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ABSTRACT

Background: A reliable non-invasive approach is still in development to determine precisely the stage at which
fibrosis is located. In this study, we used a Computer-aided diagnosis (CAD) to analyze magnetic resonance
imaging (MR) images in a human's body to determine the stage of liver fibrosis with relative precision in CAD. The
histopathological patterns of liver fibrosis are one of the most important biomarkers for the diagnosis and
classification of chronic liver diseases, from the first stage to the end, on radiography in magnetic resonance
imaging (MR) images.

Aim: To investigate various types of data obtained from MR images for the selection of optimal parameters and
characteristics along the optimized stratification of fibrosis.

Method: A total of 250 patients were scanned with 1.5T and 3T superconducting scanners for abdominal
examinations. All cases were examined by needle biopsy, as a golden standard in our test, and range from 0
(without fibrosis) to 5 (cirrhosis). For each case, at least four sequential fuzzy images are obtained by the MRI
scanner: before contrast, arterial phase, gateway phase and balance. In both imaging methods, 18 texture
features have been calculated from a gray level coincidence matrix (GLCM), which is extracted with a ROI in the
liver as a set of input vectors. Each combination of these subset assays is evaluated using a two-stage optimized
support vector machine (SVM) and a left-side method to diagnose fibrosis in non-cirrhosis or cirrhosis.

Result: Findings : Regardless of which method is used, it can be said that according to the accuracy (AR)
calculated from each compound, the desired number of texture features for classification the degree of liver
fibrosis is in the range of 4 to 7 . The overall performance calculated by the total sum of the mean maximum AR
value belonging to all 18 characteristics in MRI images is 68.14% and 71.98%, respectively. Moderate bruising
and entropy, among the 18 features of texture, are among the most common features in all three sets of visual
data. The correlation property has the lowest AR value and is excluded from all data sets as an effective feature.
Conclusions: Conclusion: Evaluation of the balance of MR images in CAD can determine the effective stage in
which the human liver fibrosis is located. This article describes the progress made in developing a non-invasive
approach based on the design of advanced classification for determining the stage of liver fibrosis. Classification
accuracy was avoided by implementing a two-stage SVM optimization algorithm in MRI imaging. Comparison of
AR performance with 18 selected texture features revealed that MRI 3T images for liver fibrosis classification were
better than MRI 1.5 T is. Finally, it can be said that texture analysis in the balance phase is more effective than

any other fuzzy image.
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INTRODUCTION

People who suffer from chronic liver disease are at risk for
horrific complications, such as hepatocellular carcinoma
(HCC) and hepatic impairment. In diagnosis and
evaluation of hepatic cirrhosis and chronic hepatitis, it is
necessary to determine the degree of liver fibrosis as one
of the most important cirrhosis indices and also one of the
most important factors for predicting HCC incidence?. HCC
is one of the most common malignancies in people affected
by these diseases3. Liver fibrosis is a texture repair process
that responds to liver damage. The fibrosis is characterized
by collagen extracellular accumulation and proteins in the
colon. This extracellular aggregation fills up empty space
due to damage to the original texture. If the damage
sustained in the long term is stimulated due to different
causes, the extracellular matrix cannot be degraded or
reduced. Fibrosis reversibility depends on determining its
stage. Studies have shown that garlic liver fibrosis can be
reversed in the early stages (F1-2) by anti-fibrotic

treatment. Fibrous, moderate (F3), is only partially
reversible, and fibroblasts (F4), advanced fibroids, fibrosis
and cirrhosis (F5) are irreversible*®. Therefore, early
diagnosis and precise determination of the stage in which
liver fibrosis is located is important. The evaluation of liver
histology is a reliable approach to determining the stage of
fibrosis, but at the same time it should be noted that liver
biopsy is required in this method that is invasive and
cannot be routinely used in clinics®. Non-invasive methods
include magnetic resonance techniques (MRs) that are
used to determine liver fibrosis’. Among the MR
elastographygraphy (MRE) techniques, the MR is a novel
technique for quantitatively assessing the mechanical
features of textures in the laboratory environment. The MR
elastographygraphy is performed using a vibration source
to generate low-frequency mechanical waves in the texture.
The imaging of the waves created using the MRI contrast
technique is performed, and then the wave information is
processed to produce quantitative images that show
mechanical features, such as texture hardness. Studies
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show that MR elastographygraphy is an accurate method
for detecting and determining the stage of liver fibrosis®10.
However, MR elastographygraphy are subject to limitations
in assessing liver fibrosis in patients with moderate to
severe iron overload that causes hemoglochromatosis or
hemosiderosis. Because in this case, the liver signals are
so low that the waves cannot be adequately conceived.
Also, MR elastography has some shortcomings, including
high costs, limited access to a MR unit, and a longer review
period®1%11 |t should also be noted that MR imaging has
been refined by hepatocyte-specific contrast and resonant
imaging has been used to determine the stage in which
liver fibrosis is present!?13, However, these MR methods
still do not have the precision to meet the clinical needs of
liver fibrosis.

Recently, MRIs have been paired with computer-
assisted diagnostic technology to diagnose liver fibrosis.
Several studies have examined the accuracy of the
determination of the stage of liver fibrosis by the approach
that combines MRI imaging with CAD. Cato and colleagues
have come to the conclusion that CAD-based texture
analysis in images recovered from gadolinium by the
balance phase is a strong application for the diagnosis of
liver fibrosis at a time when different methods have been
used!. They also found that CAD analysis for liver texture
features that were reflected in MR images enhanced by
contrast for hepatocytes can be used to distinguish F3-4
from F1-2, yet these analyzes cannot have Difference
between FO, F1 and F2!°, House and colleagues stated
that the specific features of the extracted texture from
unburdened T2 images that are lacking in regeneration can
separate the normal texture of the liver from the fibrotic
texture of the liver, with the difference that there is no clear
separation between F3 and F1-216, The method presented
by Sela et al was developed automatically by using a
backward-vector multi-storey binary vector classification
model that evaluates fibrosis in f-MRI images of rat liver.
Slowly and achieves precision 9.96% and 72.7% for FO
versus F1-5 and F1-3 versus F4-5 [17]. Zheng and
colleagues performed the classification accuracy of 85.0%,
66.0% and 70.0% for FO, when they performed SVM-based
classification analyzes for texture features in portrait
imagery improved by gadolinium. FO-2 versus F5, FO
versus F1-2 and F1-2 versus F3-418,

