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Abstract 

Purpose: There are two goals of this study. The first goal of this study is to investigate 

the feasibility of using classic textural feature extraction in radiotherapy response 

assessment among a unique cohort of early stage breast cancer patients who received the 

single-dose preoperative radiotherapy. The second goal of this study is to investigate the 

clinical feasibility of using classic texture features as potential biomarkers which are 

supplementary to regional apparent diffusion coefficient in gynecological cancer 

radiotherapy response assessment. 

Methods and Materials:  For the breast cancer study, 15 patients with early stage breast 

cancer were enrolled in this retrospective study. Each patient received a single-fraction 

radiation treatment, and DWI and DCE-MRI scans were conducted before and after the 

radiotherapy. DWI scans were acquired using a spin-echo EPI sequence with diffusion 

weighting factors of b = 0 and b = 500 mm2/s, and the apparent diffusion coefficient 

(ADC) maps were calculated. DCE-MRI scans were acquired using a T1-weighted 3D 

SPGR sequence with a temporal resolution of about 1 minute. The contrast agent (CA) 

was intravenously injected with a 0.1 mmol/kg bodyweight dose at 2 ml/s. Two 

parameters, volume transfer constant (Ktrans) and kep were analyzed using the two-

compartment Tofts pharmacokinetic model. For pharmacokinetic parametric maps and 

ADC maps, 33 textural features were generated from the clinical target volume (CTV) in 
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a 3D fashion using the classic gray level co-occurrence matrix (GLCOM) and gray level 

run length matrix (GLRLM). Wilcoxon signed-rank test was used to determine the 

significance of each texture feature’s change after the radiotherapy. The significance was 

set to 0.05 with Bonferroni correction. 

For the gynecological cancer study, 12 female patients with gynecologic cancer treated 

with fractionated external beam radiotherapy (EBRT) combined with high dose rate 

(HDR) intracavitary brachytherapy were studied. Each patient first received EBRT 

treatment followed by five fractions of HDR treatment. Before EBRT and before each 

fraction of brachytherapy, Diffusion Weighted MRI (DWI-MRI) and CT scans were 

acquired. DWI scans were acquired in sagittal plane utilizing a spin-echo echo-planar 

imaging sequence with weighting factors of b = 500 s/mm2 and b = 1000 s/mm2, one set of 

images of b = 0 s/mm2 were also acquired. ADC maps were calculated using linear least-

square fitting method. Distributed diffusion coefficient (DDC) maps and stretching 

parameter   were calculated. For ADC and DDC maps, 33 classic texture features were 

generated utilizing the classic gray level run length matrix (GLRLM) and gray level co-

occurrence matrix (GLCOM) from high-risk clinical target volume (HR-CTV). Wilcoxon 

signed-rank statistics test was applied to determine the significance of each feature’s 

numerical value change after radiotherapy. Significance level was set to 0.05 with multi-

comparison correction if applicable. 
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Results: For the breast cancer study, regarding ADC maps calculated from DWI-MRI, 24 

out of 33 CTV features changed significantly after the radiotherapy. For DCE-MRI 

pharmacokinetic parameters, all 33 CTV features of Ktrans and 33 features of kep changed 

significantly. 

For the gynecological cancer study, regarding ADC maps, 28 out of 33 HR-CTV texture 

features showed significant changes after the EBRT treatment. 28 out of 33 HR-CTV 

texture features indicated significant changes after HDR treatments. The texture features 

that indicated significant changes after HDR treatments are the same as those after EBRT 

treatment. 28 out of 33 HR-CTV texture features showed significant changes after whole 

radiotherapy treatment process. The texture features that indicated significant changes 

for the whole treatment process are the same as those after HDR treatments. 

Conclusion: Initial results indicate that certain classic texture features are sensitive to 

radiation-induced changes. Classic texture features with significant numerical changes 

can be used in monitoring radiotherapy effect. This might suggest that certain texture 

features might be used as biomarkers which are supplementary to ADC and DDC for 

assessment of radiotherapy response in breast cancer and gynecological cancer. 
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1. Introduction  

Diffusion Weighted MRI (DWI-MRI) and Dynamic Contrast Enhanced MRI 

(DCE-MRI) have been of interest recently due to their ability to elucidate the underlying 

biology of many cancers. These two functional imaging methods are becoming 

increasingly vital due to the limitation of morphologic imaging.  

