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Abstract
This paper is focused on current progress of our
research in improving diagnosis value of ultrasound
imaging in the context of diffuse liver diseases. Image
features are computed on ultrasound images and these
features are used to train a classifier. The classifier is
able to distinguish between various pathology grades.
Present study shows that, based on ultrasound images,
steatosis can be accurately graded and a qualitative
assessment can be made in case of fibrosis. Further
improvements can be made if we include more patients
and consider non-imagistic features like clinical and
biochemical analysis of the patient.

1. Introduction
There are two main diseases studied: nonalcoholic
steatohepatitis and chronic hepatitis. Both diseases
alter the liver by producing fatty infiltration (steatosis),
fibrosis, inflammatory and necrosis processes. The
way that these processes alter the liver varies from
steatohepatitis to chronic hepatitis. For this reason,
physicians use two scores in order to evaluate the liver
biopsy [1]. First score is BRUNT and is used for
steatohepatitis and the second is METAVIR and is
used for chronic hepatitis. The aim of this research is
to use noninvasive techniques (US imaging) to assess
the BRUNT/METAVIR score or, at least, some
components of these scores. Fibrosis is scored from 0
(healthy) to 4 (cirrhosis). Steatosis is graded from 0
(healthy) to 3 (>66% steatosis) Activity is graded also
from 0 to 3.
We have four main patient groups. A clinically
healthy group, steatohepatitis patients, chronic
hepatitis patients (both groups have been diagnosed
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using liver biopsy) and a cirrhotic group which was
only clinically diagnosed.
At liver tissue there are a number of pathological
processes. Each of these processes could alter the
aspect of the US images. As we shown in our
previously work [2][3][4][5], steatosis has the biggest
impact, followed by fibrosis and activity. Also we have
shown that these processes can mask each other, i.e.
strong fibrosis can mask a low grade steatosis and
vice-versa [3][4]. The activity can be detected only if
we consider two patient lots, having the same steatosis
and fibrosis grade but different activity grade. If the
steatosis grade or fibrosis stage varies, the activity
cannot be detected.
Another interesting aspect discovered in our
previous work [2][4] is that the fibrosis detection is
better if we select only patients with low steatosis. The
opposite is also true, detection of steatosis is better if
the fibrosis stage is kept low.
The paper is structured as follows: Section 2
describes the methodology, section 3 focuses on
steatohepatitis disease and section 4 focuses on fibrosis
stage detection at chronic hepatitis. Section 5
concludes the paper.

2. Methodology
The methodology proposed in our research consists
in five main steps: image acquisition, the establishment
of region of interest, image attributes computation,
feature selection and classification.
The algorithms used to generate image features are
shown in Table 1, along with the number of features
generated by each algorithm. Image acquisition, ROI
establishment and the attribute computation algorithms
are widely explained in [2][3][4].

Table 1. Algorithms used to generate image
features and the number of features generated
by each algorithm.
Algorithm

Histogram statistics
Grey tone difference matrix
Grey level co-occurence matrix
Multifractal differential box
counting
Morphological multifractal
exponents
Multiresolution fractal
dimension
Law’s texture energy measures
Wavelet transform
Attenuation and backscattering
coefficients

Number of
features
generated
6
25
200
90
464
3
56
255
12

2.1. Feature selection algorithms
There are two algorithms used here, the correlationbased feature selection and chi square feature
selection.

2.2. Correlation-based feature selection
In the center of this algorithm is a heuristic that
evaluates a feature subset. It is considered the utility of
an attribute to predict the class along with the
correlation between attributes [6]. It is desired to have
a set of features with high correlation with respect to
class but with low inter-correlation.
The correlation between two attributes is measured
using symmetric uncertainty (see equation 1 – 4)
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Equation 1. The evaluation of two attributes A
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Equation 3. Entropy formula for two
dependent attributes.
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Equation 4. Performance evaluation of an
attribute subset with respect to a class C.
CFS technique allows us to evaluate a subset of
features using Equation 4. One needs a method of
searching through all possible combination of feature
sets and retrieve the one having best performance.
We used the “best first” method proposed in [6].
The algorithm starts by building and evaluating all
feature sets of length 1. The best feature set is selected.
This subset is extended by adding one new attribute.
The algorithm generates all possible feature sets and
evaluates them. Again, best subset is selected, and the
process continues until a new feature subset does not
improve the results. A backtracking mechanism is used
and the algorithm selects for extending the next best
set found at previous step. In this manner, one can
explore the entire subset space. However, the
algorithm is stopped after k unsuccessful extensions. A
value of 5 for k is used in our experiments.
One should note that the correlation based feature
selection algorithm does not provide a ranking for
attributes.
Using different datasets one can find that the
selected attributes varies greatly. This happens when
there are highly correlated features. The algorithm
might choose one feature or another depending on the
actual data.