Computational intelligence methods have been used
to explore predictive models for detecting hepatocellular
carcinoma in patients with liver cancer. Evolutionary
algorithms are used as efficient and robust methods for the
evolution of the best-fitted parameter values that optimize
the selection of features. Different computational methods
have been developed to explore a more robust set of
molecular features for liver fibrosis. These methods include
those that incorporate other nature-inspired algorithms,
including particle swarm optimization, into categories such
as support vector machine (SVM). The aim of this study
was to improve the accuracy of the determination of the
stage of liver fibrosis in MR images that have been
optimally optimized in conjunction with CAD technology.
Previous studies have shown that the fibrotic feature can
show differences in the images!4'81°, Therefore, in this
study, we use a CAD system to analyze the balance-phase
images from human beings at various stages of liver

fibrosis. The optimized support vector machine algorithm at
the two-level was used as a nonlinear normalization for
compression of images and features of the feature
embedded in the Gray level co-occurrence matrix
(GLCM)?°, Because pixel structure analysis uses a series
of mathematical models that extracts parameters from gray
levels of pixels in digital images that the radiologist's eyes
cannot detect, this method has the potential to help detect
the radiologist unnecessarily. There are other costly
methods of imaging or biopsy. The aim of the present study
was to investigate the diagnostic value of computerized
characterization of the structure of the feature for
classification the stages of liver fibrosis. However, a very
important step in this work is the method of choosing a
feature property that is often overlooked. Current methods
use any of the uncontrollable or monitored monitoring
options. When a linear property selection technique is
used, the features selected linearly with the class labels
(maximum association), while correlating with each other
(at least redundancy), are related to the input property
space. However, this set of selected features is not linearly
the best option for a non-linear classification, which maps
the input property space to a higher 3D space (shown as
kernel space). Accordingly, for nonlinear classification, it is
best to choose the characteristics that lead to the best
performance in the nonlinear kernel space. On the other
hand, the selection of the mapped function for the input
space is higher in the three dimensional space, which
depends on the application and its related data types.
These nonlinear predictions are often modeled using 8
kernel functions. In this paper, we propose a new strategy
for selecting features that can create a classification in the
core space. Thus, if we use a nonlinear kernel, the features
selected in the nonlinear kernel space show the best
performance, or if a linear kernel is used, the
characteristics for the linear classification will be the best.
To use two types of kernels, we define a new kernel that
separates both linear and non-linear kernels, so they are
used from both types of models. Accordingly, in this article
we will consider the following: (1) The parameters (1) of our
proposed method will select the characteristics that best
classify data in core space, through the learning of multiple
cores; (2) optimization of parameters The kernel functions
in the SVM classification are accomplished by two steps.
(3) We design the kernel functions in a way that proposes a
nonlinear mixing strategy for determining the classification
of liver fibrosis.

Tools and Materials:

Magnetic Resonance Imaging: Since February 2015 to
March 2017, a total of 160 patients were hospitalized in
Abu Ali Sina Hospital in Shiraz using a MR 3T scanner in a
6-channel spatula arrangement under ventricular
examination. The imaging protocols used include TR/TE,
2.3/82 milliseconds in the plane scanning plane :7mm slice
thickness and 1 mm inter-slice gap, the internal imaging
matrix, 512 x 512, the slice thickness of the 4 mm and the
inter-slice gap was 2 mm. In the phase of dynamic contrast
control: 7 mm slice thickness and inter-slice gapl mm ;
contrast agent injection; Gd-DTPA; dose equal to 0.2
mmol/kg; and injection rate of 2 to 4 ml/s Was made. After
16 seconds, 50 to 60 seconds and 2 to 4 minutes after the
contrast agent injection, scan the arterial phases, gateway
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and balance. Among the data sets, there are 18 patients
without a history of liver disease and liver dysfunction, and
in other patients, the fibrosis stage is confirmed by the
result of liver biopsy. A total of 50 other hospitals were
located in the Dena hospital, located in Shiraz province.
These items were obtained using a MR, 1.5T MR scanner
and included in our tests. The weighted T1 image
sequences obtained by Gadolinium (1.615.16, 512 x 512
matrix, 90 degree flip angle, unit acquisition, 1, 18 for 26
seconds of acquisition time), with a slice thickness of 8 mm
and inter-slice gap of 2 mm. This study was approved in

both hospitals and received written consent from all
patients.

EXPERIMENTAL MATERIALS

To evaluate the contribution of texture features after a MRI
scan, a total of 250 patients who suffered or lacked liver
fibrosis were analyzed in a hospital, the stage where liver
fibrosis was located. And in accordance with the reference
guidelines established by the program for the prevention
and treatment of viral hepatitis (VHPTA). In these studies,
250 items were scanned by the MR.

Table 1. the patients’ statistics with regard to VHPTA system, in five stages of fibrosis.