1.1 Diffusion Weighted MRI 

Diffusion Weighted imaging was first used for studying the brain in mid-1980 

[1].  Regular MRI scan acquires the behavior of hydrogen in water to form contrast 

between clinically relevant features of a particular subject. For diffusion weighted MRI, 

it measures the random Brownian motion of water molecules within the tissue, 

representing the combined water diffusion in a number of compartments. Tumors 

generally are more cellular and dense than normal tissue, thus they are likely to show 

relative high signal intensity on diffusion weighted images. 

The diffusion-sensitizing factor b-value was proposed to quantify the timing and 

strength of generating diffusion-weighted images by Stejskal and Tanner [2]. 

                                                               Eq.(1) 

Where   (s−1·T−1) is the gyromagnetic ratio, G (T/mm) is the magnitude gradient 

pulse,   (s) is the duration of the gradient pulse and   (s) is the time between two 

gradient pulses. 
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High quality diffusion weighted images with multiple b-values could be 

acquired with the development of the modern technology. Also different b-values could 

be achieved by adjusting magnitude gradient pulse (G) and the duration of the gradient 

pulse ( ). The following Figure 1 shows an example of gynecological diffusion weighted 

images acquired with different diffusion weighting factors. As the multiple b-values 

could be achieved, the larger the b value which leads to the greater the magnitude of the 

signal attenuation from the water molecules with in tissue. 

   

Figure 1: Gynecological diffusion weighted images with diffusion weighting 

factors: (a) b =0 s/mm2 (b) b = 500 s/mm2 

 

In order to perform quantitative assessment of diffusion weighted images, 

several models which characterize differences in water diffusion had been proposed [3, 

4]. In this study, two diffusion attenuation models were considered: mono-exponential 

decay model [3] and stretched exponential model [4].  
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1.1.1 Mono-exponential Decay Model 

This model assumes a pure diffusion process and is described by mono-

exponential decay of the measured signal S1 as a function of b-value. 

  

  
                                                     Eq.(2) 

Where    is the initial signal acquired without diffusion weighting (b = 0),    is 

the signal intensity acquired with certain diffusion weighting, and ADC is the apparent 

diffusion coefficient.  

ADC maps describe the magnitude of diffusion of water molecules within tissue, 

which rely on spatial orientation, motion of the tissue as well as perfusion effect tissue 

[3]. The mono-exponential decay model is the most commonly used in clinical 

calculating diffusion coefficient maps which widely available on most MR scanners. 

However, this model does not completely describe the diffusion signal attention for 

tissue behavior in the body [3]. 

1.1.2 Stretched Exponential Model 

Although mono-exponential model is easy to estimate, it does not fully account 

for the diffusion signal attenuation of the within tissue. Stretched exponential was 

proposed by Bennett [4] that used two fitting parameters accounts for more 

comprehensive diffusion effects.  

This model is mathematically described by stretched exponential function: 

  

  
                                                        Eq.(3) 
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In which     and    are the initial signal acquired without and with diffusion 

weighting. DDC is the distributed diffusion coefficient which indicates the mean 

diffusion rates within tissue. And   is the stretching parameter that ranging from 0 to 1, 

which describes the differentiation of MR single attenuation. In the case of diffusion 

weighting factor   =1, the function could be simplified to the mono-exponential model. 

The smaller values of   result either from the non-exponential behavior caused by the 

addition of proton pools with a range of diffusion rates within the imaged voxel, or from 

a process where the motion is intermittent [4, 5].  

Compare with the mono-exponential model, the stretched exponential model 

accounts for more complex diffusion influences [6, 7] which can be used to 

quantitatively fit and derive of distributed diffusion coefficient and   from most datasets. 

It characterizes the non-random diffusion effect of water molecules [7] using at least 

three different diffusion weighting factors. Nevertheless, ADC maps can be calculated 

by only using at least two b-values. One of the disadvantages of using DDC is that it 

prolongs the scan time in acquiring images using more b-values. The other disadvantage 

is that fitting stretched model to diffusion images to calculated DDC maps which may 

require more post processing time. 

1.2 Dynamic Contrast Enhanced MRI 

Dynamic Contrast Enhanced MRI (DCE-MRI) is an imaging modality that T1-

weighted MRI scans are conducted serially before, during and after the administration 
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of contrast agents (CAs). The CAs are mostly gadolinium-based that could lead to the 

decrease of the relaxation time [8]. CA would more likely to re-enters the vessels faster 

due to it cannot go through healthy cell membranes in normal tissues; while in 

malignant tissues, CA would more likely to stay in extracellular space longer.  Hence, 

DCE-MRI scans could measure the CAs perfuse through vessels within the tumor and 

normal tissue using different mathematical models [9]. And Tofts pharmacokinetic 

model [10, 11] is commonly used for tumor characterization in DCE-MRI.  

