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Comparison of T2W FLAIR Images of Patients with 
Multiple Sclerosis and Ischemic Gliosis via Histogram 
Analysis

Objective: In some cases, it may be challenging to differentiate radiologically between ischemic gliotic foci and multiple 
sclerosis (MS) plaques. This study aims to evaluate the effectiveness of histogram analysis in the differentiation of MS plaque 
and ischemic gliosis lesions on the T2-weighted (T2WI) FLAIR sequence.

Materials and Methods: This study was conducted on the Magnetic Resonance Imaging (MRI) examinations of patients 
diagnosed with ischemic gliosis and multiple sclerosis. Inactive lesions of 43 patients with ischemic gliosis and 46 with mul-
tiple sclerosis imaged by the same device were included in the study. Histogram analysis parameters of both groups were 
calculated. The entire image analysis algorithm was obtained through in-house software coded in MATLAB. Both groups 
were compared using a student’s t-test. The diagnostic value of the parameters was detected with the receiver operating 
characteristic (ROC) curve.

Results: Mean gray level intensity, the standard deviation of the histogram, and entropy values calculated via minimum, 
maximum and median values were significantly higher in patients with ischemic gliosis. ROC curve analysis indicated that a 
threshold value of 545.19 for mean gray level intensity has 69.8% specificity and 69.6% sensitivity.

Conclusion: Histogram analysis may help differentiate MS and ischemic gliosis.
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INTRODUCTION

Multiple sclerosis (MS) is an inflammatory, chronic, and degenerative neurological disease that causes physical 
and psychiatric problems such as weakness, loss of vision, bowel dysfunction, fatigue, mood symptoms, cognitive 
problems, depression, and anxiety (1). It is usually characterized by recurrent immune-mediated demyelination, 
glial scar formation, and axonal loss (1, 2).

Magnetic resonance imaging (MRI) is very successful in detecting intracranial and spinal abnormalities in pa-
tients with multiple sclerosis, including white matter damage observed through fluid-attenuated inversion recovery 
(FLAIR) sequence (3). Commonly, characteristic lesion morphology, distribution of lesions, and involvement of 
specific anatomical structures support the diagnosis of MS. However, it is essential to consider that several other 
disorders appear similarly in MRI with MS, especially in T2WI/FLAIR images (3).

In this respect, differentiating MS from acquired small vessel disease (SVD) on MRI images becomes a significant 
challenge due to the high prevalence of hypoxic/ischemic SVD leukoencephalopathy, commonly in middle-aged 
or elderly patients (3). SVD is a pathological process that affects perforating capillaries, cerebral arterioles, and 
venules (4). MS plaques are observed as multiple focal hyperintense lesions on the FLAIR sequence on MRI (3). 
Hypoxic/ischemic neurological damage is commonly caused by diseases that affect large or small blood vessels. 
The appearance of SVD in MRI is rarely interpreted as suggesting MS (3).

Digital images are used in radiologic practice. Small rectangular blocks or pixels (image elements) compose a 
two-dimensional digital image. Each pixel is represented through a set of coordinates in space and has a value to 
represent the gray-level intensity of a visual or volume in space. A texture of a digital image can be linked to the 
image’s gray-level distribution. Texture characteristics are mathematical parameters calculated based on the pixel 
distribution characterizing the texture type, hence the basic structure of matters presented in the image (5).

Lesion heterogeneity may be helpful in the differential diagnosis of visually similar lesions. Texture analysis is 
used to assess lesion heterogeneity. Different texture parameters are used for this purpose. Entropy is one of the 
texture parameters recognized to measure homogeneity within the region of interest (ROI) (6, 7). It is the measure 
of changes in gray level and indicates inhomogeneity. It is defined as zero once all data are identical, and its value 
increases based on the irregularities in distribution (7, 8).
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Uniformity refers to the closeness to the normal distribution of the 
gray level intensity of the image, and higher values indicate a more 
normal distribution (7, 8). Skewness suggests asymmetry in distri-
bution, with more values to the left of the mean indicating a posi-
tive skewness and the opposite indicating a negative skewness (8).

