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Figure 1 | The qMR feature heat maps for 6-month LC/LF. (a) The R-squared heat map generated using the Pearson 

correlation coefficients for all pairs of the extracted features. (b) The p-value heat maps for different sub-regions of the 

lesion generated using the Mann-Whitney U test (6 month LC/LF) for each feature after the redundant features were 

eliminated. 
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Figure 2 | The qMR feature heat maps for 12-month LC/LF. (a) The R-squared heat map generated using the Pearson 

correlation coefficients for all pairs of the extracted features. (b) The p-value heat maps for different sub-regions of the 

lesion generated using the Mann-Whitney U test (12 month LC/LF) for each feature after the redundant features were 

eliminated. 
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Image Registration/Segmentation and Mask Generation 

To obtain the regions of interest (ROIs) for sub-lesion mask generation, a semi-automatic registration-

segmentation framework was developed (Figure 1). The baseline T2-weighted-fluid-attenuation-

inversion-recovery (T2-FLAIR) images were initially registered to  their corresponding Gadolinium-

contrast-enhanced-T1-weighted (T1w) images using an affine registration method with mutual 

information as the metric1. The edema region was segmented on the registered T2-FLAIR images using 

a region growing algorithm2. The region growing segmentation was followed by manual refinements 

performed in 3D slicer3. Finally, the inverse of the registration transformation matrix was used to warp 

the edema, and the tumour masks generated for the T1w images on the T2-FLAIR images. A similar 

procedure was performed on the follow-up images for generation of the sub-lesion masks. In addition 

to the tumour and edema masks, the lesion-margin and tumour-margin masks were generated using 

morphological image analysis, covering a 1, 3, 5, and 10 mm margin of the lesion (tumour + edema), 

and tumour, respectively.  

 

Figure 3 | The mask generation framework for the T1w and T2-FLAIR images.  
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Radiomics Features  

A total number of 3072 were extracted from the segmented ROIs. The derived features included four 

groups of: 1) geometrical features, 2) histogram features, 3) gray-level co-occurrence matric (GLCM) 

features, and 4) multi-wavelet features. 

1) Geometrical Features 

The geometrical features were extracted from 2D axial slices of the binary masks. The extracted 

features were subsequently averaged over all axial slices. The following geometrical features were 

extracted using the MATLAB software package: 

1. Area: The area of the ROI calculated using the number of pixels multiplied by the area of each 

pixel (S) 

2. Perimeter: The perimeter of the ROI (P) 

3. Circle Metric 

circle metric =
P2

4πS
  

4. Aspect Ratio 

aspect ratio =  
width of ROI

height of ROI
 

5. Convexity 

convexity =
The perimeter of convex hull

P 
 

6. Eccentricity: Eccentricity of the ellipse that has the same second-moments as the ROI. The 

eccentricity is the ratio of the distance between the foci of the ellipse and its major axis length. 

 

7. Solidity 

solidity =
S

convex area
 

8. Extent 

extent =  
S

area of the bounding box
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2) Histogram Features 

The histogram statistics describe the distribution of voxel intensities within an image. In this study, the 

histogram features were extracted from both the MR images and the corresponding local binary pattern 

(LBP) parametric images (described below). 

The histogram features were computed for each 2D image slice, and subsequently averaged over all 2D 

slices. The following first-order statistical features were extracted: 

1. Mean 

mean =
1

N
∑ X(i)

N

i=1

 

2. Variance                                                 

variance =
1

N − 1
∑(X(i) − X̅)2

N

i=1

 

3. Skewness 

skewness =

1
N

∑ (X(i) − X̅)3N
i=1

(√1
N

∑ (X(i) − X̅)2N
i=1 )3

 

4. Kurtosis 

kurtosis =

1
N

∑ (X(i) − X̅)4N
i=1

(√1
N

∑ (X(i) − X̅)2N
i=1 )2

 

5. Energy 

energy = ∑ X(i)2

N

i=1

 

6. Entropy  

entropy = ∑ 𝐏(i) log2 𝐏(i)

Nl

i=1

 

7. Maximum  

maximum = max
i=1,… ,N

X(i) 
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8. Mean Absolute Deviation 

mean absolute deviation =
1

N
∑‖X(i) − X̅‖

N

i=1

 

