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Abstract

In order to analyze the influence of different segmentation techniques on hepatocellular carcinoma (HCC) CT (Computed
Tomography) imaging histological feature extraction, Grow Cut method and Graph Cut method are used to segment
hepatocellular carcinoma from arterial CT images of HCC patients, and the stability and repeatability of imaging histo-
logical features are studied. Meanwhile, hierarchical clustering method is used to reduce the redundancy of features. The
results show that the repeatability and redundancy mainly depend on the method of tumor segmentation. Semi-automatic
segmentation method can improve the repeatability of image features, and hierarchical clustering can reduce the redun-
dancy of features. Different segmentation techniques have different effects on the extraction of histological features of CT

images of HCC.
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Introduction

According to the latest data released by international research
institutes affiliated to the World Health Organization (WHO),
the incidence of liver cancer is high in underdeveloped areas.
Statistics show that at least 550,000 people die of hepatocel-
lular carcinoma (HCC) every year [1, 2]. According to death
reports, 57% of the cases are in less developed countries along
the coast of Southeast Asia and the Pacific, and some parts of
China are also among the high incidence areas of HCC in the
world. HCC ranks second among fatal cancers worldwide,
with a conservative estimate of an overall mortality rate of
0.95 [3]. Fortunately, the progress and development of medi-
cal science and technology have provided more and more
effective ways for the treatment of HCC, so that the vast num-
ber of patients see hope. Therefore, it is particularly important
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to detect liver lesions as early as possible and to formulate
reasonable and effective treatment plans.

Computed tomography (CT) can solve the problems of
blurred X-ray imaging and poor tissue resolution. It can clear-
ly see the structure of soft tissue, and solve the imaging prob-
lem of difficult X-ray parts. At the same time, with the prog-
ress of tube detector technology and the popularization of low-
dose technology, it greatly improves the accuracy and safety
of clinical diagnosis. Because of the high definition of CT
images, obvious imaging of soft tissue can highlight the path-
ological organs, and the price is moderate, so that it has been
widely used in the diagnosis of liver diseases.

The purpose of medical image segmentation is to extract
interested regions from medical images, such as some organs,
tissues or lesions. Computer-aided diagnosis, three-
dimensional visualization, graphics-guided surgery, virtual en-
doscopy and so on are realized by image processing technology
[4]. Liver is accurately and reliably segmented from abdominal
CT images, which is the first step in the early diagnosis of liver
diseases, estimation of liver size, and establishment of 3D mod-
el and it is also a key step [5]. Usually, in practical clinical
applications, the liver is segmented manually from CT images
by doctors with relevant practical experience and expertise [6].
However, this process is very time-consuming and energy-con-
suming. Moreover, influenced by doctors’ subjective factors,
different doctors often get different results.
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Image acquisition and tumor segmentation
CT image acquisition

Primary liver tumors are the most common malignant tumors
in the liver [7]. Conventional single-phase CT scans common-
ly used in clinical diagnosis are mainly in the portal phase of
the liver. The detection rate of primary liver cancer is low [8].
Hepatic artery blood supply is the main cause of primary liver
cancer. Scanning in arterial phase can improve the detection
rate of primary liver cancer. For hepatic hemangioma, portal
vein is the main blood supply. Portal phase enhancement can
significantly improve the detection rate.

Because the duration of hepatic artery phase is short, only
20-30 s, arterial phase enhanced scanning can show the char-
acteristics of hepatocellular carcinoma more clearly. There are
two ways of blood supply to the liver: hepatic artery (about
20-25%) and portal vein (about 75-80%). Contrast medium
can flow into the liver through the above two pathways.
According to the time-density curve of hepatic parenchyma
and abdominal aorta, the enhancement scanning process of
liver is divided into three stages: arterial phase (25-30 s after
contrast medium injection), portal phase (60-70 s after con-
trast medium injection) and equilibrium phase (120 s after
contrast medium injection) [9].

Arterial phase enhanced CT images have a strong advan-
tage in detecting primary HCC [10], and can better reflect the
blood supply characteristics of the tumor area than other en-
hanced CT images. Therefore, 15 cases of primary HCC pa-
tients with arterial phase enhanced CT images are obtained,
which can better capture the texture features of primary HCC,
and obtain more image histology features information.