Kurtosis is the measure of the peak in distribution. Once the 
histogram has a bell curve, its value becomes three, and the his-
togram curve with a sharper peak has a more significant value 
than three (8). Size %lower, size %upper, and size %mean (%L, 
%U, and %M) indicate the areas in the histogram (9). These 
techniques recently attracted particular attention (5, 10, 11) and 
were used in various diagnoses, such as tumor characterization 
(12), prognostic biomarkers identification (13–16), and radio-
therapy guidance (17).

MR histogram studies have been performed in patients with mul-
tiple sclerosis (18), and several parameters were compared; how-
ever, no study compared the MR histogram findings of MS and 
SVD. Cerebral small vessel disease causes ischemic gliotic focus. 
Ischemic gliotic foci are hyperintense white matter lesions on the 
T2W FLAIR image. In some cases, it may be challenging to differ-
entiate radiologically between ischemic gliotic foci and MS plaques. 
This study aims to differentiate between MS plaque and SVD 
through the histogram analysis of T2W FLAIR sequence images.

MATERIALS and METHODS

Fırat University Ethics Committee approved this study (date: 
05/07/2018, number: 12/01). Because the study is retrospec-
tive, patients’ written informed permission could not be acquired. 
This retrospective study was conducted on the MRI examinations 
of patients diagnosed with ischemic gliosis and multiple sclerosis. 
Between 2020–2022 years, inactive lesions of 43 patients with 
ischemic gliosis and 46 with multiple sclerosis imaged by the same 
device were considered.

MS patients in Group 1 were diagnosed using the 2017 McDonald 
Criteria. Patients with MS were randomly selected from the hospi-

tal database. Only patients with the relapsing-remitting form of the 
disease were enrolled in the study. Other forms of MS were not 
included in the study.

Group 2 included patients with SVD. Patients with hyperintense 
areas on T2W FLAIR images consistent with SVD were included 
in the study (Fazekas grade=1–2) (19). Patients with SVD were 
randomly selected from the hospital database. Any cause of stroke 
other than SVD (such as a cardioembolic source or extra- or in-
tracranial artery stenosis of >50%), any significant central nervous 
system illnesses (neurosarcoidosis, systemic lupus erythematosus, 
rheumatic arthritis, toxic, metabolic, infectious, metastatic dis-
eases, dementia, and other vasculitis diseases), and significant psy-
chiatric disorders were excluded.

The MRI examinations were conducted with a 1.5T Philips Ingenia 
device (Philips, Best, Netherlands). Images of axial FLAIR were 
transferred to an iMac PC (Apple Inc). The histogram analysis was 
performed with OsiriX V.4.9 image software (Pixmeo, Switzer-
land) utilizing the region of interest (ROI).

All lesions were selected from periventricular white matter. ROI 
was specified to cover 2/3 of the hyperintense lesion in sections 
(Fig. 1, 2). Histogram analysis parameters were calculated, and 
the entire image analysis algorithm was obtained through in-house 
software coded in MATLAB (version R2009b).

Statistical Analysis
The statistical analyses were conducted with IBM SPSS for Win-
dows, version 22.0 (IBM Statistics, IBM Corporation, Armonk, 
New York, USA). The normality of the data distribution was ana-
lyzed with the Kolmogorov–Smirnov test. Student-t test was used 
for normally distributed data. Mann Whitney U test was used for 
non-normally distributed data. Statistical significance value was de-
fined as a value of p<0.05. Mean±standard deviation was used in 
expressing the data. The post-power of the study was calculated 
with G*Power software (version 3.1.9.4). The discrimination per-
formance of the parameters was determined using a ROC curve. 
The cut-off value was determined with the Youden index.