Stage of Score | Description of hepatic fibrosis Number of MRI cases Number of MRI Groups

fibrosis Degree Abu Ali Sina’s hospital cases Dena hospital

Normal 0 No fibrosis 41 4 Non-

Mild 1 Fibrous expansion of some portal areas, with 28 2 cirrhosis

fibrosis or without short fibrous septae (Group
2 Fibrous expansion of most areas and 20 12 0)

bridging fibrosis appeared

Severe 3 Most fibrous septum and lobular structure 14 10 Cirrhosis

fibrosis disorder (Group
4 Early cirrhosis, diffuse fiber Hyperplasia 18 19 1)

Cirrhosis 5 Cirrhosis 39 3

ROI selection: We opened DICOM files on a server for
radiologists, and it was made possible for them to choose
ROIs by moving and clicking on the mouse and
automatically calculating the texture features along with the
ROI and Save them as an Excel file for further analysis. In
this experiment, ROIs were selected manually and
sporadically from each consecutive image. Radiologist with
over 20 years of history of radiological imaging has been
responsible for this work. ROIs are shown as red squares
in Figure 1. ROIs are depending on the instructions shown.
Due to the distribution of liver dispersed, due to the
distribution of liver fiber fusion, large blood vessels and
hepatocytes in the liver are eliminated. Three sizes of ROI
(32 x 32, 20 x 20, 16 x 16 pixels) are generated individually
and according to the starting point of the square, and all
ROIs are preprocessed in the presence or absence of
Sobel filters. Due to technical problems and the subject
matter in this paper, only one of the slice thicknesses is
used in MRI.

The CAD system: Figure 1 shows the process of
determining the stage of fibrosis by the CAD system. First,
ROI is manually selected. Next, raw data is normalized.
Then, feature property vectors are extracted. Finally,
support vector machine is optimized. Two classes are used
separately to classify liver fibrosis.

Fig. 1: Flow diagram of living liver fibrosis with CAD analysis of
MRI.
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GLCM [21,22] is a matrix of relative frequencies Pij (d, 8),
in which two adjacent pixels on the image are separated by
d and 6. One of them has a gray level i and another with a
gray level j. In this paper, a total of 18 characteristics were
investigated. These features include: auto correlation,
contrast, correlation, cluster superiority, cluster differences,
heterogeneity, energy, entropy, sexuality, maximum
probability, mean total, variance, total variance, difference
variance, total entropy, entropy difference , Measurements
of correlation information 1, correlation information
measurement 2, normalized inverse correlation and
normalized inverse difference torque. Each feature property
was extracted from four directions (8 = 0, 45, 90, 135,180),
respectively. Then 80 texture features were extracted for
each ROI. The texture features are defined by the following
equations:

Auto-correlate:

Contrast :

f=>"3"(hp G, i) (1)
i
Correlation:

G-l G G '
f=>n"1> > pG i — jl=n (2)

n=0 _i=]j=]
Cluster superiority

22 (PG J) = Hoht

Oy Oy

.fj =
Cluster differentiation

fo = ZZ(I i #}')4P(i‘j) )
i

Dissimilarity:
=SS (4 k)6 ©)
i

Energy:

fo =23 li = jlpG.j) ©)

Antropy:
f =226 j @
i
Homogeneity:
fo =23 p(, ) log(p(, 1)) (8)
L

Maximum likelihood:

p(, )
= B S - 9
DY s ©

Variance:
fiy = MAX (p(i, ) (10)
i

Sum of the average:
fu=5(i = ) PG ) (11)
ij
1, is the average of p (i, j)

Sum of the antropy
26

ﬁf = Zipx+)'(i) (12)

B

G G
Py =>>"p G ), k=2,3,--,2G

i=1j=1
i+ji=k

Sum of the variance
2G

hs = —pr_y(i) log{pxﬂ,(i)} (13)

=2

Variance difference:
26

fio =301 = fis) ety @) (14)

i=2

Antropy difference:

fis = variance of p___ (15)

G G
PX_}JU‘\):ZZ P(I,)‘), }T\ZU)]))G_]

i=1j=1
li—jl=k

The data measurement with respect to alliance 1
G—1
he ==, log{p,_, ()} (16)
. i=0
The data measurement with respect to alliance 2:
HXY — HXY1

= 17
7 max{HX, HY} (17)

The reversed normalized difference
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fig = /1 — exp[—2.0(HXY2 — HXY)]  (18)
HXY =—>"> "p(i, plog(p(, ),

G G
p()=2_pG ), p,() = > pGi j)

j=1 i=1

HXY1 ==Y "% p(, plog{ p. (0, () }.
HXY2==3 3 p.()p,(j)log { p()p, () }

Normalized inverse difference torque:

‘,;_ p(t j)

fo=% — (13
— =i = jI/G*

)
t=1jm

PG, ) 20
1+ (i — j)*/G?

.Jr:n: = ZZ

1=1=1

Classification of SVM Model: Selecting a feature or
variable as the process of selecting a sub-set of distinctive
features is used to build the best model, for example, for
classification or regression. As previously supervised,
feature selection approaches can be classified in two main
categories: unsupervised and supervised. Previously, the
features were chosen without regard to the marks of that
class, while later the choice of features was based on the
highest association with the signs and features of that
particular class and the least amount of the selected
features. Among the methods for selecting the monitored
feature, in recent years the choice of scattered and
weighted features [23] has attracted the most attention,
because this is a simple procedure and has a better
performance.

Suppose that there are N experimental samples, each of
which has characteristic d space. We can sort the property
mdx N

K

vectors in a Xe matrix and arrange their

— mlxN
_ ye R ™
particular marks

feature to minimize goals is then:

Tx i :
y = w X[, + Allwl;,
(21)

. Selecting a dispersed

min
w

In order to better represent the samples, we use the weight

w e R

vector * This weighing vector is considered as a

b norm to have a compact and dense set of features.
Clearly, the set of features selected under these settings
would be appropriate if we could design a linear
classification model (such as linear SVM), which is because
these features are designed to minimize and maximize
Relationship with the marks of that class is selected in the
main feature space. However, for a nonlinear classification,
we must select features that multiply minimization and
maximize the same relationship in the kernel space.

Nonlinear classification is usually obtained by first
plotting the main property vectors in a large-scale space
using a nonlinear mapping function (referred to as qb_{-],)
and classification is then done in the kernel space.
Although, instead of explicity mapping a function, a kernel
function is often used that defines the similarity of the
specimen (or feature vectors)?*. This is because many
learning machine algorithms (such as SVMs) can be
expressed entirely in terms of dot products, and under
certain conditions the kernel functions can be defined as
dot products (infinite dimensions) in one Feature space is
expressed.