 

9. Median: The median intensity value. 

 

10. Minimum 

minimum = min
i=1,…,N

X(i) 

11. Range 

range = maximum − minimum 

12. Root Mean Square (RMS) 

RMS = √
∑ X(i)2N

i

N
 

 

13. Standard Deviation (SD) 

SD = (
1

N − 1
∑((X(i) − X̅)2

N

i=1

)
1

2⁄  

14. Uniformity  

uniformity = ∑ P(i)2

Nl

i=1

 

X(i) represents the intensity value of pixel i, and P(i) is the probability of the intensity value i. 

 

LBP 

LBP is a very efficient texture operator which labels the pixels of an image by thresholding the 

neighborhood of each pixel and considers the result as a binary number4. The LBP feature vector, in its 

simplest form, is created in the following manner: 
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Figure 4 | Thresholding the pixel neighborhood to obtain the LBP feature.  

To obtain the LBP feature for each pixel, the examined window is divided into cells (e.g. 16×16 pixels 

for each cell). Next, for each pixel in a cell the pixel value is compared to each of its 8 neighbors (on its 

left-top, left-middle, left-bottom, right-top, etc.). The comparison is performed along a circular path, 

i.e. clockwise or counter-clockwise. In general, different neighbourhoods can be defined by varying the 

radius of the circle around the pixel (R) and the quantisation of the angular space (Q). In case the center 

pixel's value is greater than the neighbor's value, the neighbor's value is changed to "0". Otherwise, it is 

changed to "1". For a neighbourhood consisting of 8 pixels this procedure gives an 8-bit number, which 

is usually converted to decimal for convenience. Next, a histogram representing the frequency of 

occurrence of each (8-bit) number is computed over the cell. For a neighbourhood consisting of 8 

pixels, this histogram can be seen as a 256-dimensional feature vector that is often normalized to the 

number of pixels in the cell. Finally, the histogram of all cells are concatenated which gives a feature 

vector (parametric image) for the entire window.  

3) Gray-Level Co-occurrence Matrix (GLCM) Features 

The GLCM features are second-order texture features describing the relative position of the various 

gray-level intensities over the image that are computed using the gray level co-occurrence matrix5. To 

compute the gray level co-occurrence matrix, voxel intensities were linearly quantized using a bin-

width of 25 gray levels 6. The discretization step helps with noise removal and consistent texture 

extraction among all patients.  

The gray-level co-occurrence matrix is a 𝑁𝑔 × 𝑁𝑔 matrix defined as 𝑃(𝑖, 𝑗, 𝛿, 𝛼). The entry (𝑖, 𝑗) of P is 

computed by finding the relative number of times (probability) that 𝑗 occurs in direction 𝛼, and 

distance of 𝛿 pixels from 𝑖. Here, 𝑁𝑔 is the number of discrete gray level intensities. 
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In this study, 𝛿 was a distance of 1 to 4 pixels, and 𝛼 was each of the 13 directions in a 3D matrix (45° 

rotation between the adjacent directions). The final GLCM matrix was the accumulation of all the 

GLCM matrices calculated for each 𝛿, and 𝛼. 

For the co-occurrence matrix 𝑃(𝑖, 𝑗) with distance 𝛿, direction 𝛼, and number of intensity levels 𝑁𝑔, the 

following parameters are calculated:  

𝜇, the mean of 𝑃(𝑖, 𝑗), 

𝑝𝑥(𝑖) = ∑ 𝐏(𝑖, 𝑗)
𝑁𝑔 

𝑗=1
, and 𝑝𝑦(𝑖) = ∑ 𝐏(𝑖, 𝑗)