Figure 1. Histogram analysis for MS lesion on T2 FLAIR Figure 2. Histogram analysis for ischemic gliosis on T2 FLAIR
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RESULTS

The mean age of the patients with ischemic gliosis was higher (pa-
tients with ischemic gliosis and multiple sclerosis were 68.70±10.94 
and 40.25±11.72 years, respectively; p<0.001). The post-hoc 
power was calculated as 85%. All parameters’ median, minimum, 
and maximum values were determined (Table 1). Mean gray level 
intensity, a standard deviation of a histogram, and minimum, max-
imum, median, and entropy values were significantly higher in pa-
tients with ischemic gliosis (Table 2). A ROC curve was carried out 
for mean gray level intensity, and the area under the curve (AUC) 
was determined as 0.715. This AUC value was interpreted as fair 

(20). When the threshold value was 545.19, 69.8% specificity and 
69.6% sensitivity were found in differentiating ischemic focus and 
MS plaque (Fig. 3). Using ROC analysis, the AUC value for en-
tropy was 0.655. When the cut-off value was selected as 5.506 
for entropy, ischemic focus, and MS plaque could be differentiated 
with a sensitivity of 73.9% and specificity of 62.8%.

DISCUSSION

MRI is a powerful instrument for MS diagnosis based on T2-
weighted white matter lesions and for monitoring treatment re-
sponse and disease activity in clinical practice (1). Typical MS le-

Table 1. Minimum, median, and maximum values of the parameters of both groups

  Ischemic gliosis (n=43)   Multiple sclerosis (n=46)

 Median Minimum Maximum Median Minimum Maximum

Mean 477.12 97.13 862.00 223.02 98.38 1004.09

Standard deviation 15.41 4.26 54.23 9.51 3.11 53.98

Minimum 439.00 72.00 793.00 194.00 83.00 893.00

Maximum 509.00 116.00 900.00 241.00 106.00 1090.00

Median 477.50 101.00 869.00 225.00 98.00 1004.50

Variance 237.60 18.12 2940.83 90.35 9.70 2913.96

Entropy 5.04 3.33 6.44 4.81 3.47 6.77

Size %L 15.75 9.09 25.00 16.04 5.00 27.27

Size %U 17.30 0.00 22.83 16.67 3.85 22.90

Size %M 67.26 56.25 83.87 67.77 59.09 82.35

Kurtosis 2.69 1.81 7.39 2.64 1.92 7.02

Skewness -0.29 -2.12 0.63 -0.28 -1.73 0.94

Uniformity 0.39 0.17 0.68 0.38 0.21 0.60

L: Lower; U: Upper; M: Mean

Table 2. Distribution of the histogram analysis values based on groups

 Ischemic gliosis (n=43) Multiple sclerosis (n=46) p* p** 
 Mean±SD Mean±SD

Mean 597.98±145.20 412.89±258.25  <0.001

Standard deviation 27.21±12.54 20.09±15.21  0.007

Minimum 529.37±126.89 362.39±225.15  <0.001

Maximum 648.09±155.53 454.13±287.25  <0.001

Median 599.33±146.81 413.20±258.27  <0.001

Variance 893.84±758.87 629.97±783.89  0.007

Entropy 5.57±0.60 5.11±0.89 0.005

Size %L 16.26±2.63 15.76±3.43 0.448

Size %U 16.83±3.68 16.17±3.67  0.344

Size %M 66.90±4.69 68.06±5.29 0.278

Kurtosis 2.79±0.71 2.95±0.93  0.673

Skewness -0.275±0.465 -0.268±0.531  0.650

Uniformity 0.377±0.091 0.367±0.073 0.595

*: Student t; **: Mann-Whitney U; SD: Standard deviation; L: Lower; U: Upper; M: Mean
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sions are localized in periventricular, juxtacortical, and infratentorial 
brain areas. Multiple focal lesions with solid signals on T2-weighted 
imaging are usually seen. Lesions are commonly bilateral, and they 
are not generally symmetrical. However, overreliance on radiologic 
signs may lead to misdiagnosis of MS (21). Diseases misdiagnosed 
as MS are usually small vessel disease, idiopathic transverse myeli-
tis, neuromyelitis optica spectrum disorder, and fibromyalgia (22).