 

 

Figure 2: Tofts kinetic model 

 

As shown in the Figure 2, the volume transfer constant reflects the diffusive 

transportation of CA across the endothelium. The time-varying blood plasma 

concentration Cp and plasma volume vp can be measured in each subject. In this Tofts 

pharmacokinetic model [11], volume transfer constant (Ktrans) and extravascular 

extracellular space (EES) fractional volume (ve) was acquired from absolute values of 
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CA’s concentration,  rate constant (kep) was defined as the ratio of volume transfer 

constant to EES fractional volume: 

                                                                          Eq.(4) 

Ktrans represents the variations of vasculature due to the flow and leakiness which 

depends on the balance between capillary permeability and blood flow. kep emphasizes 

the interstitial space compartment exchanges with blood plasma[11]. 

1.3 Breast Cancer and Gynecological Malignancies 

DWI-MRI and DCE-MRI have frequently used as adjunct imaging tools to 

conventional imaging techniques among breast cancer [12] , which is advantageous for 

providing information about vascularity of breast tissue. Also DWI-MRI in addition to 

ADC maps is commonly used in clinical diagnosing gynecological cancers, which could 

be used to provide information of tumor cellularity and integrity of cellular membrane 

[13].  

Breast cancer is second only to lung cancer as a major cause of cancer death in 

women in most industrialized countries. American Cancer Society estimated that 

approximately 300,000 cases [14, 15] of breast cancer were diagnosed in the US during 

2015. One fifth of the cases were in situ breast cancer cases while the rest of the cases 

were invasive. As most breast cancers are invasive, there is a significant risk of cancer 

cells metastasizing from the breast to other parts of the body through lymphatic system 

or the blood stream. 
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Gynecological cancers start in the female reproductive organs including the 

cervix, vulva, vagina, ovaries, fallopian tube and uterus [16]. Ovarian cancer is the most 

commonly occurring gynecological cancer. And according to statistics for 2015 provided 

by American Cancer Society estimated that about 98,000 women were diagnosed with 

gynecological cancer, approximately one third died from the disease.   

1.4 Purpose of the Study  

Tools for quantitative analysis of tumor heterogeneity are in demand for clinical 

radiation therapy and treatment response assessment. This is because tumor 

heterogeneity has been implicated in the causes and progression of many different 

cancers. 

Texture analysis can be used to extract and analyze quantitative imaging features 

from different imaging modalities (e.g., MRI, computed tomography (CT) and positron 

emission tomography (PET)) [17, 18]. Classic texture features derived from texture 

analysis acquires the spatial properties of structures within the lesion and of 

enhancement patterns. These texture features are of great potential value as quantitative 

biomarkers in radiotherapy response assessment.  

This retrospective research aims to investigate the feasibility of using classic 

textural feature extraction in radiotherapy response assessment, as well as exploring the 

potential therapeutic biomarkers in breast cancer and gynecological cancer. 
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2. Materials and Methods  

2.1 Patient Selection and MR Imaging Acquisition 

2.1.1 Breast Cancer Patient Study 

In this retrospective study, 15 female patients from our prospective phase I trial 

evaluating preoperative radiotherapy were included. Each patient underwent single-

fraction radiation treatment, paired pre- and post-radiation DWI-MRI and DCE-MRI 

scans were conducted. DWI-MRI scans were acquired using a spin-echo EPI sequence 

with DWI scans were acquired using a spin-echo EPI sequence with diffusion weighting 

factors of b = 0 and b = 500 mm2/s, and the ADC maps were calculated.  

DCE-MRI scans were acquired using a T1-weighted 3D SPGR sequence. The CA 

gadopentetate dimeglumine was intravenously injected with a dose of 0.1 mmol/kg 

bodyweight at a flow rate of 2 ml/s. The temporal resolution was approximately 1 

minute. For quantitative pharmacokinetic analysis, two parameters, volume transfer 

constant (Ktrans) and kep were analyzed using the two-compartment Tofts kinetic model. 