Three-dimensional liver segmentation based on CT
images

The three-dimensional liver segmentation method developed
has three main steps: first, edge detection of differential im-
ages; second, using edge detection operator to get the initial
contour of the liver and re-detect to determine the final contour
of the liver; third, deleting the adhesion area and integrating
the lesion area.

Here, differential processing is introduced before edge de-
tection in order to reduce the impact of the lesion area on liver
segmentation results. In CT images, the brightness of liver and
lesion areas in plain scan phase is often lower than that in
portal phase. In differential images, the brightness of liver
and lesion areas is lower than 0, which is taken 0 here.
However, the brightness of other areas outside the liver region
in the differential image is usually higher than 0, so according
to this characteristic, the liver region can be detected by using
the differential image.
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Three-dimensional label processing is used to segment the
initial liver region from the edge-detected image. Then, the
slices with a total thickness of 75 mm at 25 mm away from
the heart are selected as the starting point, and these selected
binary images are used to calculate the average liver. Each of
the sequence images of the average liver and the initial liver
region are used to calculate the average liver. If the difference
is the smallest, the slice is considered to be the largest slice SO
in the sequence image of the initial liver region. Since all parts
of the original image are homogeneous in the liver region, but
not in the region outside the liver, brightness can be selected as
a threshold to further confirm the liver region. As mentioned
above, the largest slice SO in the original image liver region
can be found, and then the average density Gavr of the slice
SO can be calculated. The liver region of the original image
can be confirmed by using Gavr+SD as the threshold.

In liver segmentation, parts of the kidney and the heart are
often segmented together. This is because the brightness of
kidney and heart overlaps with that of liver. It is not possible
to delete the adhesion parts only by portal phase. However,
these adhesions have different gray values in arterial phase
and liver area and can successively and successfully delete
the adhesive parts. In the process of liver segmentation, the
brightness of hemangioma and liver is totally different.
Although hemangioma is preserved in edge detection, it is
deleted when the liver region is further confirmed. In order
to find out the area of hemangioma, the average liver region is
adopted to differentiate from the initial three-dimensional liver
region. The hemangioma regions are selected by using round-
ness and volume. Then, the average gray value of the selected
hemangioma area is calculated and selected. The hemangioma
area is further confirmed by using threshold technology.
Finally, the hemangioma area is integrated with the previously
segmented liver area and the complete liver area is obtained.

Tumor segmentation for primary HCC

Grow Cut is a competitive region growing algorithm based on
cellular automata. It has good performance in speed and ac-
curacy and it is also an effective interactive segmentation
method. During the implementation of the algorithm, the seg-
mentation problem is redefined as a clustering problem, and a
fast and approximate solution is worked out. It has good effect
in three-dimensional medical image segmentation application.

Grow Cut in 3D Slice is achieved through Fast Grow Cut
Effect module and the implementation steps are shown as
follows:

Step 1: load CT image;

Step 2: mark the tumour and non-tumour regions and
give a series of initial marker points;

Step 3: run Grow Cut, obtain the initial segmentation
results, and modify them if they are unsatisfactory.
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Step 4: continue running Grow Cut until the partition is
complete.

In 3D Slicer, the segmentation method of Graph Cut based
on star-shape priori is provided. It is realized through Graph
Cut Interactive Segmenter module and the implementation
steps are shown as follows:

Step 1: load CT image;

Step 2: two benchmarks are used to locate the center of
the tumour at the beginning and end of the tumor, respec-
tively. The other two benchmarks are located at the diag-
onal point of the rectangle containing the tumor at the
maximum level of the tumor in the middle.

Step 3: check 3D or 2D star-shape constraints as needed;
Step 4: Graph Cut automatically generates regions of in-
terest according to the selection of benchmark points, and
continues to run to get the initial segmentation results. If'it
is unsatisfactory, modify them.

Step 5: continue running Graph Cut until the partition is
complete.

