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Abstract. This study investigates the application of classification methods for 

the prognosis of future disability on MRI-detectable brain white matter lesions 

in subjects diagnosed with clinical isolated syndrome (CIS) of multiple 

sclerosis (MS). For this purpose, MS lesions and normal appearing white matter 

(NAWM) from 30 symptomatic untreated MS subjects, as well as normal white 

matter (NWM) from 20 healthy volunteers, were manually segmented, by an 

experienced MS neurologist, on transverse T2-weighted images obtained from 

serial brain MR imaging scans. A support vector machines classifier (SVM) 

based on texture features was developed to classify MRI lesions detected at the 

onset of the disease into two classes, those belonging to patients with EDSS≤2 

and EDSS>2 (expanded disability status scale (EDSS) that was measured at 24 

months after the onset of the disease). The highest percentage of correct 

classification’s score achieved was 77%. The findings of this study provide 

evidence that texture features of MRI-detectable brain white matter lesions may 

have an additional potential role in the clinical evaluation of MRI images in 

MS. However, a larger scale study is needed to establish the application of 

texture analysis in clinical practice. 
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1   Introduction 

Multiple sclerosis (MS) is the most common autoimmune disease of the central 

nervous system, with complex pathophysiology, including inflammation, 

demyelination, axonal degeneration, and neuronal loss. Within individuals, the 

clinical manifestations are unpredictable,1 particularly with regard to the development 

of disability [1]. 

Diagnostic evaluation of MS, performed by a specialized neurologist, is generally 

based on conventional magnetic resonance imaging (MRI) following the McDonald 

criteria [2], and on clinical signs and symptoms. The development of modern imaging 

                                                           
 



techniques for the early detection of brain inflammation and the characterization of 

tissue-specific injury is an important objective in MS research. Recent MRI studies 

have shown that brain and focal lesion volume measures, magnetization transfer ratio 

and diffusion weighted imaging-derived parameters can provide new information in 

diagnosing MS [3]. Texture features quantify macroscopic lesions and also the 

microscopic abnormalities that may be undetectable using conventional measures of 

lesion volume and number [1], [4]. Several studies have been published, where it was 

documented that texture features can be used for the assessment of MS lesions in: (i) 

differentiating between lesions for normal white matter (NWM), and the so called 

normal appearing white matter (NAWM) [5-9], and (ii) monitoring the progression of 

the disease over longitudinal scans [10-14]. 

Our primary objective in this study is to develop texture classification methods 

that can be used to predict MS brain lesions that at a later stage are associated with 

advanced clinical disability and more specifically with the extended disability status 

scale (EDSS). Since the use of quantitative MRI analysis as a surrogate outcome is 

used as a surrogate measure in clinical trials, we hypothesise that there is a close 

relationship between the change in the extracted features and the clinical status and 

the rate of development of disability. We analyzed patient’s images acquired at the 

initial stages of the disease-clinical isolated syndrome (CIS) (0 months) and we 

correlated texture findings with disability assessment scales. We interrelate therefore 

the EDSS scores [15] with standard shape and texture features.  

Preliminary findings of this study, for the texture analysis of NAWM in MS 

subjects were also published in [8], [9]. It should be note that the same problem was 

also investigated in a recent study published by our group using Amplitude 

Modulation-Frequency Modulation (AM-FM) analysis [14]. The motivation of this 

study was to investigate the usefulness of classical texture analysis, as well as 

compare the findings with the AM-M analysis.  

MRI-based texture analysis was shown to be effective in classifying MS lesions 

from NWM and the so called, NAWM, with an accuracy of 96%-100% 5. In [6], the 

authors showed that texture features can reveal discriminant features for 

differentiating between normal and abnormal tissue, and for image segmentation. 

Significant differences in texture between normal and diseased spinal cord in MS 

subjects were found in [7] as well a significant correlation between texture features 

and disability. The median value increase of these texture features suggests that the 

lesions texture in MS subjects is less homogeneous and more complex than the 

corresponding healthy tissue (NWM) in healthy subjects [7]. Similar findings were 

also found in [8] and [9], where it was shown that median values of lesion texture 

features such as standard deviation, median, sum of squares variance, contrast, sum 

average, sum variance, difference variance, and difference entropy increased 

significantly with the progression of the MS disease when compared to NWM tissue. 