Here, in order to select features and classify the data,
we adopt a similar formula to the kernel-based SVM with a
specific kernel to account for the feature selection. We
suggest the use of the kernel function on each single
feature and the definition of the aggregated or dense kernel
through the total weight of all these kernels. In this way, we
can select the features that have the greatest role in
making a better classification model by adjusting 11 on the
kernel weight vector.

Geometry modeling kernel-based feature selection : in
the core kernel-based SVM formulation there is a Max-
Margin decision range in kernel space that uses the loss

C

function L with a hyper parameter ~* exchange:
1 X
min Ellflli{_ +CY Ly, f(x),
= j=1 (22)

f is related to the production space of the kernel Hilbert H,
X ¥ th

and ~/ and </ correspond to the T sample and the

corresponding sign. In terms of the nonlinear non-linear

- R
function, f is defined asf (X) =W QJ(X) + b. As As.

As we discussed earlier, we do not directly use the
mapping function ¢ (0). For this purpose, Theorem 35
integrates, according to the case, the answer for w can
always be presented as a linear combination of
experimental data. So :

Fig. 2. (a) the conventional Kernel functions structure .(b)
the implied kernels for every single characteristic, through
the correlated weights with respect to every accumulated

k(s
characteristics. m( ’ }
for the characteristics.

Shows the kernel function applied
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N N

f(x) = Zl,djyjqb(xjf(b (x) + b= _Zl;_e k(%) + b
j= j=

(23)

So the optimization problem for SVM is reduced to solve

'JJ"V';. Here, we tend to choose the features that can
make the best nonlinear SVM model. Accordingly, we
create a kernel for each feature, and then we collect all of
these kernels by weighted average. Therefore, the kernel is
calculated between the two samples X«’ and x.

d

k(x;, x) = Za',-k(x;, x").

i=1 (24)
This relationship is similar to the [25,26] learning framework
of the multiple kernel, while making each kernel only on a
single feature. By using the new kernel k on all
experimental samples, we will have K=k(X,X).

Fig. 3 illustrates the process of making the kernel
matrix for all samples (2b) compared to the custom kernel
build (2a). Now we can reinforce the choice of the most
distinctive features in the kernel space by setting the «a
weigh-vector, so the target function will be:

N al

jmin > 1l + C2LG s £ (x)) + Allex]l

s. b a = 0.

j=1

(25)
Although we know that usually different features and
kernels form different data kernels. Therefore, we
recommend using different kernel types for all of these
features and let our method choose which kernel type and
which feature is the best classification model. Accordingly,
if we define k different type of kernel, then the combination

of m < {l" Tt H}is a different kernel for d features, as:

d K
N ! i i
k(xj” k) o Zzaf.mkrn(xj’ X )
i=lm=1 (26)
nb
in this way, @ e R is defined as the entire bond

d .
(v plict ¥ 4L s Bl Notice that b=d X K.Because

there is a (1 regularization on this vector, we can
conclude the different types of kernel and determine which
kernel has the most role based on the features selected
feature(s) in the data classification.

Stage one : optimaization kernel based and max-margin
classification

To solve the first step optimization problem in (22), we only
need to make sure that the loss function is recognizable or
differentiable. Then we can easily divide the problem into
two convex parts and solve it using the gradient descent
method. The first part of the problem involves solving f, in
which we assume that a is constant. By this method, a
simplified SVM optimization with a constant kernel is
specified:

1 al
min —||f][;, + CS_L(y,. f(x)).
fern 2 =1 / : 27)
Then, with holding the constant f, we can obtain the best a
values by solving the second part of the problem:

1, .0 N
min E|[f||;£ + COOLUy s f(xp)) + Allexll,
[=1 j=1
s. . ¢« = 0. (28)

The only problematic phrase has the form is the last word.
Because we want to apply & >0, limit, we use the image

operator Pla) = max (0. @) for each repetition, which
ensures that the last term, according to It can be cleaned
up to a, so this goal can be easily optimized using
descending gradient [27]. To ensure convergence of the
algorithm, based on [26,28], we choose the gradient step
size according to the

Armijo rule [29]. the optimization process should be
intermittently divided between two parts of the problem to
achieve convergence. The second part of the kernel

problem It learns through weight optimization a in Jix),
while the first part of the problem uses each SVM solver to
learn the SVM function.

This algorithm contains stop criteria. It is important to note
that the main objective function (25) is a convex function,
and therefore has a generalized optimism. It is shown,
under such a configuration with a convex goal function, a
descending gradient designed to converge to a global
optimum?”.

Note that our proposed framework integrates the

regularization of (1 into the max-margin classification
(such as SVM) to select the feature and classification. As
described above, since the optimization process consists of
two phases of optimization, the same idea can be used
with other kernel methods, using its own kernel and

integrating the (1 configuration into their formulas.
Choosing the kernel function is very important, and it's the
application and type of data associated with the desired
application. The kernel functions are based on the scale
and the degree of similarity between the samples. One of
the most famous kernels is the radial base function (RBF)
or the Gaucin kernel, whose formula is as follows:

—D(x;, x)
kygp(X; X) = exp|———— |,

(29)

Where D("') is the distance between two samples and
o’s is hyper-parameter of kernel . usually, a squared
Euclidean norm will be regarded as the displace size
between two samples :

2 d . .

