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IINNTTRROODDUUCCTTIIOONN

Liver carcinoma is one of the leading
causes of death from cancer in developing
countries. The most useful way to reduce deaths
due to liver cancer is to treat the disease in the
early stages. Early treatment requires early
diagnosis, and early diagnosis requires an
accurate and reliable diagnostic procedure that
allows physicians to differentiate benign hepatic
tumors from malignant ones. The most common
medical imaging studies for early detection and
diagnosis of liver cancers include ultrasonography

(US), computed tomography (CT), magnetic
resonance (MR) imaging and angiography.
Although ultrasonography is non-invasive and
does not emmit radiation, it is very operator-
dependent. Furthermore, the images are non-
specific for diagnosing benign and malignant
lesions based on echogenecity. MR imaging, with
its endogenous high tissue contrast and multi-
planar capability, can accurately detect and
differentiate liver tumors. However, the
examination is very expensive and therefore is not
as popular as CT. Angiography is an invasive
procedure with potential complications.
Routinely, non-enhanced CT is included as a part
of CT examination. This set of images alone
cannot afford conclusive diagnostic information.

OObbjjeeccttiivveess..  Computed tomography (CT) after iodinated contrast agent injection is highly

accurate for diagnosing liver tumors but may cause renal toxicity and allergic reaction. This

study aimed to evaluate the potential role of the neural network in the differential diagnosis of

liver tumors in non-enhanced CT images.

MMeetthhooddss..  We studied 164 hepatic lesions including 80 malignant tumors and 84 hemangiomas.

Each suspicious tumor region in the digitized CT image was manually selected. The textural

information of the sub-image was extracted and then the multilayer perception (MLP) neural

network classified the tumor as benign or malignant according to auto-covariance features. In

the experiment, all hepatic lesions were sampled with k-fold cross-validation (k = 10) to evaluate

the performance.

RReessuullttss.. The accuracy of the proposed computer-aided diagnosis (CAD) system for classifying

malignancies was 80.5%, the sensitivity was 75.0%, the specificity was 85.7%, the positive

predictive value was 83.3% and the negative predictive value was 78.3%.

CCoonncclluussiioonnss..  This system differentiates benign from malignant liver tumors with relatively

high accuracy and is therefore clinically useful in reducing the need for iodinated contrast agent

injection in CT examination. Because the neural network is trainable, it could be further

optimized by including a larger set of tumor images.  ( Mid Taiwan J Med 2004;9:141-50)
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Acquisition of arterial phase and portovenous
phase images after bolus injection of iodinated
contrast agent is highly accurate for diagnosing
liver tumors but may cause renal toxicity and
allergic reaction.

A computer-aided diagnostic (CAD) system
has been proposed for diagnosing liver cancer
because of the difficulty of such diagnoses in
conventional imaging modalities. A neural
network classifier was designed to diagnose
hepatic masses in the abdominal ultrasonographic
images [1]. In their study, Maclin et al found that
the overall accuracy of abdominal ultrasound was
75%. Recently, Yoshida et al purposed a method
of wavelet-based texture analysis for
distinguishing benign from malignant focal liver
lesions in B-mode ultrasound images [2].
Multiscale wavelet texture features were selected
to classify focal liver lesions by an artificial
neural network. Neural networks have proven to
be an interesting and useful alternate processing
strategy [3] and may be applied productively to
problems in early detection and diagnosis of
cancer [4]. Specific applications of artificial
neural networks for cancer detection and
diagnosis [5-9] include breast cancer, liver cancer
and lung cancer. This study employs the
multilayer perception (MLP) as a neural network
model to determine whether a liver tumor in CT
images without iodinated contrast agent injection
is benign or malignant. This CAD system exploits
the nonlinearity of the neural network to classify

the non-enhanced CT images of liver tumor more
accurately. The neural network classifier is a
reliable choice for the proposed CAD system
because it trains well and computes efficiently. 