Statistical analysis (using the spatial gray level dependence matrices) has shown that 

there is a significant difference between lesions and NAWM or NWM. These findings 

may be beneficial in the research of early diagnosis and treatment monitoring in MS. 

The differentiation between active and non-active brain lesions in MS subjects 

from brain MRI was also investigated in [11]. Here, it was shown that active lesions 

could be identified without frequent gadolinium injections, using run length analysis 

criteria. In [12] the performance of texture analysis concerning discrimination 



between MS lesions, NAWM and NWM from healthy controls was investigated by 

using linear discriminant analysis. The results suggested that texture features can 

support early diagnosis in MS. When a combined set of texture features was used 

[12], similar findings were reported. 

In [13], a pattern recognition system was developed for the discrimination of 

multiple sclerosis from cerebral microangiopathy lesions based on computer-assisted 

texture analysis of magnetic resonance images. It was shown that, MS regions were 

darker, of higher contrast, less homogeneous and rougher as compared to cerebral 

microangiopathy. Finally, in [14], the use of multi-scale Amplitude Modulation-

Frequency Modulation (AM-FM) texture analysis of MS using magnetic resonance 

images from brain was introduced.  

2   Materials & Methods  

2.1   Material and MRI acquisition   

Thirty subjects (15 males, and 15 females), aged 31.4±12.6 (mean age ± standard 

deviation) were scanned at 1.5T within one month following initial clinical evaluation 

to confirm CIS diagnosis. The transverse MR images used for analysis were obtained 

using a T2-weighted turbo spin echo pulse sequence (repetition time=4408 ms, echo 

time=100 ms, echo spacing=10.8 ms). The reconstructed image had a slice thickness 

of 5 mm and a field of view of 230 mm with a pixel resolution of 2.226 pixels per 

mm. Standardized planning procedures were followed during each MRI examination. 

The MRI protocol and the acquisition parameters were given in detail in [8], [9].  

Initial clinical evaluation was made by an experienced MS neurologist (co author 

M. P.) who referred subjects for a baseline MRI upon diagnosis and clinically 

followed all subjects for over two years. All subjects were subjected to an EDSS test 

two years after initial diagnosis to quantify disability [15].  

A normalization algorithm was used to match the image brightness between the 

first (baseline) and the follow-up images (see [16] for details). For this purpose, the 

neurologist manually segmented cerebrovascular fluid (CSF) areas as well as areas 

with air (sinuses) from all MS brain scans. Similarly, ROIs representing NWM, CSF 

and air from the sinuses were arbitrarily segmented from the brain scans of the 20 

healthy subjects. The original image histogram was stretched, and shifted in order to 

cover all the gray scale levels in the image. 

To introduce the objective of our study, an example in Fig. 1 is presented. Here, we 

show a transaxial T2-weighted MR image of a female patient at the age of 32, with an 

EDSS [15] equal to 3. The image in Fig. 1a) corresponds to the initial diagnosis of a 

CIS of MS and the delineated lesion corresponding to the MS plaque is also depicted. 

Figure 1b) shows the magnified segmented lesion from a) (original images were 

acquired at a sampling rate of 2.226 pixels per mm). In what follows, texture analysis 

refers to the image processing of the extracted regions of interest (ROIs). 



2.2   Manual delineations and visual perception  

All MRI-detectable brain lesions were identified and segmented by an experienced 

MS neurologist and confirmed by a radiologist. Only well-defined areas of 

hyperintensity on T2-weighted MR images were considered as MS lesions. The 

neurologist manually delineated (using the mouse) the brain lesions by selecting 

consecutive points at the visually defined borders between the lesions and the 

adjacent NAWM on the acquired transverse T2-weigted sections. Similar regions 

corresponding to NAWM were delineated contralaterally to the detected MS lesions. 

The manual delineations were performed using a graphical user interface 

implemented in MATLAB developed by our group. Manual segmentation by the MS 

expert was performed in a blinded manner, without the possibility of identifying the 

subject or the clinical findings. The selected points and delineations were saved to be 

used for texture analysis. 

a.  
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Fig. 1.  a) ROI drawn on MR image of the 

brain obtained from a 32 year old female MS 

patient with an EDSS=3 at 0 months, and b) 

magnified segmented lesion that was acquired 

at a pixel resolution of 2.226 pixels per mm. 

The bar below the lesion shows the size of 10 

mm. The grey scale median and inter-quartile 

range (IQR) of the segmented lesion were 108 

and 9.6, respectively.  