=3 (xh — x')2.
5 ]
- i=1 (30)
Although this metric location must be based on the data
specification. As explained earlier, in this work, we use the
volume of ROIs associated with MRI images, and therefore
all non-negative features. Hence, our feature vectors, if

Dy.px; %) = ||x; — x|
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normalized, are similar to the histogram or probability
distribution functions (PDF). Many of the previous work
typically normalize the data using the z-score, which
modifies the values of the characteristic with zero and
standard deviation of 1 to a common scale. Although this
essentially changes the features and physical features of
the feature, here, we normalize the feature vectors in the
range (0.1) and compare them to PDFs or pseudo-
histogram features that are widely used in computer
applications. There are a number of other metrics that are
used for irrational or quasi-histogram characteristics3°. One
7

of these criteria is *

Doatx, ) = L3 IQ]
X i’ "
(31)

i—1| x; +x

Another well-known place criterion in computer applications
is the location of EMD (Earth Mover's Distance) [31], which
evaluates the lack of similarity between two
multidimensional distributions in a feature space. Directly,
with two distributions given, we can call one as a crime
Consider the wide sphere in space and the other as the set
of cavities in the same space. EMD is the minimum amount
of movement required to fill the cavities. For a one-
dimensional case, like our case, EMD has a simple answer
to the closed form:

d
Diyp (X, X) = Z‘cdf{x )= cclf(x)’|,

i=1 (32)
Here cdf (0) is a dummy distribution function and | 0 | The
definite value of the function. One of the famous kernels
used for the intersection kernel pseudo histogram features
(the intersection kernel of the hysterogram (HIK)) that
characterizes the similarities of the pseudo-histogram
characteristics as dgfined below:

kr(x;. x) = > " min (x_"i, x).
i=1 (33)
Since, based on the distribution of data, some data sets
may use better kernels (for example, in a local feature
space), we also define the linear kernel function as follows:

. T .
k(X X) = X5 - X.
: : (34)

To find the best kernel that can be different for each data
set, use all of these definitions for the kernel and define its

kernel formula by equation (26) by aggregating all types of
kernels Y mm € {1, ..., K}),

(Viie {1’ Tt d}). Therefore, the set of all kernels can
be defined as the linear kernel, the RBF kernel with
different spatial metrics, and the intersection kernel as
follows:

2 2
{kpne krge £ 1 - [l2> kpge + EMD, kpgp + X7 ks
(35)

With 5= >3 different types of kernel. Our optimization
framework, through the optimization of a, chooses which
feature or features, and the type or types of kernels with
the data set for the problem, are the best and most
suitable.

for each feature

Stage two: Particle swarm optimization algorithm

The weight factor u was inherently constant in most
studies of the mixed kernel function, which makes the
results of the research largely random. In this paper, in
order to obtain a better classification effect, at this stage we
select a particle swarm optimization algorithm to optimize
the support vector machine parameters, which can
increase the ability to learn and generalize the
classification. At this stage, the model of particle swarm
optimization algorithm is considered possible for each
optimization problem as a particle, the position of each
particle is described with a group of spatial vectors and
velocity vectors. Particles find their optimal answer and
optimal group response by changing their speed and
location®* and then update their speed and location through
the speed and location equations. The speed update
formula is:

vij (t+1) = wyy(t) + cyrand() (pbesty(t) — x;(t))

+ coxrand()(gbest;(t) — x;(t))
(36)
The update formula is as follows:
X;j{f 1) :X;j{f) f V’g{f 1) @37)

The PSO's basic algorithm only needs to measure
quantitative parameters, so it's easy to use. But the main
problem with this algorithm is that the particle is easily
trapped in the local minima, so the search precision is not
high enough. Some researchers suggest advanced
algorithms based on compatibility feedback, [35] since
particles move toward an individual and group optimal
position, so this advanced algorithm reduces their
oscillation in a certain range and also increases their
tendency Improved compatibility position. Although this
index only takes into account the choice of population, it is
difficult to come out of diversity, after the particles are
trapped in the local minima, this defect is significant when
solving problems with more than one local extreme.

In 1984, Shannon® introduced the concept of entropy
and used it as a scale of information. On the one hand, for
a particular system, if the randomness is too large and
disorderly, the entropy of the information of this system is
great. On the other hand, if a system is defined by certain
rules, the entropy of the information system is very small.

For entrainment of particles, the entropy of the
information reflects the distribution of particles in the
response space, the larger the entropy of the information
is, the particle distribution is more dispersed; the smaller
the entropy of the information, the denser the particle
distribution. In order to effectively prevent the loss of the
algorithm to the optimal local point and to improve the
convergence and accuracy of the algorithm, we combined
integration of entropy information and compatibility
feedback to improve the diversity of the particle population.

The entropy of particle information can effectively
measure the diversity of particle populations. A particle
jump with a certain probability when reducing diversity can
limit the premature convergence of particles and allow
particles to jump out of the optimal local point to find better
results; instead, particles can be replicated from the initial
stages to End, ability to discover new areas. The
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computational formula for entropy particle information [37]
is as follows:

NHX(B) = — log, Lf'—) 8)
1 O X
NHs(B) = WZL1 Iong{Tm

(39)
So that the entropy of the i-th NH;(B) particle information

i
NHE (B) and entropy is the entire group's information. The
proposed location changes in this article are as follows:

NHs(B) — NHS(B) > 0 0
Fm
Fo — Fm| < ——-2
7T N @
rand > 3 |1 G
tlog, (),

As j is the number of the current stage, i is the particle sign,
N is the number of particles. Formula (40) means that the
entropy of i-th particle information is less than entropy of
the total information of particle swarm, so that the
optimization process can be turned into a bad state at this
moment, and the population diversity gradually decreases.
In the formula (41), Fg is the optimum overall compatibility,
Fm is the average adaptation of all particles in the current
repeats; if the definite value of the difference between
these two is less than - (Fm) / N, the tendency to move to
the maximum optimal position should be at this point
Increase. Formula (42) is the probability of a particle
mutation that gradually decreases with increasing number
of repetitions. Formula (40) is an estimation of particle
information entropy, Formula (41) is a Particle Adjustment
Evaluation, Formula (42) is a mutation probability, particles
that have these three conditions are mutated. The mutation
method, the random throw of 20 new particles into the
overall response space, is the formulation of the particles
as follows:

pop(j.:) = (POPmax — POPmin) * rand + popmin 43)

As pop (j) shows the location of the j-th particle, popmax and
popmin, it shows the boundaries of the particle. Calculate
compatibility based on the location of new particles, if this
value is less compatible than the previous one, update the
position of this particle. This process not only increases the
range that the particle searches for the overall space of the
answers, but also increases the diversity of the population
of the particle, which can effectively prevent local
convergence. This advanced algorithm is particularly
suitable for optimization problems with a higher dimension
and more than one local extermum.