2.1.2 Gynecological Cancer Patient Study 

Twelve female patients recently treated with external beam radiotherapy (EBRT) 

combined with high dose rate (HDR) intracavitary brachytherapy were retrospectively 

studied. Each patient received EBRT treatment (1.8Gy/fx, total dose 45Gy) followed by 

five fractions of HDR treatments (5.5 Gy/fx, total dose 27.5 Gy). DWI-MRI and CT scans 
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were conducted before EBRT and before each fraction of brachytherapy. The mean high-

risk clinical target volume (HR-CTV) size of all enrolled patients was 35 cm3 (20-95 cm3). 

DWI-MRI scans were acquired on a 1.5T clinical scanner (GE Healthcare, 

Milwaukee, WI) using a spin-echo EPI sequence. Diffusion-sensitized gradient encoding 

with weighting factors of b = 500 s/mm2 and b = 1000 s/mm2 was applied in six 

directions, one set of images of b = 0 s/mm2 were also acquired.  

2.2 ADC and DDC Maps Calculation 

For breast cancer patients’ study, ADC maps were calculated using mono-

exponential model. For the gynecological cancer patients’ study, ADC maps were 

calculated using linear least-square fitting method [19-23] via mono-exponential model. 

Distributed diffusion coefficient (DDC) maps and stretching parameter   were 

calculated using stretched model [10, 11]. The pixel intensity of 0 as background had 

been excluded when calculating the ADC mean value.  

2.3 Texture Analysis 

Texture analysis is a mathematical approach that quantifies intuitive qualities as 

a function of the nonrandom spatial patterns in pixel intensities. Texture features are of 

great potential value as quantitative biomarkers in radiotherapy assessment. In this 

study, a set of texture features [24] are defined on classic gray level co-occurrence matrix 

(GLCOM) and gray level run length matrix (GLRLM).  
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2.3.1 Gray Level Co – Occurrence Matrix 

The gray level co-occurrence matrix captures numerical features of a texture 

using spatial relations of similar gray tones [25, 26]. It represents the distance and 

angular spatial relationship over an image sub-region of specific size. Figure 3 shows 

that the four directions from the reference pixel in the center. Figure 4 represent an 

example of GLCOM derived from the original gray level image in the 0° direction.  

               

Figure 3: Sample 2D image with 3 gray levels (left) and the four directions of 

pixel relationships from the measurement pixel (right).   

 

 

Figure 4: Sample 2D image with 3 gray levels (left) and calculated gray level 

co-occurrence matrix in the 0° direction (right)   
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Haralick [26] introduced the method for calculating GLCOM from 2D images, 

nevertheless, clinical medical imaging which might include multiple slices forming a 3D 

volume. GLCOM can be derived in 3D form by extending the center reference voxel the 

directions to the 13 adjacent voxels. Figure 5 shows that the 13 directions which are 

considered in calculating GLCOM in a 3D format. 

 

Figure 5:  Thirteen directions of the reference center voxel account for 

calculating 3D GLCOM    

A GLCOM is a matrix with size Ng*Ng describing the second-order joint 

probability function of an image, where the (i,j)th element represents the number of times 

the combination of intensity levels i and j occur in two pixels in the image, that are 

separated by a distance of   pixels in direction  , and Ng is the number of discrete gray 

level intensities. 

In this study, distance    was set to 1 and direction   to each of the 13 directions 

in three dimensions, yielding a total of 13 gray level co-occurrence matrices for each 3D 
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image. From these gray-level co-occurrence matrices, 22 GLCOM textural features [23, 

24] are derived utilizing the equations in Table 6. Each 3D gray level co-occurrence 

based feature was then calculated as the mean of the feature calculations for each of the 

13 directions. P(i,j) be the co-occurrence matrix for an arbitrary    and  , Ng be the 

number of discrete intensity levels in the image. 

2.3.2 Gray-Level Run-Length Matrix  

Run length metrics [27, 28] quantify gray level runs in an image. A gray level run 

is defined as the length in number of pixels, of consecutive pixels that have the same 

gray level value [29-31].  

 

Figure 6: Sample 2D image with 3 gray levels (left) and corresponding gray 

level run length matrix in the 0° direction (right).   

   

Above Figure 6 indicates a 2D gray level example of calculating GLRLM in 0° 

direction. Identical with calculating GLCOM in three dimension format, GLRLM in 3D 

format can be calculated each of the 13 directions in three dimensions, resulting in 13 
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gray level run length matrices for each 3D image. From these gray-level run length 

matrices, 11 texture features [27] are calculated using the equations presented in Table 7. 

