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Abstract

Four MRI images were taken from patients with proven brain tumour. Images were analysed for
texture discrimination using the MaZda program. The aim of the analysis was to discriminate
between the tumour tissue and the healthy tissue counterpart for each patient. Three regions of
interest were taken for the tumour and another three were taken for healthy tissue. Results of these
analyses have shown a significant difference between the two tissues, it has given Fisher
coefficients between (138.5 and 547.5) and very low p value much lower than 0.01. It is thought to
be that the effect may be mainly attributed to the possible necrotic tissue as well as the bulk of cells
in the tumour which may have altered the blood perfusion influencing the MR signal.
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Introduction

There is an increasing importance of image
texture analysis in the field of medical
diagnostic radiology in attempt to improve the
diagnostic facilities and explore hidden
features in the images. An explanation for
texture perception was presented by the
psychologist (Gibson) at the beginning of the
1950s (1). After the development of computers
anew texture approach has been introduced by
using computer programs for analysis. The
study of image texture in medical diagnosis
was started in the early 1970s (2). A digital
image is formed from pixels which are
sufficiently small not to be recognised by the
human eye. Analysis of such small entities
may be considered as micro texture and may
be defined as the study of gray level
distribution characteristics. However much
research work has been carried out in order to
analyse and quantify texture in an attempt to
improve medical diagnosis (3, 4, 5, 6, 7).
Although there is no precise definition for
texture, it is some times defined by the
possession one or more property of fineness,
coarseness, smoothness, granulation,
randomness, lineation, mottled, irregularity (8,
9, 10, 11). For image texture analysis, several
statistical methods have been designed for this
purpose, such as the histogram and the co-
occurrence matrix (12, 13, 14), wavelet
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transform (15, 16). Gradient matrix (13), Auto
regressive model (9-17). The analyses of the
image texture can be performed with the
Mazda program (10, 11, 18). It analyses 275
features, these are -9- based on image
histogram, -11- based on co occurrence matrix,
this is calculated for four directions and -5-
inter pixel distances (making 220 parameters),
-5- run length matrix in -4- directions (make
them 20), -5- gradient matrix, -5- first order
autoregressive model, and -16- based on Harr
wavelet transform calculated for -4- image
scale factor (11).

Although the medical image texture may
be not visible, in digital image where the gray
level represented by numbers arranged in a
matrix, texture can be detected and analysed
by computer.

A tumour is an abnormal growth of cells
and may contain necrotic region as well as the
possible formation of oedema. Tumour cells
are similar to the healthy cells forming the
tumour tissue which is mainly different from
healthy tissue in mass because it is packed
with tumour cells making the tumour tissue
denser. This difference between the healthy
and tumour tissue is the main factor what the
conventional x-ray and CT scanners modalities
discriminating between the two tissues by
differential absorption. A MRI signa is
emitted from the unpaired protons in the atoms



forming the molecules so changes in the type
or the abundance of an effective molecules can
give a change in signal and if it is strong
enough it will make a change in the gray level
and have an effect on the image, this effect
may not be recognised by eye depends on the
value of the change in the gray level but it can
be computer analysed. This is an important
difference between the origin of MRI and x-
ray and CT images, even with the ultrasound
images which depends on the reflected
acoustic wave according to the difference in
the acoudtic impedance.

In this work we have analysed tumours in
MRI brain images the analysis was carried out
by using Mazda program. The analysis
involved four brain tumours which have been
analysed with respect to the healthy brain
tissue.

Method

Four patients (A, B, C, D) as shown in
Fig. (1) were selected with proven brain
tumours. Images were taken using Siemens
MRI imager of 1.5T, they were loaded on
MaZda program separately. Three regions of
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interest were chosen within the tumour and
another three regions were chosen within the
healthy region counterpart for the same
patient. Then atexture analysis for comparison
between the two regions was carried out.

I mages were analysed in two classes (three
ROI for the tumour in one class and another
three ROl for healthy tissue as control in
another class). The analyses Results were
selected by using fisher coefficient (19), in
which the best ten feature discrimination were
selected. The selected data were introduced
into B11 program for further selection and
data reduction in addition to the availability of
different analysis choices (10, 11). Then the
desired discrimination analysis (raw data
analysis) was performed.