MMAATTEERRIIAALLSS  AANNDD  MMEETTHHOODDSS

General image processing techniques which
assist in locating the focus of tumors in CT
images [10] include contrast enhancement
transformation, sharpening filtering and noise
reduction filtering. In this paper, hepatic tumors
in non-enhanced CT images were identified first.
The proposed system employed the intensity
variation and inter-pixel texture information of
the non-enhanced CT images to diagnose liver
tumors. The rectangular sub-image of the
suspicious tumor region was first extracted, and
then the computer analyzed the sub-image to
make a differential diagnosis.   

Data Acquisition
The 164 non-enhanced hepatic tumor

images were added to the CT image database.
These images were collected from September
2001 to August 2002. All CT examinations were
performed by a Picker PQ 5000 CT scanner
(Picker International, Highland Heights, Ohio). In
order for CT images to be included in this study,
the lesion needed to be smaller than 5 cm, visible
in pre-enhanced CT image sets, and needed to be
tumor in nature according to post-enhanced CT
images and clinical data. The database was
divided into two groups. The malignant group

Fig. 1. A: A 906 906 full CT. B: The suspicious tumor region, captured with a resolution of 68 56 pixels.
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consisted of 80 images including primary
hepatocellular carcinoma (n = 68) and metastatic
tumors (n = 12). The benign group included 84
hemangioma images. Hepatocellular carcinoma
was diagnosed by significantly elevated alpha-
fetoprotein (n = 68) and pathology (n = 32). Post-
enhanced CT images in these 68 tumors also
showed typical features of hepatocellular
carcinoma, namely, well-enhanced hyperdense
lesions in arterial phase images and washout
hypodense lesions in portovenous images. All
metastatic tumors were from colon and showed
typical imaging features of poorly enhanced
lesions in CT.

The suspicious tumor region was then
saved as a digital image for later analysis by the
proposed CAD program. Fig. 1A illustrates a
digitized monochrome CT image. Fig. 1B
presents a suspicious tumor region.    

Textural Analysis
This study identified liver tumors by

correlating the features between neighboring
pixels within the images. The 2-D normalized
auto-correlation coefficients [11] reflected the
inter-pixel correlation within an image. The
coefficients were further modified into a 
mean-removed version to generate similar auto-
covariance features for images with different
brightness but with similar texture. The modified
auto-covariance coefficients between pixel (i, j)

and pixel (i+∆m, j+∆n) in an image with size M
N were defined as 

,            [3]

[4]
where f is the mean value of f(x,  y). The
coefficients for each sub-image of suspicious
tumor region served as the inter-pixel features to
distinguish the differences between benign and
malignant tumors.   

Image Enhancement
Different tissues in a CT image have

significantly different textures. The textural
information extracted from CT images can
differentiate hepatic tumors. However, the CT
scan without iodinated contrast agent injection is
the cause of the unapparent textural information
in an image. Thus, in this study, image
enhancement was carried out before the
extraction of textural features. The principal
objective of enhancement is to pre-process the
tumor sub-image so that the result is more
suitable than the original for textural analysis. In
image processing, histogram manipulation can
effectively enhance an image [10]. Histogram
equalization is a good approach because it
automatically enhances digital images and the

γ(∆m,∆n) = 1 –
A(0,0) 

A(∆m,∆n) 

A(∆m,∆n)  =  ∑
M– 1– ∆m

x = 0

∑
N– 1– ∆n

y = 0

(f (x,y)–f ) (f (x+∆m, y+∆n)–f )  ,   

(M-∆m) (N-∆n) 
1

Fig. 2. A: A circular region of tumor and the corresponding histogram. B: The result of histogram equalization and the
corresponding histogram.
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results are predictable. Thus the proposed system
employs histogram equalization to preprocess the
CT images. In a digitized image with gray levels
in the range [0, L-1], the histogram is a discrete
function h(ri) = ni, where ri is the ith gray level
and ni is the number of pixels in the image with
gray level ri. The mapping function of histogram
equalization is 

[5]

where pr(ri) is the probability of occurrence of
gray level ri in an image and approximated by 

[6]

where n is the total number of pixels in the image.
The preprocessed image is obtained by mapping
each pixel with gray level ri in the input image
into a corresponding pixel with gray level si. Fig.
2A shows the preprocessed image and its
corresponding histogram. Fig. 2B shows the
counterparts after histogram equalization. The
result shows significant improvement in image
contrast. Although histogram enhances noise in

the image, we have found that the differential
effect of the auto-covariance coefficients is
improved. The increase in contrast was enough to
render the more conspicuous textural features.
Thus, the histogram equalization method was
employed in this proposed system as an adaptive
enhancement tool.   