Each 3D gray level run length based feature was then calculated as the mean of the 

feature calculations for each of the 13 directions. 

In a gray level run length matrix           , the (i,j)th element describes the number 

of times j a gray level i appears consecutively in the direction specified by  , and Ng is 

the number of discrete gray level intensities. Let:           is the (i,j)th entry in the given 

run-length matrix p for a direction  , Ng is the number of discrete intensity values in the 

image, Nr is the number of different run lengths, Np is the number of voxels in the 

image. 

2.4 Data Analysis 

2.4.1 Breast Cancer Patients’ Analysis 

For DCE parametric maps and ADC maps, 33 textural features were generated 

from the CTV in a 3D fashion using the GLCOM and GLRLM. Wilcoxon signed-rank test 

[32-34] was used to determine the significance of each texture feature’s change after the 

radiotherapy. The significance was set to 0.05 with Bonferroni correction [35-38]. And 

Figure 7 shows the work flow of this breast cancer study.  
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Figure 7: Work flow of breast cancer study 

 

2.4.2 Gynecological Cancer Patients’ Analysis 

For ADC and DDC maps, 33 classic texture features were generated utilizing the 

classic GLRLM and GLCOM from HR-CTV. Wilcoxon signed-rank statistics test was 

also applied to determine the significance of each feature’s numerical value change after 

radiotherapy. Significance level was set to 0.05 with multi-comparison correction if 

applicable. Following Figure 8 shows the work flow of the gynecological cancer study.  
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Figure 8: Work flow of gynecological cancer study 
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3. Results 

3.1 Breast Cancer Patients’ Study Results 

The pre-treatment data were set as baseline, and for each pharmacokinetic 

parameter or texture feature, the relative change was defined as the ratio of post-

treatment data to pre-treatment data.  

                                  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: DCE MRI acquired from a selected patient: (a) before treatment with GTV 

contour (b) after treatment with GTV contour (c) before treatment with CTV contour 

(d) after treatment with CTV contour 
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Figure 9 shows that DCE-MRI acquired before and after the treatment from a 

selected breast cancer patient, where (a) and (b) shows the contour of the gross tumor 

volume (GTV) , (c) and (d) shows the contour of the CTV where defined as 1.5 cm 

expansion margin was applied around the GTV to account for microscopic disease. 

Table 1 shows the ADC and Pharmacokinetic parameters mean value numerical relative 

changes. After the radiotherapy, the relative change of mean ADC of CTV was 0.98±0.51 

(p=0.496). In DCE-MRI, the relative change of mean Ktrans of CTV was 0.61±0.21 (p=0.001), 

and the relative change of mean kep of CTV was 0.51±0.21 (p=0.001).  

  For ADC maps, 24 out of 33 CTV features changed significantly after 

radiotherapy. For DCE parametric maps, all 33 CTV features of Ktrans and all 33 CTV 

features of kep changed significantly after radiotherapy.  

 

Table 1: ADC and pharmacokinetic parameters relative changes. 

“*”indicates the features are not significantly changed after radiotherapy. 

DWI ADC maps DCE K
trans

 DCE kep 

Relative change p value Relative change p value Relative change p value 

0.98±0.51 0.496* 0.61±0.21 0.001 0.51±0.21 0.001 

 

Figure 10 indicates that those 24 significantly changed feature after the 

radiotherapy. And Table 2 shows that the numerical changes of the each feature for 

ADC maps and pharmacokinetic parameters.  
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Figure 10: Significantly changed texture features of ADC maps 
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Table 2: Texture features relative changes of breast cancer patients. 

“*”indicates the features are not significantly changed after radiotherapy. 

 

3.2 Gynecological Cancer Patients’ Study Results 

After the EBRT treatment, the relative change of mean ADC (before 1st fx of HDR 

/ before EBRT) of HR-CTV was 0.76±0.13 (p = 0.002). For GLCOM of ADC maps, 18 out 

of 22 HR-CTV texture features demonstrated significant changes after radiotherapy. For 

 DWI ADC maps DCE K
trans

 DCE kep 

Relative 
change 

p 
value 

Relative 
change 

p 
value  

Relative 
change 

p  
value  

Contrast 0.60±0.12 <0.001 0.55±0.26 <0.001 0.49±0.24 <0.001 

Differential Entropy 0.87±0.06 <0.001 0.83±0.10 <0.001 0.80±0.10 <0.001 

Dissimilarity 0.74±0.10 <0.001 0.66±0.17 <0.001 0.60±0.17 <0.001 

Inverse Difference Moment Normalized 1.01±0.01 <0.001 1.01±0.01 <0.001 1.01±0.01 <0.001 