Imaging histological feature extraction

The core content of imaging histology is to quantitatively
describe the phenotypic information of lesions by extracting
the high-dimensional feature data in the region of interest
(tumor). Therefore, when the tumor area is determined, the
imaging histological features can be extracted. At present,
some open source and commercial software can be used in
imaging histology research, which greatly promotes the clin-
ical application and development of imaging histology. Open
source software includes IBEX (Imaging Biomarker
Explorer), CGITA (Chang Guang Image Texture Analysis)
and MaZda. Commercial software includes Radiomi X™
and TexRAD™., In addition, there are some image feature
extraction tools based on MATLAB (matrix and laboratory),
including software adapted from CERR (Computational
Environment for Radiotherapy Research). The extracted im-
aging histological features include intensity-based first-order
statistical features, geometry-based features and texture-based
features. In addition, there are some filter-based imaging his-
tological features.

The features of image histology include intensity-based
histogram feature, texture feature and geometry feature.

Strength histogram feature, also known as first-order statis-
tical feature, is the first-order histogram feature based on the
intensity distribution of descriptive image pixels. For CT im-
ages, pixel strength refers to CT value (HU), MR image refers
to signal strength, and PET image refers to standard uptake
value. Gray intensity histogram shows the distribution of the
gray level of the pixels in the image. According to the size of

the pixel value, the frequency of its occurrence is counted, that
is, the function of the distribution of the pixel gray level. Gray
intensity histogram describes the one-dimensional information
of an image. It only reflects the distribution of the gray level of
a pixel, but does not care about its spatial position. The gray
intensity histogram formula of gray image X is as follows:

H(i):%,izo,l,m,zk (1)

In Formula (1), H(i) refers to the frequency of occurrence
of gray level 7, n(i) indicates the number of pixels with the gray
level of i, N suggests the total number of pixels in the image,
and k is the bit depth of image.

Gray histogram features provide the distribution informa-
tion of the intensity of the pixels in the image, and do not
involve the spatial position relationship between the pixels.
In order to quantify the position relationship and texture dis-
tribution among pixels, three techniques are often introduced:
Gray-level co-occurrence matrix (GLOM), gray-level run
length matrix (GLRLM) and neighbourhood gray-tone differ-
ence matrix (NGTDM). Before calculating texture features, in
order to avoid the influence of noise and sparse matrix, the
original images are resampled into 8-bit gray images.

GLOM is a statistical method established based on estimat-
ing the probability density function of the second-order com-
bination condition of the image. It can reflect the comprehen-
sive information of the gray level of the image about direction,
adjacent interval and change range. It is the basis of analyzing
the local pattern of the image and their arrangement rules. It is
defined as: within the image domain, the probability of two
pixels with distance d and direction e appearing in the image.

Shape features are quantitative descriptions of the geometry
of tumors, which can usually be extracted from the two-
dimensional and three-dimensional information of tumors.
There are mainly two kinds of representation methods for
shape features, contour features and region features. The first
type mainly focuses on the boundaries of regions of interest,
while the second type considers the shape characteristics of the
whole region of interest. Contour-based features are Convex,
Convex Hull Volume, Convex Hull Volume 3D, Max3D
Diameter, Mean Breadth, Orientation, and Surface Area.
Area-based features are Compactness1, Compactness2, Mass,
Number of Voxel, Roundness, Spherical Disproportion,
Sphericity, Surface Area Density, and Volume.

Results and discussion

In recent years, with the rapid development of computing
technology, more and more studies have been conducted on
the clinical application of image histology as a biomarker for
disease detection and therapeutic evaluation. However, before
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applying imaging histological features in clinical practice,
some problems must be solved, that is, the standardization
and robustness of image features. The most important chal-
lenge is the repeatability of imaging histological features. In
studies of imaging histology, not all image features are recom-
mended. The reason is that some features may lack stability.
For example, if the influence of differences in tumor segmen-
tation (differences between manual and semi-automatic seg-
mentation) on image histology features is neglected, pheno-
typic information of tumors may not be correctly interpreted
and the findings will not be repetitive. Therefore, in order to
provide consistent and unbiased image biomarkers, it is very
important to quantify image histological features repeatedly
and objectively.