 

Fig. 2.  Box plots for the median ± inter-

quartile range (IQR) values for texture 

features mean, median and sum average, 

from MS lesions at 0 months for 

EDSS<=2 (N=18) and EDSS>2 (N=11) 

corresponding to feature notation _1, and 

_2 respectively (see also TABLE I). Inter-

quartile range (IQR) values are shown 

above the box plots. In each plot we 

display the median, lower, and upper 

quartiles and confidence interval around 

the median. Straight lines connect the 

nearest observations within 1.5 of the IQR 

of the lower and upper quartiles.  



2.3   Texture analysis 

In this study texture features and shape parameters were extracted from all MS lesions 

detected and segmented [8], [9], while texture features were also calculated for the 

NAWM ROIs. The overall texture and shape features for each subject were then 

estimated by averaging the corresponding values for all lesions for each subject. The 

following texture features were extracted: (i) Statistical Features: a) mean, b) 

variance, c) median value, d) skewness, e) kurtosis, f) energy and g) entropy. (ii) 

Spatial Gray Level Dependence Matrices (SGLDM) as proposed by Haralick et al. 

[17]: a) angular second moment (ASM), b) contrast, c) correlation, d) sum of squares 

variance (SOSV), e) inverse difference moment (IDM), f) sum average (SA), g)  sum 

variance (SV), h) sum entropy (SE), i) entropy, j) difference variance (DV), k) 

difference entropy (DE), and l) information measures of correlation (IMC). For a 

chosen distance d (in this work d=1 was used) and for angles θ = 0
0
, 45

0
, 90

0
, and 

135
0
, we computed four values for each of the above texture measures. Each feature 

was computed using a distance of one pixel. Then for each feature the mean values 

and the range of values were computed, and were used as two different features sets. 

(iii) Gray Level Difference Statistics (GLDS) [18]: a) homogeneity, b) contrast, c) 

energy, d) entropy, and e) mean. The above features were calculated for 

displacements δ=(0, 1), (1, 1), (1, 0), (1, -1), where ( , )x y    , and their mean values 

were taken. (iv) Neighbourhood Gray Tone Difference Matrix (NGTDM) [19]: a) 

coarseness, b) contrast, c) busyness, d) complexity, and e) strength. (v) Statistical 

Feature Matrix (SFM) 20: a) coarseness, b) contrast, c) periodicity, and d) roughness. 

(vi) Laws Texture Energy Measures (LTEM) [18]: LL-texture energy from LL kernel, 

EE-texture energy from EE-kernel, SS-texture energy from SS-kernel, LE-average 

texture energy from LE and EL kernels, ES-average texture energy from ES and SE 

kernels, and LS-average texture energy from LS and SL kernels. (vii) Fractal 

Dimension Texture Analysis (FDTA) [21]:  The Hurst coefficients for dimensions 4, 

3 and 2 were computed. (viii) Fourier Power Spectrum (FPS) [18], [20]: a) radial sum, 

and b) angular sum. (vii) Shape Parameters: a) X—coordinate maximum length, b) 

Y—coordinate maximum length, c) area, d) perimeter, e) perimeter2/area, f) 

eccentricity, g) equivalence diameter, h) major axis length, i) minor axis length, j) 

centroid, k) convex area, and l) orientation.  

2.4 Models support vector machines classification   

Classification analysis was carried out to classify brain MS lesions delineated on the 

baseline MRI scans into two classes according to the EDSS score that each patient 

was allocated two years following initial diagnosis: (i) MS subjects with EDSS≤2, 

and (ii) MS subjects with an EDSS>2. Thus, the classification goal was to 

differentiate between lesions that were subsequently associated with mild (EDSS≤2) 

or advanced disability (EDSS>2). The classification was applied on 30 subjects (15 

males and 15 females).  

Each classifier was implemented in Matlab, using Support Vector Machines 

(SVM). The SVM network was investigated using Gaussian Radial Basis Function 

kernels [22]; this was decided as the rest of the kernel functions could not achieve 



Table 1. Statistical Analysis Of The Texture Features For Lesions And NAWM Subjects With 

EDSS≤2 (N=18) and EDSS>2 (N=11) Based on The Mann Whitney (first row) and the Wilcoxon 

(2nd row) Rank Sum Tests at p<0.05. Significant Difference is Depicted With S And Non 

Significant Difference is Depicted With NS. The p Values Are Shown in Parentheses. 
 