Inverse Difference Normalized 1.03±0.02 <0.001 1.03±0.02 <0.001 1.04±0.02 <0.001 

Inverse Variance 1.59±0.28 <0.001 1.15±0.24 <0.001 1.25±0.27 <0.001 

Informational Measure of Correlation 1 2.15±0.85 <0.001 1.67±0.49 <0.001 1.68±0.48 <0.001 

Maximum Probability 0.27±0.35 <0.001 5.02±8.91 <0.001 6.74±11.48 <0.001 

Auto Correlation 1.99±1.02 0.002 0.56±0.25 <0.001 0.46±0.25 <0.001 

Cluster Prominence 2.65±1.97 0.002 0.47±0.38 <0.001 0.38±0.34 <0.001 

Cluster Shade 2.20±1.39 0.002 0.49±0.30 <0.001 0.39±0.29 <0.001 

Correlation 6.47±6.17 0.002 0.42±0.42 <0.001 0.29±0.37 <0.001 

Energy 0.55±0.51 0.002 6.07±11.25 <0.001 8.54±15.69 <0.001 

Sum Average 1.40±0.38 0.003 0.70±0.18 0.001 0.62±0.19 <0.001 

Cluster Tendency 1.79±0.85 0.004 0.56±0.25 0.001 0.46±0.25 <0.001 

Sum Variance 1.83±0.90 0.004 0.54±0.25 0.001 0.44±0.25 <0.001 

Variance 1.68±0.80 0.006 0.53±0.26 0.001 0.43±0.26 <0.001 

Homogeneity 1 1.09±0.12 0.015* 1.31±0.240 0.001 1.40±0.27 <0.001 

Homogeneity 2 1.13±0.18 0.020* 1.45±0.37 0.002  1.60±0.42 <0.001 

Informational Measure of Correlation 2 0.05±0.16 0.028* 1.63±0.34 0.002 1.93±0.40 0.001 

Sum Entropy 1.04±0.06 0.036* 0.88±0.11 0.005 0.84±0.12 0.001 

Entropy 1.05±0.08 0.061* 0.83±0.13 0.041 0.79±0.13 0.006 

Long Run Low Gray Level Emphasis 0.17±0.20 <0.001 16.93±41.10 <0.001 22.78±56.17 <0.001 

Low Gray Level Run Emphasis 0.28±0.23 <0.001 2.53±1.92 <0.001 3.26±2.58 <0.001 

Short Run Low Gray Level Emphasis 0.32±0.24 <0.001 1.92±1.012 <0.001 2.42±1.31 <0.001 

Long Run High Gray Level Emphasis 1.74±0.80 0.003 0.70±0.22 <0.001 0.60±0.23 <0.001 

Gray Level Non-Uniformity 0.81±0.22 0.008* 1.20±0.25 <0.001 1.37±0.33 <0.001 

High Gray Level Run Emphasis 1.52±0.64 0.008 0.62±0.26 0.001 0.52±0.25 <0.001 

Short Run High Gray Level Emphasis 1.47±0.61 0.008 0.60±0.26 0.002 0.51±0.26 <0.001 

Long Run Emphasis 0.90±0.13 0.011 2.30±2.34 0.002 2.58±2.78 <0.001 

Run Percentage 1.03±0.05 0.036* 0.86±0.13 0.002 0.84±0.13 <0.001 

Run Length Non-Uniformity 1.05±0.11 0.156* 0.75±0.17 0.002 0.70±0.17 <0.001 

Short Run Emphasis 1.01±0.03 0.363* 0.93±0.05 0.023 0.91±0.06 0.003 
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GLRLM of ADC maps, 10 out of 11 HR-CTV texture features showed significant changes 

after radiotherapy. Figure 11 shows the significantly changed texture features of ADC 

maps after the HDR treatment process.  

 

 

Figure 11: Significantly changed texture features of ADC maps after 1st HDR 

treatment 

 

After HDR treatments, the relative change of mean ADC (before 5th fx of HDR / 

before 1st fx of HDR) of HR-CTV was 0.99±0.24 (p = 0.814). For GLCOM of ADC maps, 18 

out of 22 HR-CTV texture features indicated significant changes after radiotherapy. For 

GLRLM of ADC maps, 10 out of 11 HR-CTV texture features showed significant changes 
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after radiotherapy. The texture features that indicated significant changes after HDR 

treatments are the same as those after EBRT treatment. 