The old PSO-RBF method of the SVM kernel needs
to optimize two parameters (width g of the RBF kernel
function, the penalty parameter c. The mixed PSO of the
SVM kernel needs to optimize three parameters: width g of
the RBF kernel function, penalty parameter c, and mixed
weight coefficient u. The basic process of classification of

the SVM mixed kernel function is based on the entropy of
the particle swarm optimization algorithm as follows.

Step One: Generate random velocity and initial particle
position

Step Two: initialization of the PSO parameter

Step Three: Updated location and particle velocity
according to formulas36:37,

Step Four: Calculating the amount of compatibility of each
particle, Prest is a particle of a set of current optimal
positions; Geest is a collection of general optimal positions in
the primary population.

Step Five: If a particle is allowed to mutate based on
formulas3®®:39404142 mutate it; if the compatibility is better
than Puest, update the Prest with the new magnitude
position.

Step Six: If the end criteria are available, go back to step 7
and otherwise go back to step 3.

Step Seven: In order to create the values the parameters c,
g, u and the velocity of classification accuracy of the test
set; the flowchart of the algorithm is shown in Fig. 3.

Fig. 3: Advanced PSO-Mixed Flowchart SVM Kernel
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Leave-one-out cross-validation (LOOCV) method: The
purpose of using SVM's optimized model design is to
determine which of the subsets of the 18 texture features
should be used to generate the best prediction model. In
most modeling methods, if we compare the features of the
subsets using the error rate in the sample, the best
performance will occur when all 18 features are used. With
this in mutual validation, the best-fit model typically
includes a subset of features that are really information.
The method of assigning a sample (LOO)®, as its
name implies, is that it considers a single set of natural
data sets that contain sample M and validation data. And it
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should be said that the M-1 samples will remain as training
data for building a SVM classification model. After
confirming this model, the sample is passed to the training
dataset and another sample is selected. The approach is
repeated as each observation in the sample is used once
and as validation data. After a loop a set of M training times
and test samples of M, all items in a dataset are approved
using the SVM model. In this study, the number of M
samples that are selected according to the set, MR 3T and
1.5T are respectively 50 and 18, respectively.

Mutual validation based on the assignment of an item

is usually used in the analysis of a very small data set.
Although the LOOCV methodology is often expensive
because such training should be repeated over and over
again, it should be noted that this method is still a robust
and accurate method for assessing the predictive model. In
some studies, several modified methods, such as minimum
squares, nuclear regression, and cross-validation can be
significantly improved by pre-calculating certain values that
are frequently required in training or through the use of
rules. However, careful attention is required in order to
maintain the "total amazement" of the validation set of the
teaching method; otherwise, opposition may arise. In order
to develop the modeling approaches in a precise manner,
in our experiment, we choose the traditional LOOCV
method.
Calculation of texture features with different conditions
Texture: Text features display different values if using
different preprocessing methods, different image quality
and ROI sizes. Therefore, we need to optimize each of
these conditions before parsing and optimizing the subset
of the property.

First, the specified accuracy w/o for a soubel filter is
tested in the dataset which is arranged in order to
determine the best SVM input pattern, and the half of the
data set is eliminated by the result of this test. [39-40].
Secondly, an optimal size of the three different sizes of ROI
has been selected*:.

Since the number of selected ROIs is too high, the
texture features of 18 x 10 in the order arranged are
reduced by averaging the value of the features from the 10
selected ROIs and the set of new data will be converted to
only 18 textures. After all the optimal processing steps are
completed, the total ROI in one case is reduced from 1600
to 60. This step can significantly reduce the number of
input samples to ensure the efficient training of SVM.

3.7 Optimizing the features Besides the above optimizing
problem

In addition to the high optimization problem, there is a
challenge to optimize 18 texture features, for example,
which number and which of the best features are to show
fibrosis? In this paper, data samples in the SVM
classification model are divided into two categories: mild
liver fibroses SO, S1, S2 classified as negative samples,
and cases of severe liver fibrosis and cases of cirhosis ,
S3, S4, S5, which are classified as positive samples. Of the
data sets arranged in order, each possible combination of
18 features is performed using the SVM model in the
LOOCV method for accuracy comparison. This method is
as follows:

Step 1: Non-cirrhosis and cirrhosis groups are seen as
Groups 0 and Group 1 containing M samples in each

group, respectively. 18 features are derived from GLCM
and averaged over 10 selected ROIs. (2M x 18 features
are introduced as input candidates).

Step 2: The number of input items (n) is selected from a
combination of 18 features. (250-1 obtained a different
composition, in which ne®15,

Step 3: Depending on the selected items n Under the set
of step 2, the input characteristics of 22M x n are
eliminated from group 0 and group 1, respectively. A single
instance with n feature is selected as validation data, and
the remaining 2M-1 samples are used as training data.
Step 4: The SVM classifier is modeled using 2M-1 training
samples and confirms the remaining sample of the k test. If
k belongs to group 0 and is correctly classified, then TN =
TN + 1; so if group 1 is sorted correctly then TP = TP + 1.

» Step 5: If unknown samples exist in 2M, then step 3 is
executed; otherwise, the accuracy rate is calculated (AR):
ARO=TN/M,AR1=TP /M, AR = (ARO + AR1) / 2.

Step 6: If the ergodic process does not end, Step 2 runs,
otherwise, Step 7 will be executed.

Step 7: End. 2'5-1 = 38,865 AR is produced for further
processing.