A common radiological mimic of MS is small vessel disease. SVD 
can cause many focal hyperintensities in the subcortical white mat-
ter, similar to MS. But, unlike MS, these lesions spare the subcorti-
cal U-fibers and do not affect the corpus callosum or cerebellum (3). 
Despite all this, the radiological distinction between MS and SVD 
may be difficult in some cases. Our study aimed to demonstrate 
whether histogram analysis could help differentiate MS and SVD.

The present study established that the standard deviation and the en-
tropy values calculated via the minimum, maximum, and median val-
ues were higher in patients with ischemic gliosis when compared to 
the MS patients (Table 1). Furthermore, the ROC curve analysis in-
dicated that the AUC value for mean gray level intensity was 0.715. 
Once the threshold value was selected as 545.19, it was observed 
that 69.8% specificity and 69.6% sensitivity were available for differ-
entiation. Loizou et al. (23) indicated a significant increase in mean 
and median parameters for the MS patient group compared to the 
control group. Our study found that SVD patients presented higher 
parameters when compared to MS patients. Such a finding stemmed 
from comparing the gliosis areas and the inactive MS lesions.

MRI and neuropathological studies have shown that active lesions 
contain severe inflammation, perivascular cuffing, monocyte infiltra-
tion, and loss of barrier. Disruption of the blood-brain barrier in ac-
tive MS plaques is demonstrated using contrast-enhanced MRI (24, 
25). Although the underlying causes of MS and SVD are not estab-

lished, it is possible to state that the blood-brain barrier is disrupted 
in both diseases as a standard feature (26). The blood-brain barrier 
disruption is linked to entropy values (27). In our study, entropy was 
another statistically significant analysis parameter; entropy values of 
inactive MS lesions were lower compared to the secondarily devel-
oped gliotic foci in SVD. Hence, this parameter may be helpful in the 
differentiation of ischemic foci and MS plaques. Michoux et al. (27) 
detected a significant increase in entropy values in patients with lacu-
nar infarction compared to cortical ischemia. Similarly, the present 
study indicated higher entropy values for small vessel disease.

Loizou et al. (18) found that parameters such as standard deviation, 
entropy, and variance significantly increased during MS episodes but 
decreased after 6–12 months. Similar studies (28) indicated higher 
entropy values in active MS lesions than those with inactive lesions. 
Such a finding was considered due to further disrupting the blood-
brain in active MS lesions. In the present study, histogram analysis 
was carried out with inactive MS lesions. These findings can explain 
the lower entropy values in MS lesions compared to SVD in our study.

Although there are many histogram analysis studies on MS, a histo-
gram analysis study on the distinction between MS and SVD could 
not be found in the literature. Tozer et al. (29) reported that central 
veins in white matter lesions could differentiate primary progres-
sive MS from SVD (29). The present study used histogram analysis 
to differentiate relapsing-remitting MS from SVD. Central vein sign 
is a visual data. But histogram analysis provides numeric data.

Limitations
The study was conducted in a single center, and the number of 
cases was low. A single slice was used for histogram analysis. His-
togram analysis with 3D imaging would more accurately reflect the 
entire lesion. The age and volume differences of the lesions may 
affect the histogram analysis results. In addition, the higher mean 
age of the ischemia group is another study limitation.

It is possible to consider obtaining histogram analyses in other stud-
ies from T1A images as a limitation. However, similar results were 
obtained from T1A and FLAIR sequences in SVD patients in a 
study conducted by Tozer et al. (29).

CONCLUSION

As a result, histogram analysis may help differentiate MS plaque 
and ischemic gliotic foci.
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