For the whole radiotherapy treatment process, the relative change of mean ADC 

(before 5th fx of HDR / before EBRT) of HR-CTV was 0.73±0.13 (p = 0.002). For GLCOM 

of ADC maps, 18 out of 22 HR-CTV texture features demonstrated significant changes 

after radiotherapy. For GLRLM of ADC maps, 10 out of 11 HR-CTV texture features 

showed significant changes after radiotherapy. The texture features that indicated 

significant changes for the whole treatment process are the same as those after HDR 

treatments. 

Table 3: ADC mean value relative changes of gyncological cancer patients. 

“*”indicates the features are not significantly changed after radiotherapy. 
 

before 1
st

 fx of HDR / 
before EBRT 

before 5
th

 fx of HDR / 
before 1

st
 fx of HDR 

before 5
th

 fx of HDR / 
before EBRT 

Relative change p value Relative change p value Relative change p value 

0.76±0.13 0.002 0.99±0.24 0.814* 0.73±0.13 0.002 

 

Above Table 3 suggests a decreasing of ADC mean value within HR-CTV during 

the radiotherapy treatment process. The following Figure 10 shows DWI images before 

EBRT treatment and before 5th HDR treatment from a selected patient.  
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Figure 12: DWI-MRI acquired before EBRT treatment: (a) b = 0 s/mm2 (b) b = 500 

s/mm2 (c) b = 1000 s/mm2; DWI-MRI acquired before 5th HDR treatment: (d) b = 0 

s/mm2 (e) b = 500 s/mm2 (f) b = 1000 s/mm2 
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Figure 13: Variation of mean ADC of HR-CTV before each treatment 

 

Above Figure 13 and following Figure 14 presents that the absolute ADC mean 

value within HR-CTV along with whole treatment process.  
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Figure 14: Comparison of ADC mean values among EBRT and HDR treatment 

 

For DDC maps derived from the DWI-MRI, 25 out of 33 HR-CTV features 

significantly changed after the EBRT treatment. After HDR treatment, 12 out of 33 HR-

CTV features significantly changed. For the whole treatment process, 25 out of 33 HR-

CTV features significantly changed. The texture features that indicated significant 

changes for the whole treatment process are the same as those after EBRT treatments. 
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4. Discussion and Conclusion  

4.1 Breast Cancer Patients’ Study  

Initial results indicate that classic texture features are associated with radiation 

treatment and may be useful for assessment of radiotherapy response in breast cancer. 

As indicated by the initial breast cancer study results, texture features might be 

of great value as potential biomarkers in radiotherapy assessment, in which 

morphological information was also considered. Of particular, significant changes 

observed in certain textural features in both ADC and DCE parametric maps after 

treatment, while no significant changes were observed in ADC after treatment. This 

suggests that certain textural features might be more reliable and sensitive biomarkers in 

radiotherapy assessment.     

4.2 Gynecological Cancer Patients’ Study  

From Figure 13 and Figure 14 shows that an ADC mean value derived from 

DWI-MRI significantly decreased after EBRT treatment, while it did not show significant 

change during the HDR treatment. However, 28 out of 33 texture features significantly 

changed during the HDR treatment. This suggests that certain texture features could be 

more reliable compared with ADC mean values in radiation therapy treatment response 

assessment, especially for HDR treatment assessment. The ADC mean value did not 

significantly changed during HDR treatment, this because of the short time difference 

between each HDR treatment (within a week), the biological effect of tumor’s response 
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to radiotherapy may not been reflected within the short time. Also, tumor’s response to 

radiotherapy may vary with different site of tumor of specific patient.  

Compared with the results of ADC maps and DDC maps, texture features 

derived from ADC maps might be more reliable to be used as potential biomarkers for 

treatment response assessment in gynecological malignance.  However, it is not without 

limitation. The number of patients in this study is small which may need a larger patient 

cohort to further verify the clinical outcomes. Furthermore, the DWI-MRI images quality 

is not optimal, the reproducibility and repeatability of the radiotherapy biomarkers need 

further investigation. 