2.3. Chi square feature selection
This method evaluates each attribute with respect to
the class. The evaluation is performed using chi square
statistical test (Equation 5).

χ = n∑
2

Equation 2. Entropy formula for one attribute
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Equation 5. χ2 test. n is the number of
instances, Ni is the observed number of
events i, and Nij denotes the number of times
that events i and j co-occur.

The attributes are sorted according to the calculated
correlation grade and selected based on a threshold [6].
One should note that this algorithm provides us
with a ranking of the attributes regardless of their
correlation with each other.

2.4. Classification algorithm
Support Vector Machines (SVM) or kernel
machines are a family of learning methods that can
represent complex, nonlinear functions [6].
The basic idea for this algorithm is to map a lower
dimension feature space where the classes are not
linearly separable into a higher dimensional feature
space where these classes are linearly separable.

2.5. Performance evaluation
The SVM classifier is evaluated using Cohen’s
Kappa statistic [7]. This allows us to globally assess
the classification performance regardless of class
numbers or class volumes.
Another performance indicator is the Area under
Curve because it is widely used in medical research
area.
Cross validation (10 fold) is used to assess the real
performances of the trained classifiers. The feature
selection algorithms (when they were used) are applied
into the cross validation loop. The cross validation is
run 5 times and the results are averaged.
Also, a parameter search for SVM was performed
using another cross-validation loop.

3. Steatosis detection at patients with
steatohepatitis
For steatosis detection we used healthy patients and
affected (steatohepatitis) patients having fatty
infiltration ≥1. First group has 22 patients and the
second has 91 patients. As image features we used
attenuation and backscattering coefficients.
60 parameter sets for SVM algorithm were tested
using cross validation. All 12 computed features are
used. The results are shown in Table 2.
Table 2. Fatty infiltration detection. Kappa and
AUROC values obtained when comparing
healthy and ill patients.
Computed statistic
Kappa value
AUROC for healthy group
AUROC for ill patients

Value
0.71
0.93
0.93

We investigated the discrimination rates between
steatosis grades. The patients were divided in groups
having steatosis grade 0 (healthy patients) 1,2 and
grade 3. Kappa and AUC values were computed as
described above. The results are presented in Table 3.
Table 3. Fatty infiltration grade detection. The
patients were divided in three classes:
healthy, fatty grade 1,2 and 3.
Computed statistic
Kappa statistic
AUC for healthy lot
AUC for steatosis grade 1
AUC for steatosis grade 2
AUC for steatosis grade 3

Value
0.47
0.934
0.709
0.712
0.85

From the previous patient lot we’ve selected only
the patients having low fibrosis stage. The results are
presented in Table 4.
It is noted a marginally improvement in detection
when we select only patients having low fibrosis stage.
The most relevant features were the slope, offset
and R2.
The ROI establishment process, performed
manually by the physician is operator dependent and
very time consuming. However, an automatic ROI
generation might not be able to capture the relevant
aspects of steatosis. We studied the variability of the
image features on the entire lot, on a class and on a
ultrasound image.
Table 4. Fatty infiltration grade detection. The
patients were divided in three classes,
healthy, fatty grade 1,2 and 3 but selecting
only low (0 or 1) fibrosis stage.
Computed statistic
Kappa statistic
AUC for healthy lot
AUC for steatosis grade 1
AUC for steatosis grade 2
AUC for steatosis grade 3

Value
0.51
0.921
0.793
0.732
0.931

We propose the following methodology: A simple
algorithm proposes up to 5 ROI per image. A
physician selects only the proper ROI’s [2][4][8]. The
image features are computed for each ROI. Next we
compute the standard deviation (SD) of each feature
with respect to each class (Table 5). The computed
standard deviation for all the patients is larger than the
SD for each class. This is an expected result because
using these features we’ve obtained excellent steatosis
detection. In Table 6 is computed the SD for each

ultrasound image. Then, the mean of these SD is
computed according to patient’s pathology. The
obtained values are relatively close. These results show
a low variability of the studied features when
considering various regions of the same image and a
high variability when considering different pathology
classes.