𝑁𝑔 

𝑖=1
 the marginal row, and column probabilities respectively, 

𝜇𝑥, and  𝜎𝑥 the mean and standard deviation of 𝑝𝑥, 

𝜇𝑦, and  𝜎𝑦 the mean and standard deviation of 𝑝𝑦, 

𝑝𝑥+𝑦(𝑘) = ∑ ∑ 𝐏(𝑖, 𝑗)
𝑁𝑔

𝒋=𝟏

𝑁𝑔 

𝑖=1
, 𝑖 + 𝑗 = 𝑘, 𝑘 = 2,3, … ,2𝑁𝑔,  

𝑝𝑥−𝑦(𝑘) = ∑ ∑ 𝐏(𝑖, 𝑗)
𝑁𝑔

𝒋=𝟏

𝑁𝑔 

𝑖=1
, |𝑖 − 𝑗| = 𝑘, 𝑘 = 2,3, … ,2𝑁𝑔,  

𝐻𝑋 = − ∑ 𝑝𝑥
𝑁𝑔

𝑖=1
(𝑖) log2[𝑝𝑥(𝑖)] be the entropy of 𝑝𝑥, 

𝐻𝑌 = − ∑ 𝑝𝑦
𝑁𝑔

𝑖=1
(𝑖) log2[𝑝𝑦(𝑖)] be the entropy of 𝑝𝑦, 

𝐻 = − ∑ ∑ 𝑃(𝑖, 𝑗) log2[𝑃(𝑖, 𝑗)]
𝑁𝑔

𝑗=1

𝑁𝑔

𝑖=1
 be the entropy of 𝑃(𝑖, 𝑗), 

𝐻𝑋𝑌1 = − ∑ ∑ 𝐏(𝑖, 𝑗)log (
𝑁𝑔

𝑗=1

𝑁𝑔

𝑖=1
𝑝𝑥(𝑖)𝑝𝑦(𝑗)), 

𝐻𝑋𝑌2 = − ∑ ∑ 𝑝𝑥(𝑖)𝑝𝑦(𝑗)log (
𝑁𝑔

𝑗=1

𝑁𝑔

𝑖=1
𝑝𝑥(𝑖)𝑝𝑦(𝑗)). 

 

The texture features are then computed using the following formula:  

1. Autocorrelation: 

autocorrelation =  ∑ ∑ ij𝐏(i, j)

Ng

j=1

Ng

i=1
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2. Cluster Prominence 

cluster prominence = ∑ ∑[i + j − μx(i) − μy(j)]
4

𝐏(i, j)

Ng

j=1

Ng

i=1

 

3. Cluster Shade 

cluster shade =  ∑ ∑[i + j − μx(i) − μy(j)]3

Ng

j=1

Ng

i=1

𝐏(i, j) 

4. Contrast        

contrast = ∑ ∑[i − j]2

Ng

j=1

Ng

i=1

𝐏(i, j) 

5. Correlation 

correlation =
∑ ∑ ijP(i, j) − μi(i)μj(j)

Ng

j=1

Ng

i=1

σx(i)σy(j)
 

6. Difference Entropy 

difference entropy = ∑ Px−y(i) log2[Px−y(i)]

Ng−1

i=0

 

7. Dissimilarity 

dissimilarity = ∑ ∑ |i − j|

Ng

j=1

Ng

i=1

𝐏(i, j) 

8. Energy 

energy = ∑ ∑[𝐏(i, j)]2

Ng

j=1

Ng

i=1

 

9. Entropy 

entropy = − ∑ ∑ 𝐏(i, j) log2[𝐏(i, j)]

Ng

j=1

Ng

i=1

 

10. Homogeneity 

homogeneity = ∑ ∑
𝐏(i, j)

1 + |i − j|

Ng

j=1

Ng

i=1
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11. Informational Measure of Correlation 1 (IMC1): 

 

IMC1 =
HXY − HXY1

max (HX, HY)
 

 

12. Information Measure of Correlation 2 (IMC2): 

 

IMC2 = √1 − e−2(HXY2−HXY) 

 

13. Inverse Difference:  

inverse difference = ∑ ∑
𝐏(i, j)

1 + (
|i − j|

N )

Ng

j=1

Ng

i=1

 

14. Maximum Probability 

maximum probability = max {𝐏(i, j)} 

15. Sum Average  

sum average = ∑[i𝐏x+y(i)]

2Ng

i=2

 

16. Sum Entropy 

 

sum entropy = − ∑ 𝐏x+y(i) log2[𝐏x+y(i)]

2Ng

i=2

 

17. Sum Variance  

     

sum variance = ∑(i − SE)2𝐏x+y(i)