4.3 Conclusion 

Initial results indicate that changes in certain classic texture features are sensitive 

to radiation-induced changes. Classic texture features with significant numerical 

changes can be used in monitoring radiotherapy effect. This might suggest that certain 

texture features might be used as potential biomarkers which are supplementary to 

ADC for assessment of radiotherapy response in breast cancer and gynecological cancer. 
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5. Future Work 

It’s shown in the results that only certain texture features are sensitive to 

radiation induced changes. On the one hand, we hope to apply texture analysis among 

larger numbers of patients with different sites of cancer. On the other hand, however, 

the biological meaning of each significantly changed feature for certain type of cancer 

demands further research and study on this promising area. In the future, it is hoped 

that texture features could be used as quantitative, reproducible and repeatable 

radiotherapy biomarkers to assess radiation therapy treatment response. Those features 

might be helpful to quickly evaluate the effectiveness of radiotherapy at its early stage, 

and potentially allow for more informed adaptive treatment plans. 
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 Appendix A  

Table 4 and Table 5 shows the DDC mean value and   mean value within HR-

CTV relative changes among gynecological cancer patients. 

Table 4: DDC mean value relative changes of gyncological cancer patients. 

“*”indicates the features are not significantly changed after radiotherapy. 
 

before 1
st

 fx of HDR / 
before EBRT 

before 5
th

 fx of HDR / 
before 1

st
 fx of HDR 

before 5
th

 fx of HDR / 
before EBRT 

Relative change p value Relative change p value Relative change p value 

0.96±0.12 0.308* 1.01±0.07 0.937* 0.96±0.13 0.530* 

 

Table 5: Alpha value relative changes of gyncological cancer patients. 

“*”indicates the features are not significantly changed after radiotherapy. 
 

before 1
st

 fx of HDR / 
before EBRT 

before 5
th

 fx of HDR / 
before 1

st
 fx of HDR 

before 5
th

 fx of HDR / 
before EBRT 

Relative change p value Relative change p value Relative change p value 

0.63±0.14 0.002 0.94±0.23 0.272* 0.57±0.11 0.002 

 

This appendix A shows the equations that 33 texture features derived from run 

length matrix and co-occurrence matrix.  

Table 6: Equations of texture features that derived from GLCOM 

 

Feature Equation 
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Informational Measure of Correlation 1 

(IMC1) 

        

   {     }
 

Informational Measure of Correlation 2 

(IMC2) 

√                

Inverse Difference Moment Normalized 

(IDMN) 

∑∑
      

    
      

   

  

   

  

   

 

Inverse Difference Normalized (IDN) 

∑∑
      

    
     

  

  

   

  

   

 

Inverse Variance 

∑∑
      

      

  

   

      

  

   

 

                        {      } 

            ∑           
   

   
, where         

 ∑ ∑                          
  
      

  
    

            

  ∑                    

   

   

 

             ∑               
   

   
, where SE is 

Sum Entropy defined in above equation 
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                Variance 

∑∑            

  

   

  

   

 

 

 

Table 7: Equations of texture features that derived from GLRLM 

 

Feature Equation 

Short Run Emphasis (SRE)  

 

∑ ∑  
        

   
  
   

  

   

∑ ∑         
  
   

  

   

 

Long Run Emphasis (LRE) 
 
∑ ∑           

  
   

  

   

∑ ∑         
  
   

  

   

 

Gray Level Non-Uniformity (GLN) ∑  ∑           
  
   

  

   

∑ ∑         
  
   

  

   

 

Run Length Non-Uniformity (RLN) ∑  ∑           
  

   
  
   

∑ ∑         
  
   

  

   

 

Run Percentage (RP) 

∑∑
        

  

  

   

  

   

 

Low Gray Level Run Emphasis (LGLRE) ∑ ∑  
  
   

  

   

        
  

 

∑ ∑         
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High Gray Level Run Emphasis (HGLRE) ∑ ∑           
  
   

  

   

∑ ∑         
  
   

  

   

 

Short Run Low Gray Level Emphasis 

(SRLGLE) 

∑ ∑  
        

    
 

  
   

  

   

∑ ∑         
  
   

  

   

 

Short Run High Gray Level Emphasis 

(SRHGLE) 

∑ ∑  
          

   
  
   

  

   

∑ ∑         
  
   

  

   

 

Long Run Low Gray Level Emphasis 

(LRLGLE) 

∑ ∑  
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Long Run High Gray Level Emphasis 

(LRHGLE) 

∑ ∑             
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