Evaluation of the performance of texture features: Each
of the data sets arranged respectively have a value of
38,865 of AR values, which can be divided into 18 groups
according to the number of items selected in a subset
[AR1, AR2,, AR18]. Also, each AR' has a number of sub-
sets of a combination of items in the 18 features, in which
the maximum AR' value is defined as Max AR!. Since the
MR data set contains 4 fuzzy images, the maximum value
of AR in a dataset arranged as j is defined as Max AR/,
Additionally, the sum of the mean values of the maximum
values in the complete data set obtained by the K method
can be calculated as follows:

m m
_ |1 1 1 2
ARy = |:m E MaxAR;, == E MaxARy . ...,
j=1 Jj=1

m m
1 i 1 n
= E MaxARj. S E MaxARj
j=1 Jj=1

Where, K=1: MRI 3T : MRI 1.5T .

(44)

RESULTS AND DISCUSSION

Accuracy of staging fibrosis: The main polynomial
function of the SVM is considered as the dominant position
in the classification, which can indicate that the data set is
relatively scattered after being mapped to a high-
dimensional space. The distribution of data points in a
dataset is unknown after mapping to a high-dimensional
space, which indicates that the previous method of
assigning the value of u is not empirically reliable. The
efficiency of this classification can be evaluated with
accuracy in the test set, classification accuracy rate and
computational time line graphs in the PSO-RBF core
optimized, the PSO hybrid corea, and PSO hybrid core
support vector machine, as it has been shown flowchart
Figure 3 it has been shown.

As shown in Fig. 4, by comparing the PSO hybrid
core kernel with the PSO-RBF core, several classification
accuracy rates are improved, suggesting that the linear
combination of the polynomial cores and the RBF core is
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better than the single RBF core in generalization capability.
By comparing the improved PSO hybrid core with the PSO
core, the rate of classification accuracy of the data set is
changing, but the rate of classification accuracy of the
collection has improved to a certain extent due to the
increase in the collection.

The features and examples of these three datasets
are relatively large, the distribution of data points in a high-
dimensional space can be complicated after using the
combination core function. And the improved PSO
accuracy in the optimization process is better under these
circumstances, so the accuracy of the final classification is
improved. Figure 5 shows that the PSO kernel computing
time and the PSO core are longer than the PSO-RBF core
due to the high optimization of the parameters and
computation of the often internal product. This paper
focuses primarily on the impact test of the classification
algorithm, and we do not process the feature selection.
Therefore, we must believe that the calculation time will be
greatly reduced after a series of feature selection steps that
improve the accuracy of classification.

The results showed that the accuracy of the
classification of the algorithm in this paper is greater than
the traditional PSO-SVM algorithm. This is due to the fact
that the SVM hybrid core has both global and local
characteristics, which can efficiently extract the dataset
character mapping and adapt to complex data. In addition,
improved PSO based on entropy of information can
optimize the SVM parameters, especially the weight factor,
which can greatly play the role of the combined core
functions. The result of optimizing the various data sets is
different weights, which indicates that the empirical
allocation method is not reliable for the combined core
weight. From a public data collection website, we found a
classification application of the three datasets used in this
article. However, in contrast to the above method, the
accuracy of our method in these multiple data sets is
higher. In general, the training time of the classification
model is due to the optimization of the additional
parameters and the internal product calculations longer
than the normal core SVM, but it is acceptable when the
time of calculation of the test data after the modeling is
made. This paper focuses on verifying the effectiveness of
our classification algorithm, and we do not process feature
selection. Therefore, we believed that after a series of
selection steps, the computing time would be significantly
reduced, which also improves the classification accuracy.
We also analyze the composition of several common core
functions, the next research can work on the use of other
linear combinations of functions or even the investigation of
complex nonlinear complexes, we can also process
different methods of selecting features before the
classification, or Improve the PSO algorithm to increase
parameter accuracy and improve classification efficiency.

The accuracy of different imaging conditions and
different combinations of the number of texture features is
different. In the studies we have been done earlier [18], we
focused on the performance of MRI-based fibrosis in the
Sobel filter. The results obtained from these studies show
that the best accuracy of the variable is 0.76 without the
pre-processing of the Sobel with 0.64 with the filter.
Compared with the highest scores obtained in direct use of

row data, we can say that the Sobel filter does not have
significant performance in the pre-processing of MR
images. The reason for this may be the fact that the Sobel
filter not only strengthens the fibrosis pattern, but also
improves background sound. We also concluded that the
different sizes of ROI affect the classification, and the size
20x20 is the optimal size between the three sizes of ROI
[26]. Therefore, this test was performed using raw ROI 20 x
20 raw data

Choosing the optimal number of features: In order to
determine the subset of the features that are really
information, LOOCYV runs on each of the arranged image
data sets that are arranged in a regular fashion. In this
modeling technique, each combination of 18 features is
designed to provide the best AR from 1 to 15 feature
subtypes in Table 1. As shown in Fig. 3, the optimal
number of texture features for classification the degree of
fibrosis is 4 to 7, regardless of which method is used. The
best overall average of the maximum AR value is 82.42%
and 87.60%, respectively, obtained by 6 features of MRI 3T
images in hospital , and also in the case of 5 features of
MR 1.5T Available at Dena Hospital, this amount will be
equal to 85.12%. The overall performance is computed by
the sum of the mean of a maximum of 18 features. Also,
the results show that MR 3T has a better quality in the
fibrosis classification than 1.5T, in addition, the lowest total
sum of the mean maximum AR value shown in Table 1
occurs when all of the 15 The feature is used together to
build the SVM prediction model, which indicates the
importance of selecting the features of the notification.
Distribute features containing useful information:
Based on the sum total results of the mean of the
maximum AR values, we conclude that the number of
subsets of the features, which range from 5 to 7, is better.
Another interesting point to look at is what these 5 to 7
features are in reality. A threshold value of AR is set to 0.7
to select the subset features that have the best
performance. If the AR value is greater than 0.7, the
number of each of these items in this AR will be plus 1.
According to these statistics, a discriminating force
histogram is produced for each feature present in the
classification. These histograms are produced in Tables 2a
and 2b and shown in Figure 7a and 7b after normalizing
the scale in a range of [0-1].

