 82% 

 

84% 

 

 

79% 

 

from all the features having a p-value smaller than 0.05, the 
first 15 features with the smallest p-values were identified. 
Finally, the features were ranked based on their frequency of 
occurrence in the best 15 features over the 38 sampling folds. 
The feature ranking step was followed by a  forward selection 
scheme based on the area under the curve (AUC) with 
bootstrap .632+ (AUĈ.632+) to select the features forming an 
optimal MR biomarker for outcome prediction [23]. The 
selected features are listed in Table I. As the table implies, 
the features included in the optimal MR biomarker are 
corresponding to the edema region.  

B. Outcome Prediction 

An SVM classifier with a Gaussian kernel was applied to 
predict the LC/LF outcome of each lesion using the optimal 
MR biomarker. The model performance was assessed using 
both the AUĈ.632+, and a leave-one-patient-out (LOPO) cross 
validation scheme. The results have been summarized in 
Table II. An AUĈ.632+ of 0.80 was obtained for predicting the 
radiation therapy outcome using the optimal MR biomarker. 
The optimal biomarker could also predict the LC/LF outcome 
of the stereotactic radiation therapy with a LOPO cross-
validated sensitivity, specificity, and accuracy of 84%, 79%, 
and 82%, respectively.  

IV.   DISCUSSION 

In this study, an MR radiomics framework was proposed 
and investigated to predict the 6-month LC/LF outcome of 
hypo-fractionated SRT for patients with brain metastasis. A 
total of 220 geometrical and textural features were extracted 
from the T1w and T2-FLAIR images within the tumour, and 
edema regions. A multi-step feature reduction/selection 
scheme was used to find the optimal quantitative MR 
biomarker for LC/LF outcome prediction. The optimal 
biomarker consisted of two features extracted from the edema 
region. The bootstrap .632+ and LOPO cross-validation 
methods were used to assess the potential of the optimal MR 
biomarker for outcome prediction. The results indicated that 
the optimal MR biomarker can predict the 6-month LC/LF 
outcome of hypo-fractionated SRT with an AUĈ.632+ = 0.80, 
and accuracy = 82%. 

In conclusion, the results obtained from this study 
demonstrated that the quantitative biomarkers extracted from 
T1w and T2-FLAIR images have a good potential to predict 
the LC/LF outcome of SRT early after the treatment. Such 
prediction can facilitate effective treatment adjustments on an 
individual patient basis before it is potentially too late. 
Further investigations are required to evaluate the efficacy of 
these biomarkers on a larger cohort of patients, and to 
compare the performance of the proposed radiomics 
framework with other methods such as convolutional neural 
networks.  
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