Feature Lesions NAWM 

Mean S (0.03) NS (0.18) 

Median S (0.03) NS (0.17) 

STD NS (0.83) NS (0.07) 

Contr NS (0.16) NS (0.36) 

SOSV NS (0.83) NS (0.55) 

Entr NS (0.06) NS (0.58) 

IDM S (0.01) NS (0.36) 

SA S (0.04) NS (0.17) 

SV NS (0.83) NS (0.19) 

DV NS (0.44) NS (0.18) 

DE NS (0.35) NS (0.77) 

 NAWM: Normal appearing white matter, STD: Standard deviation, Contr.: Contrast, SOSV: Sum of 

square variance, Entr: Entropy, IDM: Inverse difference moment, SA: Sum average, SV: Sum 

variance, DE: Difference entropy.  

satisfactory results. The Parameters for the classifier were selected using ten-fold 

cross validation for each set. Parameter C of SVM was 1. The leave-one-out estimate 

was used for validating the classification models.  

The performance of the classifier models were measured using the receiver 

operating characteristics (ROC) curve parameters [23]. The parameters calculated for 

ROC curves are: (i) true positives (TP) when the system correctly classifies subjects 

as EDSS≤2, and EDSS >2, (ii) false positives (FP) where the system wrongly 

classifies subjects as EDSS>2 while they are in the group of EDSS ≤2, (iii) true 

negatives (TN) when the system correctly classifies subjects as EDSS ≤2. We also 

compute the Sensitivity (SE) which is the likelihood that a subject with EDSS >2 will 

be detected given that it is EDSS>2 and Specificity (SP) which is the likelihood that a 

subject will be classified as EDSS ≤2 given that he/she is EDSS ≤2. For the overall 

performance, we provide the correct classification (CC) rate which gives the 

percentage of correctly classified subjects. 

3   Results 

We present in Fig. 2 box plots of the lesion texture features mean (Mean0_1, 

Mean0_2) median (Median0_1, Median0_2) and sum average (SA0_1, SA0_2) for 0 

months for EDSS≤2 (_1) (N=18) and EDSS>2 (_2) (N=11).  



Table 2. Classification Results Using The Texture And Shape Feature Set And The Support Vector 

Machines Classifier For Two Classes: EDSS ≤2 and EDSS>2 (N=30). The Results Are Presented 

Using the ROC Measures: Percentage of correct classifications (%CC),  

percentage of false positives (%FP), percentage of false negatives (%FN),  

percentage sensitivity (%SE) and percentage specificity (%SP). 

Feature Group %CC %FP %FN %SE %SP 

FOS 43 47 67 33 53 

SGLDM(mean) 63 53 20 80 47 

SGLDM(range) 63 53 20 80 47 

GLDS 67 47 20 80 53 

NGTDM 67 40 27 73 60 

SFM 67 40 27 73 60 

TEM 67 40 27 73 60 

FDTA 60 33 7 53 67 

FPS 60 53 27 73 47 

NGTDM & SFM 73 27 27 73 73 

GLDS & NGTDM & SFM 77 27 20 80 73 
SHAPE 53 53 40 60 47 

 

Statistical analysis was carried out for all texture features given in section 2.3 for 

lesions and NAWM for EDSS≤2 versus EDSS>2. The results of selected features, 

including those that showed significant difference are tabulated in Table 1. For 

lesions, features mean, median, IDM and SA could differentiate between EDSS≤2 

and EDSS>2 (see also Fig. 2). For the NAWM it is shown that there are no significant 

differences between subjects at 0 months with EDSS>2 and EDSS≤2, for all texture 

features. 

Table 2 presents the lesion classification results. According to Table II the best 

correct classification rate was achieved as a combination of GLDS, NGTDM and 

SFM feature sets and was 77%.   

4   Discussion  

The objective of our study was to investigate texture classification analysis in an 

effort to differentiate between MS brain lesions that, in a subsequent stage, will be 

associated with advanced diseased disability from those lesions that will be related to 

a mild disability score.  

Table 1 showed that there are some texture features that can be possibly used to 

differentiate between subjects with mild (EDSS≤2) and advanced (EDSS>2) MS 

disease states. These features are mean, median, IDM and SA. Table 2 showed that 

the combination of GLDS, NGTDM & SFM texture features gave a % of CC rate of 

77% when classifying subjects according to their long-term disability status. 