Image histology often obtains hundreds of image features
in clinical research. Potential feature redundancy is another
important challenge in image histology research. Redundant
image features may increase the complexity of image histolo-
gy research. Therefore, a set of non-redundant image group
biomarkers must be obtained to minimize the over-weighting
of redundant image features.

Few studies have evaluated the reproducibility of HCC
quantitative CT image features in terms of tumor segmentation
methods. The impact of different segmentation of liver tumors
on the reproducibility and redundancy of histological features
is quantitatively analyzed.

Intra-class correlation coefficient (ICC): ICC is introduced
to quantify the repeatability of features. ICC describes the
similarity of different measurements within the same group
to evaluate the reproducibility of histological features extract-
ed from tumor regions by three segmentation methods. ICC is
a descriptive statistics proposed by McGraw and along, whose
value is somewhere between 0 and 1, 0 means no repeatability,
and 1 means excellent repeatability.

In order to evaluate the influence of sketching differences
among different experimenters on feature repeatability, the
variance estimates of ICC (A, 1) and bidirectional mixed ef-
fect models are calculated.

MSr—MSE

ICC(A,1) = )

k
MSg + (k—1)MSg 4+~ (MSc—MSk)
n

ICC (C, 1) and one-way ANOVA (analysis of variance) are
calculated to evaluate the effect of different sketches on fea-
ture repeatability in the same experimenter.

MSp—MSw

e ) =35+ (k—1)MSy ®)

In the above two formulas, MSy is mean square for rows
(observations, fixed factor), MSyy is mean square for residual
sources of variance, MSE is mean square error and MSS is
mean square for columns (experimenter, random factor). The
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number of experimenters and the number of observations are
expressed by k and n, respectively.

At the same time, as a reliability evaluation parameter, ICC
has a variety of evaluation criteria. The criteria proposed by
Cicchetti are used to evaluate the repeatability of image fea-
tures obtained by different segmentation, as follows [11]:

ICC < 0.40, poor repeatability (Poor);
0.40<ICC<0. 60, fair repeatability (Fair);

0.60 <ICC <0.75, good repeatability (Good);
0.75 <ICC <1, excellent repeatability (Excellent).

Wilcoxon rank-sum Tests or Paired t-test are used to eval-
uate the difference of ICC values between manual sketching
and two semi-automatic segmentation images. When the data
conform to normal distribution, Paired t-test is used; when the
data does not conform to normal distribution, Wilcoxon rank-
sum Tests are used. P < 0.05 indicates that the difference has
statistical significance.

Repeatability of imaging histological features: ICC of 71
imaging histological features are calculated, including first-
order statistical features (intensity histogram features), shape
features and texture features. Compared with the features ex-
tracted from manual sketch (ICC=0.80+0.21) and Graph
Cut segmentation (ICC =0.82+0.24), the features extracted
from Grow Cut segmentation have higher repeatability
(ICC=0.87+£0.19, P<0.001). At the same time, the ICC
value of Graph Cut-based imaging histological features is also
higher than that of manually sketched, and the difference is
statistically significant (P =0.036). For ICC with manual,
Graph Cut and Grow Cut imaging features, the average con-
fidence intervals are (0.608, 0.954), (0.774, 0.938) and (0.752,
0.967), respectively.

Among the 71 image histological features, 53 features of
Grow Cut have higher ICC values than manual segmentation,
and 47 features of Graph Cut have higher ICC values
(P<0.001). The ICC value of Grow Cut with 52 features is
higher than that of Graph Cut.

Graph Cut (ICC =0.76 +0.26) has no significant differ-
ence (P=0.332) compared with intensity histogram fea-
tures and manual methods (ICC =0.77 £0.29), and Grow
Cut (ICC=0.90+0.12) has obvious high repeatability
(P<0.001). For the GLOM features of texture feature cat-
egories, Graph Cut (ICC=0.89+£0.11) and Grow Cut
(ICC=0.9140.12) are more repeatable than manual
methods (ICC =0.77 +£0.23), respectively (P=0.010, P=
0.004). In addition, for GLRLM, NGTDM features and
shape features of texture feature categories, there is no
significant difference in the repeatability of the three seg-
mentation methods.