Performance of different fuzzy images: As shown in Fig.
8, AR values are proportional to the injection of contrast
units, and both CT and MR images reach the highest level
of performance in the equilibrium phase. The MR can
effectively display fibrotic texture and the balance-of-phase
image is presented as a major tool for the interpretation of
cirhosis.

The complete processing of credit with the SVM
method in LOO is very time consuming, because the
number of combinations that are derived from 18 texture
features is very high. In our experiment, a 40-member
group (40 + 1), which consists of a data set of group 1,
uses a rigorous learning and evaluation rounds in an array
of data, for example, doing it on average from 6 to 9 The
hours takes place at the workstation (4.3G processor with
4G RAM, Windows 7, 64-bit version). However, when the
modeling is completed, we can use this prediction model to
detect a new dataset within a second. Although some
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studies have introduced their effective methods for
educational prototypes with improved algorithms and have
stated that the methods on the part of them can greatly
reduce the processing time of validation, but it should be
noted that braininess and precision is a matter that can still
be considered bytes. In addition, it is difficult to determine a
golden standard for examining the results of the studies.
Therefore, in this study, we have chosen the most reliable
method of validation, which is the LOOCV method, in order
to guarantee the objectivity of our results. That includes a

Fig. 4. The classification exact rate in three algorithms.
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Fig. 7a. by histograms there is a distinguishing force for all 18 exploited features of the 3 various data series, capability of every
characteristic in discriminating fibrosis texture by means of counting increased numbers in AR values , is investigated.
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Fig. 7b. by histograms there is a distinguishing force for all 18 exploited features of the 3 various data series, capability of every
characteristic in discriminating fibrosis texture by means of counting increased numbers in AR values , is investigated.
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Table 1: The AR values for MRI to use in different number of features as the SVM input vectors.

Number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

MRI3T 0.797 | 0.841 | 0.865 | 0.873 | 0.876 | 0.874 | 0.868 | 0.860 | 0.849 | 0.838 | 0.824 | 0.809 | 0.789 | 0.761 | 0.717

MRI1.5T | 0.773 | 0.803 | 0.837 | 0.848 | 0.849 | 0.847 | 0.840 | 0.830 | 0.820 | 0.814 | 0.797 | 0.782 | 0.762 | 0.731 | 0.672

Table 2a . the importance magnitude value in MRI provisions.

Number ASM CNT COR SQV IDM SUMA\/E SUMVAR SUMENT
MRI3T 0.754 0.144 0.000 0.170 0.757 0.846 0.116 0.594
MRIL.5T 0.123 0.678 0.000 0.601 0.586 0.425 0.612 0.0.808
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Table 4b. the importance ma

nitude value in MRI provisions.

Feature ENT DIFave DIFent IMC1 IMC2 MGV SD

MRI3T 0.691 0.136 0.171 0.562 0.117 1.110 0.446

MRI1.5T 0.706 0.335 0.363 0.333 0.392 0.724 1.110
CONCLUSION fact that the fibrosis pattern is clearly not different at

In chronic liver disease, liver fibrosis is considered as one
of the most important prognostic / diagnostic prognosis.
Advanced stages of liver fibrosis are diagnosed with clinical
signs of liver dysfunction and liver disease. In summary we
can say that we have evaluated the accuracy of the
determination of the fibrosis stage using MR images
optimized in the equilibrium phase in the liver fibrosis
model. The evaluation of MR images in relation to CAD
system that differs between non-linear normalized texture
features in different hepatocytes with different fibrotic
texture sizes. We were able to effectively distinguish the
differences in the liver textures that were present in the
stages of liver fibrosis. We found that the nonlinear
normalization of images, the key to achieving, is better to
detect. The proposed CAD analysis of routine MR images
shows the hope in improving accuracy in determining the
phase of fibrosis with a non-invasive approach. In this
study, a new nonlinear combination of the classification
process using SVM has been investigated. An algorithm for
the classification of the SVM core function is optimized,
which consists of two steps. On the one hand, the
combined core function used in this paper is the nonlinear
combination of the polynomial function and the RBF core in
the backup vector machine, and its ability to learn and
generalize it from the RBF core is more advanced. On the
other hand, the PSO algorithm based on the entropy of
information for The search for relative kernel parameters is
used, information entropy feedback can effectively improve
the diversity of particles and improve the accuracy of
parameters optimization, thus increasing the accuracy of
classification. Compared to the PSO-RBF core and The
PSO core of the compound, the SVM of the PSO core, can
classify precision in the evaluation of the staging of Kirobriz
DI, and this also suggests that this algorithm has a good
practical value for evaluating the hepatic fibrosis staging.

Limitations and future offers: There are limits to our
study, and we need to improve them in the future. First, the
data sets are divided into two groups. This is due to the
unbalanced distribution of each phase of fibrosis, as well as
the goal of reducing the complexity of validation. In the next
step, our studies will examine the quantitative fibrosis in 5
steps with incremental datasets. Second, this study does
not combine images from multiple phases due to
computational complexity. The prominent features of each
phase can be combined to achieve 80 features (18 x 4) per
item, and the execution of such an action in the future will
show us the importance of a variable of all phases. Thirdly,
this study was conducted as a preliminary study, with a
great deal of time and effort to manually access ROIs and
record validation values. We are now beginning to develop
an automated algorithm for choosing ROI in the liver
region, and we have integrated the GLCM, LOOCYV, and
SVM in one program. Finally, all ARs that are classified in
the texture analysis are not so prominent (less than 0.8)
that can be used as a separate model for determining the
stage of fibrosis in clinical methods. This may be due to the

different stages, and even experienced radiologists cannot
diagnose fibrosis just because of the texture in the pictures.
Different stages of fibrosis can be distinguished using
texture features, along with other effective features, such
as shape, volume, stretching, etc. In addition, it is
recommended to extract morphological features combined
with statistical characteristics in order to achieve superior
results. It is also suggested in future studies that we will
examine the selection of morphological features along with
statistical characteristics in the MRI and SPECT / CT hybrid
imaging for better results.
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