Although the selection was performed
in efficient datistical way we have also
performed t-tes examination to test the
p value for the discriminated dataset

Results

I mages were analysed by MaZda program.
The analysis option was selected for al types
of analysis in the program.

Fig.(1) Four MRI images with Brain tumour taken from four different patientsfor analyss.

Results show a clear discrimination
between the tumour region and the healthy
brain tissue with features selected using Fisher
coefficient, which is the analysis of variancein
between the class to the variance within the
class. In fisher selection only the most ten
significant features discrimination will be
selected. Then data were further reduced in
B11 program also provides the choice of
analysis. Raw data analysis for the four images
gave high fisher coefficients (218, 243.1,
547.8 and 138.5) for patients (A, B, C and D)
respectively the (1-NN) 1-nearest neighbour
misclassified 0/6 or 0%, Fig.(2, 3, 4, 5).
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We have taken the first highest five
features discrimination from the ten features
chosen by fisher coefficient in sequence
starting with the best feature discrimination,
this is to find the p value. Results have shown
highly significant discrimination between the
tumour and healthy tissue, as has given p value
much lower than (0.05) Tables (1, 2, 3, 4). The
(sumaverag) feature was chosen for
comparison because it is common between
patients (B, C, D) it has given a high similarity
in the discrimination between the tumour and
healthy tissue Table (5).
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Table (1)
Thefirst five features taken from the ten features selected by fisher coefficient for patient A.

Patient A

Science

Tumour ROI

Features (discrimination in sequence)

(5,5)
Difentrop

0.9181

S(2,2)
Entropy

2.184

S(3,3)
Entropy

22

S(11)
Entropy

1.969

S(4,4)
DifVarnc

4.378

0.8722

2.203

2.268

2.019

3.603

0.9783

2.194

2.26

2.006

6.486

1.327

2572

2.619

2424

25.916

1.301

2.612

2.671

2.445

28.248

1.267

2.548

2.622

2.362

22.549

0.001403818

SI3.3)Entropy

2200g
215

0.001171437

Sie.2)Entropy

2.61

0.00018743

0.000469104

+o

33.90

S(b.5)Difvarnc

399

0.001531841

Fig.(2) Raw data discrimination analysis for patient (A) Fisher coefficient = 218 and
1-NN misclassified 0/6. Data labelled 1 and 2 represent the tumour and healthy
tissue respectively.
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Table (2)
Thefirst five features taken from the ten features selected by fisher coefficient for patient (B).

Patient B

Features (discrimination in sequence)

Tumour
ROI Percentile s(5,0) S(4,0) S(3,0) Percentile
90% sumaverg sumaverg sumaverg 99%

6.53014E-05 | 8.54504E-05 | 9.47453E-05 | 0.000130258 | 0.00039798

+&

203.27

S(4.0)Sumbye

106.00
Perc.90%

64.00

S(5.0)SumAverg

20117

Fig. (3) Raw data discrimination analysis for patient (B) Fisher coefficient = 243.1,
1-NN misclassified 0/6. Data labelled 1 and 2 represent the tumour and healthy
tissue respectively.
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Thefirst five features taken from the ten l:reglt)lfef)selected by fisher coefficient for patient C.
Patient (C)
Features (discrimination in sequence)
Tumour
ROI Percentile S(4,4) Percentile S(0,5) S(4,4)
10% sumaverg 50% sumaverg sumaverg
1 65 146 72 143.75 146.25
2 61 146.67 72 138.7 135.67
3 64 152.33 76 149.33 143.67
Normal ROI
1 113 236.67 117 232.78 234.67
2 113 235 118 234 231.67
3 112 231.25 116 228.25 227
p-value 0.000256742 | 7.51437E-06 | 0.00227959 | 9.59198E-05 | 5.11022E-05

118.00

Perc b

S4.4)SumAverg

236 67

113.00
Perc 1022

51.00

,\J_.
+3

Fig.(4) Raw data discrimination analysis for patient (C) fisher number 547.8 and
misclassified data vector 0/6. Data labelled 1 and 2 represent the tumour and healthy
tissue respectively.
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Thefirst five features taken from the ten f;a?glr:i)elected by fisher coefficient for patient (D).
Patient (D)
Features (discrimination in sequence)
Tumour S(4,4) S(5,5) S(3,3) S(5,-5) S(4,-4)
ROI sumaverg sumaverg sumaverg sumaverg sumaverg
1 142.67 142.57 142.68 142.58 142.47
2 145.97 145.8 146.03 14552 145.87
3 134.92 135.04 134.78 134.56 134.71
Normal
ROI
1 217.47 217.61 217.38 217.3 2174
2 201.74 201.59 201.38 201.18 201.27
3 207.54 207.02 207.64 207.06 207.07
p-value | 0.000482097 | 0.000576853 | 0.00050439 0.000552456 | 0.000550874
2 4