All features are classified into four categories according to
ICC values. The reproducibility of manual, Graph Cut and
Grow Cut is 73, 77 and 81%, respectively, as shown in Fig. 1.
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Hierarchical clustering: Hierarchical clustering is to cluster
layer by layer, merge and cluster small classes from bottom to
top. Specifically, each time two classes with the closest distance
are found, then they are merged into a large class. Finally, all
the small classes are merged into one class. The whole process
is to construct a clustering tree graph, as shown in Fig. 2.

Selection of the best number of clusters: In hierarchical
clustering, the determination of the best number of clusters
is very important. The commonly used methods to determine
the best number of clusters are as follows:

»  First, determine by appropriate threshold;

* Second, determine the number of clusters intuitively ac-
cording to the distribution map of data points.

* Third, determine the number of clusters according to
statistics:

R statistics: The larger the proportion of sum of squares
of deviations among different classes is, the smaller the
proportion of sum of squares of deviations within classes
is. This shows that the clustering results are good. R
statistics is the proportion of sum of squares of deviations
between classes and sum of squares of deviations within
classes;

Semi-biased R statistics: The difference between k + 1
hierarchical clustering R statistics and k-times merged
R? statistics;

Fig. 1 Percentage of features
extracted by three segmentation
methods under different ICC
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R? statistics is used to determine the best number of clusters
in hierarchical clustering tree graph. The formula is as follows:
w

R =1 (4)

In Formula (4), P indicates the sum of squares of intra-
class deviations and W represents the sum of squares of total
deviations. R? is large, which shows that when it is clustered
into G class, the squares of deviations within the class are
smaller, that is to say, the classification of G class is appropri-
ate. But the more classifications there are, the smaller the sum
of squares of deviations in each class will be, and the bigger R
will be. Therefore, it can only choose the appropriate G to
make R? big enough. While G is small, with the increase of
G, the increase of R* will be small.

Conclusion

Manual tumor segmentation and Graph Cut, Grow Cut
semi-automatic tumor segmentation methods are used to
segment HCC tumors. Graph Cut is an interactive tumor
segmentation method, which achieves tumor segmentation

/) Manul
Graph Cut

T

0.40ICC<0.40(Poor) 0.40<ICC<0.60(Fair) 0.60<CC<0.75(Good)0.75ICC<1(Excellent)

Repeatability level
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Fig.2 Hierarchical clustering tree
diagram 0.65
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based on global optimization of energy function. Grow Cut
is a segmentation method based on the growth of compet-
itive regions. The principle and initialization of two
methods are different, and the influence on image histolo-
gy cannot be ignored.

It is found that two semi-automatic methods provided by
3D Slice software can extract more stable and repeatable im-
aging histological features. Compared with manual method,
Graph Cut (P=0.001) and Grow Cut (P<0.001) can obtain
more reproducible GLOM. The repeatability shows that Grow
Cut method has high reproducibility between the two
methods. It shows that different initialization states can extract
more stable and repeatable imaging histological features. The
results show that semi-automatic segmentation can extract
more stable and repeatable imaging histological features, es-
pecially texture features. At the same time, because of differ-
ent principles, different segmentation methods can obtain dif-
ferent regions of tumors. Grow Cut semi-automatic tumor
segmentation method can provide more stable and repeatable
imaging histological features in HCC imaging histology
research.

In summary, this study reveals the repeatability difference
of histological features extracted from different tumor regions
by a variety of segmentation methods. In HCC CT images, the
repeatability and redundancy of histological features largely
depend on the method of tumor segmentation. Semi-
automatic segmentation method can improve the repeatability
of image features, and hierarchical clustering can provide sta-
ble image feature clustering and reduce feature redundancy. In
addition, in order to ensure the segmentation accuracy and
avoid the impact of segmentation to the greatest extent, appro-
priate segmentation algorithms should be considered in
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different tumor researches. Most importantly, the most stable
and unified image features should be selected in the clinical
application of image histology.
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