2Ng

i=2
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18. Variance 

variance = ∑ ∑(i − μ)2

Ng

j=1

Ng

i=1

𝐏(i, j) 

 

4) Wavelet Features  

The last group of features were derived from multi-wavelet filtered images which were acquired  by 

filtering the MR images in x, y, and z directions using the wavelet filters7. The wavelet filters extract 

textural information by decomposing the image in low (L), and high (H) frequencies. The procedure for 

applying the three dimensional wavelet transform on each image is shown in Figure 5 where the first 

layer corresponds to filtering along the x axis. The second and thirds layers correspond to filtering 

along the y, and z axes, respectively. Once the multi-wavelet images were computed, the histogram and 

GLCM features were extracted from each multi-wavelet image.  

 

 

Figure 5 | Multi-wavelet filtering. 
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Feature Reduction/Selection  

The optimal features for LC/LF prediction were obtained through a multi-step feature 

reduction/selection procedure. The features reduction procedure involved using a Pearson 

correlation analysis to obtain the coefficient of determination (R2) for each feature pair (Figures 1 

and 2). Clusters of highly correlated features were identified from the R-squred matrix using a 

threshold of R2 = 0.8. Next, in each cluster of correlated features, the one which was associated with 

the largest dynamic range was selected as the representative feature. The feature reduction step was 

followed by a two-step feature selection procedure. First, the features were ranked using the p-

values obtained from the Mann-Whitney U test in conjunction with a 50-fold sampling scheme. In 

each sampling step, the p-values were calculated over 49 folds of the patients and the 15 features 

with the smallest p-values were identified. The features were then ranked using their frequency of 

occurrence over the 50 samples. In the second step of feature selection, the 𝐴𝑈𝐶̂.632+ was used with a 

forward feature selection scheme to find the feature sets leading to the maximum performance. 

The 𝐴𝑈𝐶̂.632+ is the average of the 𝐴𝑈𝐶.632+ values obtained for all bootstrap .632+ samples drawn 

from the dataset X. In this study, a balancing step was performed before each bootstrap sampling to 

compensate for the imbalance of the dataset. For the dataset X consisting of N observations, let Xbal be 

a balanced set obtained by keeping all the observations from the minority group (n=N1), and random 

sampling of N1 observations from the majority group. Next, let  Xtrain
bal−b be the selected bootstrap 

training sample at step b (b = 1, 2 …  B), and Xtest
bal−b the corresponding test sample obtained by 

excluding the training samples from Xbal.  

For each step, the bootstrap AUC, AUCb, can be obtained by testing the trained classifier on the 

bootstrap test set. AUCb is known to be upward biased. As such, the bias is accounted for using the 

following definition:  

AUC.632+
b =  αbAUCb

′ + (1 − αb)AUCx , 

where  

AUCb
′  = max {0.5, AUCb}, 

αb =
0.632

1 − 0.368 × Rb
 , 
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Rb = {

1                    if AUCb ≤ 0.5 
AUCx − AUCb

AUCx − 0.5
           if AUCx > AUCb > 0.5

0             otherwise,

 

 

and AUCx is the AUC obtained from testing the trained classifier on the trained set (re-substitution 

AUC). AUCx is known to be downward biased. Finally, the overall AUC for bootstrapping test is 

defined as: 

AUĈ.632+ =  
1

B
∑ AUC.632+

b .

B

b=1

 

In the forward feature selection, the 𝐴𝑈𝐶̂.632+ was calculated for each feature set using 250 bootstrap 

samples and an SVM classifier. The best feature set obtained from the forward selection was further 

reduced using an ANOVA test to find the smallest set of features (referred to as the optimal qMR 

biomarker) leading to a statistically similar performance. Specifically, in each step of forward selection 

250 values were computed for AUC.632+
b , and M features resulting in maximum AUĈ.632+ were 

selected. The ANOVA test was performed on the M vectors of AUC.632+
b  values, corresponding to the 

M selected features, to find the feature sets for which the AUC.632+
b  values are significantly different. 

The feature selection procedure is demonstrated in Figure 4. The feature extraction, reduction, selection 

and classification algorithms were implemented in MATLAB software package.  
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Figure 6 | The feature selection algorithm.  
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