217.38

S(3.3)5umawverg

Si5.6)Sumawverg

217.61

134.92

21747
S{4.4)SumAverg

Fig.(5) Raw data discrimination analysis for patient (D) fisher number 138.5 and
misclassified data vector 0/6. Data labelled 1 and 2 represent the tumour and healthy
tissue respectively.
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A sample of similar featurestaken from tables (2, 3, 4) for tumour and healthy tissues. A clear

discrimination between the two tissues can be observed.

Patient B Patient C Patient D
S(4,4) S(5,5)
SUE) SUITEETG sumaverg sumaverg
ROI
Analysisfor | No. AV
tumour
ROI taken 1 125.5 146 142.57 AV 138.0233
from 3
patients 2 128.5 146.67 145.8 AV 140.3233
3 135.8 152.33 135.04 AV 141.0567
139.8011
SD +5.297483679 | +3.477388867 | +5.521343436 | SD | +1.582661
AV
Analysisfor | 201.17 236.67 217.61 AV | 218.4833
healthy
tissue RO 2 200.5 235 201.59 AV 212.3633
taken from
3normals | 3 193.33 231.25 207.02 AV 210.5333
213.7933
SD +4.34504447 | +2.775722128 | +1.110314866 | SD | +4.163448
Discussion large number of parameters for discrimination

It has been shown earlier, that there is a
good texture discrimination between tumour
and healthy brain tissue. The discrimination
analysis was carried out using the first and the
second order gdatistics in which they are
automatically chosen, so we calculate the
brightness changes in pixels and between
pixels. In thiswork the co occurrence matrix is
set to calculate the changes in the gray level
for five pixel distance (d = 5) and for four
angles (0, 45, 90, and 135). This will give a
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(as described in the introduction).

Apart from small variations, cancer cells
are very much similar to the healthy cells;
these variations are small and linked with
certain substances such as cancer markers and
other small biochemical changes which may
have a little contribution in the image
formation and disease recognition. If these
changes are strong enough to give changes in
the signal, it will change the pixel values and
eventually the gray level distribution which
can be detected by computer. Other factors




which are more effective in MRI image such
as blood supply and water content as well as
the presence of necrotic cells.

It iswell known that MRI image originated
from the unpaired protons within the molecule
and influenced by the molecular shape, size
and energy and the signal is mainly came from
hydrogen atom because it has unpaired proton
and high gyro magnetic ratio (20), then regions
with an increased hydrogen atoms give
stronger signal meaning that the higher water
content the higher the signal similarly the
higher blood perfusion the higher the signal.
This suggests that changes in the effective
molecular constituent or quantity may
influence our analysis. Small changes in gray
level may not be detected by eye because the
human eye can not recognise small changesin
the gray level in addition to the small size of
the pixels. However, texture analysis for these
small changes may hide interesting features
which can give certain characteristics indicates
the tumour advancement and tumour regions
as well as the oedema according their
difference in the regional constituents.

Tissue thickness and the cells density
forming the mass as well as the necrotic tissue
can aso influence the MRI image brightness.
Tissue density is also influence the x-ray and
CT scanner images but on a different principle.

It appears that the discrimination between
tumour and healthy tissue using MaZda is
highly significant when calculating (p) value,
Tables (1, 2, 3 and 4). It is unfortunate that
some times comparison between the same
tissues for different people give different
texture probably caused by sdlight natural
differences between people (unpublished data)
and to difference in MRI equipment
behaviour. This will add more complication to
establish general figures to distinguish
between tumour and healthy tissue. For this
reason discrimination between tissues for the
same person give more accurate results.
Nevertheless, for brain tissue the differences
between different individuals do not appear
effective to a large extent. A close look at
Tables (2, 3, and 4), one can see the sum of
average for the tumour are similar over several
pixels, the same thing can be observed for
healthy tissue Table (5).
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