produced a new selection holding only the patients
with steatosis grade 0 or 1. (Table 8)
Table 8. The division of the patient lot in
classes according to fibrosis stage.
Class

Inclusion
Criteria

Table 5. The SD for the relevant features
computed on each studied patient lot.
Feature
Slope
Offset
2
R

All
patients
0.106
29.01
0.327

Healthy

S1 lot

S2 lot

0.080
17.60
0.189

0.079
22.306
0.303

0.072
23.180
0.279

S3
lot
0.058
21.29
0.181

Table 6. The mean of the SD for the relevant
features.
Feature
Slope
Offset
2
R

All
patients
0.050
15.25
0.173

Healthy

S1 lot

0.060
13.79
0.166

0.052
15.589
0.185

S2
lot
0.048
15.66
0.173

S3
lot
0.044
15.86
0.147

For each ultrasound image was computed the mean
of each feature. The resulting values were used to train
and evaluate a classifier. In Table 7 are the obtained
results. When comparing these figures with those in
Table 3 one can see that they are almost identical.
Table 7. Fatty infiltration grade detection. The
feature vector was built by calculating the
average of each individual feature over the
ROI’s image.
Computed statistic
Kappa statistic
AUC for healthy lot
AUC for steatosis grade 1
AUC for steatosis grade 2
AUC for steatosis grade 3

Value
0.48
0.91
0.75
0.77
0.9

This indicates that an automatic ROI selection
algorithm could replace the manual procedure,
reducing operator dependent factors, reducing the
workload and keeping the discrimination performance
to the same levels.

4. Fibrosis stage detection
In order to determine the fibrosis stage, and to keep
a relatively high patient count for each group we
divided the patients in three classes, N, F23, F4. (Table
8) Preliminary results sown that steatosis can mask an
existing fibrosis pathology [3][9]. As a result we

N

F23

F4

Control
patients
along with
fibrosis
stage 1
Fibrosis
stage 2
and 3
patients
Cirrhotic
patients

Number of
Patients

Number of US
Images from
right lobe at 16
cm
All
Fatty
fatty
grade 0
grades
or 1
2730
2228

All
fatty
grades
211

Fatty
grade
0 or 1
168

258

196

3225

2461

81

81

1013

1013

One can notice that the volume of the data is
reduced when selecting only patients with low
steatosis grade by almost 25%.
1100 feature were computed using textural
algorithms shown in Table 1. A parameter search was
performed for each classifier, and the feature selection
algorithm was applied into the cross-validation loop.
The results for the lot where all the patients are
selected are presented in table.
Table 9 Discrimination rates for fibrosis stage
when considering three class divisions and
including all the patients, regardless of
steatosis grade.
Computed
statistic
Kappa statistic
AUC for N class
AUC for F23
class
AUC for F4
class

All
features
0.161
0.61
0.62

Chi
Square
0.42
0.77
0.78

CFS
0.257
0.68
0.67

0.63

0.82

0.728

The results in [3][4] indicated that a high fatty
infiltration can lower the detection of steatosis. Using
the same grouping as in table 9 we selected only the
patients having low steatosis grade. The results are
presented in Table 10.
From Table 9 one can see that using Chi square
feature selection algorithm the kappa value is 0.42.
From Table 10, the best kappa is 0.31 and is obtained

using CFS feature selection algorithm. This behavior is
somehow opposed to our previous findings.
Even high fatty infiltration could mask the fibrosis,
the increased number of samples in first data set (Table
9) gave us better results than those when we
considered fewer patients and low fatty (Table 10).
The results shown in both tables are better than
those obtained in our previous experiments. The main
reason is the increased data volume.
We can conclude that it is required to include more
patients into the study of fibrosis and chronic hepatitis.
Table 10. Discrimination rates for fibrosis
stage when considering three class division
and including patients with low steatosis
grade.
Computed
statistic
Kappa statistic
AUC for N
class
AUC for F23
class
AUC for F4
class

All
features
0.172
0.69

Chi
Square
0.23
0.691

CFS

0.66

0.693

0.72

0.68

0.73

0.75

0.31
0.73

Table 11. Discrimination rates for normal/ill
comparison when considering all the patients.
Computed
statistic
Kappa statistic
AUC for N
class
AUC for F234
class