These results can be compared with another study carried out by our group [14], 

where AM-FM feature analysis was used but on a slightly larger set of subjects. The 

findings suggest that AM–FM characteristics succeed in differentiating (i) between 

NWM and lesions, (ii) between NAWM and lesions, and (iii) between NWM and 



NAWM. A support vector machine (SVM) classifier succeeded in differentiating 

between patients that, two years after the initial MRI scan, acquired an EDSS ≤ 2 

from those with EDSS > 2 (correct classification rate = 86%). The best classification 

results were obtained from including the combination of the low-scale instantaneous 

amplitude (IA) and instantaneous frequency (IF) magnitude with the medium-scale 

IA. Among all AM-FM features, the medium frequency IA histogram alone gave the 

best AUC results (AUC=0.76). Also the best % of CC achieved was 86%. The IA 

histograms from all frequency scales contributed to a multi-classifier system that gave 

86% correct classification rate. The best classifier results also used the IF magnitude 

from both the low and the high frequency scales. 

To the best of our knowledge, no other studies were carried out for differentiating 

between the aforementioned two disability scores. Several studies were carried out for 

differentiating and classifying NWM, and or NAWM, and lesions, as these are 

summarized below.  

Various studies have been performed in order to establish a relationship between 

the various gray levels and texture features [4]-[11]. In [5] MRI texture analysis based 

on statistical, autoregressive model, and wavelet-derived texture analysis was 

performed on 30 MS subjects. The classification accuracy between MS lesions, 

NAWM and plaques NWM, was 96%-100%.  

Likewise in [24], texture analysis was performed on MR images of MS subjects 

and normal controls and a combined set of texture features were explored in order to 

better discriminate tissues between MS lesions, NAWM and NWM. The results 

demonstrated that with the combined set of texture features, classification was perfect 

(100%) between MS lesions and NAWM (or NWM), less successful (88.89%) among 

the three tissue types and worst (58.33%) between NAWM and NWM. Furthermore, 

it was shown that compared with GLCM-based features, the combined set of texture 

features were better at discriminating MS lesions and NWM, equally good at 

discriminating MS lesions and NAWM and at all three tissue types, but less effective 

in classification between NAWM and NWM. The study suggested that texture 

analysis with the combined set of texture features may be equally good or more 

advantageous than the commonly used GLCM-based features alone in discriminating 

MS lesions and NWM/NAWM and in supporting early diagnosis of MS. 

Yu et al. [11] performed textural feature analysis to discriminate active and non-

active MS lesions in a study of 8 subjects with relapsing remitting MS, by using linear 

discriminant analysis using 42 first- and second order statistical textural features. 

Applications of the run-length method have been very limited compared with other 

methods, yet Yu et al. found that run-length matrix features actually outperformed 

gray-level co-occurrence matrix features in the identification of active MS lesions, 

with run-length matrix features distinguishing active from inactive lesions with 88% 

sensitivity and 96% specificity. Conversely, none of the gray-level co-occurrence 

features provided any discrimination between lesion subtypes.  

In another study [12], it was shown that texture analysis can achieve high 

classification accuracy (>=90%) in tissue discrimination between MS lesions and 

NAWM.  

In [25] the authors tried to objectively identify possible differences in the signal 

characteristics of benign and malignant soft tissue masses on MRI by means of 

texture analysis and to determine the value of these differences for computer-assisted 



lesion classification. Fifty-eight subjects with histologically proven soft tissue masses 

(benign, n=30; malignant, n=28) were included and their masses were texture 

analyzed. The best results of soft tissue masses classification were achieved using 

texture information from short tau inversion recovery images, with an accuracy of 

75.0% (sensitivity, 71.4%; specificity, 78.3%) for the k-NN classifier, and an 

accuracy of 90.5% (sensitivity, 91.1%; specificity, 90.0%) for the artificial neural 

network  classifier. The authors concluded that, texture analysis revealed only small 

differences in the signal characteristics of benign and malignant soft tissue masses on 

routine MRI.  

5   Future work  

Further research work on a larger number of subjects is required for validating the 

results of this study and for finding additional shape and texture features that may 

provide information for longitudinal monitoring of the lesions on the initial MRI scan 

of the brain of patients with CIS; and improve the final classification rate. 

Additionally the use of other classifiers could suggest a better classification a scheme 

and will be examined. Finally the proposed methodology could be possibly used for 

the assessment of subjects at risk of developing future neurological events and disease 

progression as measured by increased EDSS score.  
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