All
features
0.15
0.6

Chi
Square
0.31
0.71

CFS

0.6

0.71

0.67

0.25
0.67

Table 12. Discrimination rates for normal/ill
comparison when considering patients with
low steatosis grade.
Computed
statistic
Kappa
statistic
AUC for N
class
AUC for F234
class

All
features
0.26

Chi
Square
0.35

CFS

0.68

0.77

0.79

0.68

0.77

0.79

0.38

In order to differentiate healthy from ill (chronic
hepatitis) patients we constructed two classes:
- N class, having control patients and fibrosis 1
patients
- F234 class having the rest of the chronic hepatitis
and cirrhotic patients.

We also constructed a group where only low
steatosis grade patients were selected. The results are
shown in Table 11 and 12.
This time the expected behavior was noted.
Selecting only low steatosis grade patients resulted into
an increased detection rates. Grouping all the patients
into only two classes had increased the data volume.

4.1. Activity grade detection
The initial results show that activity could be
detected if we eliminate the effect of fibrosis and
steatosis [10]. However, after we trained a classifier
with various activity grades (form normal to A3) the
results were disappointing. In every training case, all
the samples were classified into one class.

4.2. Feature selection
From the tables 9 to 12 one can see that the
performance of the classifier is improved when is used
a feature selection schema.
CFS and Chi Square feature selection schemas were
applied on the entire data set in order to investigate the
relevant features. The features selected by the CFS
algorithm were provided by Grey level co-occurrence
matrix, grey tone difference matrix, histogram statistic,
wavelet and multirezolution fractal dimension. The Chi
Square algorithm evaluates each feature and can
provide a ranking. The best features were
multirezolution fractal dimension, followed by GLCMcorrelation at several directions, wavelet, standard
deviation computed on histogram and contrast
computed from grey tone difference matrix algorithm.

5. Conclusions
Attenuation, backscattering and correlation
coeficients can be successfuly employed to distinguish
between
normal
liver
and
moderate/severe
steatohepatitis. They allow us to discriminate between
various steatosis grades even when there are
overlapping pathologies.
Textural coefficients are able to capture the
alterations produced by fibrosis. Using a subset of
these coefficients it is possible to train a classifier that
will be able to distinguish relatively healthy patients
from moderate and severe affected patients.
As the study progressed it was clear that increased
number of patients improve the results. Although it

was shown that severe steatosis can sometimes mask a
low stage fibrosis, in present paper we’ve obtained
better results when we considered all the patients,
including those with high fatty infiltration. By
including all the patients the volume of data is
increased by almost 25% which leads to better trained
classifiers.
A feature selection algorithm is very useful. Both
studied algorithms improved the results. No clear
distinction could be made in terms of improved
classification rates between CFS and Chi Square
algorithms. The best algorithm depends on the studied
problem. One can note that CFS feature selection
algorithm performed better when dealing with datasets
where only patients having steatosis grade 0 and 1
were selected. Chi square feature selection algorithm
performed better when dealing with datasets that were
constructed regardless of the patient steatosis grade.
The methodology presented here might be
positively biased by the fact that we used several ROI
extracted from each patient. It is possible that the
classification algorithm learns the specifics of a patient
and not the characteristics of the disease.
The results obtained by averaging the attribute
values from each ROI indicates that is possible to
compute one feature vector for a patient, feature vector
that is computed based on all the available ultrasound
images.
These results were tested only on attenuation
coefficients and not on textural attributes. It might be
possible that the average should not be the best
approach when dealing with textures. Some texture
processing algorithms can be easily altered in such a
way that multiple ROI’s can be considered. For
example, it’s easy to build a co-occurrence matrix
using pixels from two or more ROI. Unfortunately this
approach cannot be easily applied to other algorithms
(i.e. fractal dimension or wavelet)
The inclusion of other parameters (like clinical or
biochemical analysis) as features might increase the
detection performance obtained using only image
processing features. These parameters are obtained
during routine patient investigation by the physician.
In case of steatohepatitis disease, the fatty
infiltration can be accurately graded, but, in case of
chronic hepatitis only a qualitative assessment of the
fibrosis can be made.
More patients have to be investigated in order to
improve detection rates of the fibrosis.
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