Neural Network Classification
A multilayer perception (MLP) neural

network [12] consists of hidden layers. The
function of neurons in the hidden layer is to
arbitrate between the input and the output of the
neural network. All of the neurons in the MLP are
nonlinear and each one is responsible for
producing a hyperplane of its own in decision
space. The input vector is first supplied to the
source nodes in the input layer of the MLP. The
neurons of the input layer constitute the signals
applied to the neurons of the hidden layer. The
output results of the hidden layer are employed as
inputs to the next hidden layer. The output layer
eventually generates the results and terminates the
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A'(0,1)
A'(1,0)
A'(0,2)
A'(1,1)
A'(2,0)
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A'(3,0)
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Table 1. The mean, standard deviation, and mean difference between the preprocessed image features for
malignant cases and benign cases (∆m and ∆n are 5)

Malignant cases

0.902
0.919
0.835
0.860
0.852
0.802
0.808
0.816
0.812
0.776
0.777
0.781
0.782
0.783
0.750
0.753
0.755
0.755
0.741
0.732
0.732
0.737
0.711
0.732

Benign cases

Mean Mean
0.905
0.922
0.843
0.867
0.858
0.813
0.818
0.827
0.821
0.790
0.791
0.795
0.796
0.795
0.768
0.771
0.773
0.772
0.610
0.753
0.753
0.605
0.735
0.600

0.016
0.015
0.023
0.021
0.023
0.030
0.029
0.028
0.028
0.035
0.037
0.036
0.034
0.032
0.041
0.042
0.041
0.040
0.047
0.047
0.045
0.048
0.050
0.049

Std. Dev. Std. Dev.
0.018
0.018
0.025
0.027
0.027
0.030
0.034
0.034
0.032
0.035
0.039
0.040
0.039
0.036
0.043
0.045
0.044
0.043
0.058
0.048
0.047
0.057
0.050
0.056

Mean 
difference

0.004
0.002
0.008
0.006
0.006
0.011
0.011
0.011
0.009
0.014
0.014
0.014
0.014
0.012
0.017
0.017
0.018
0.017
0.131
0.021
0.021
0.132
0.024
0.132

si = Τ(ri) = ∑  pr(ri)  i = 0,1,2,...,L–1,
j = 0

i

pr (ri) =          i = 0,1,2,...,L–1,ni

n
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MLP computing procedure. Among the learning
algorithms used to train the MLP, the back-
propagation algorithm is the most common. This
learning method renders the MLP with a high
learning capability and computational efficiency.
First, the input signals are computed and passed
through the MLP neural network, layer by layer.
Then the neurons in the output layer generate the
output signals of the neural network. By
comparing the output response of the MLP with
the desired response, error signals will be
produced. In the back-propagation algorithm,
some free parameters can be adjusted by referring
to the error signals. The procedure can minimize
the distortion of the output. This study executes
the back-propagation learning algorithm for the
training set and then produces the synaptic weight
vectors that will be applied to the MLP classifier.
The proposed CAD classifies the benign and
malignant tumors in the diagnostic model by
applying the final synaptic weight vectors to the
MLP.

This study utilized the modified version of
the 2-D normalized auto-covariance matrix for
the input of the neural network. The dimension 
of the matrix can be fixed for any size of 
image. In this work, both ∆m and ∆n are 5, so an
equalization of a preprocessed CT image
produces a 5 5 auto-covariance matrix, i.e. 25
auto-covariance coefficients. The value of γ (0, 0)
is always 1 for a normalized auto-covariance
matrix. Excluding the element γ (0, 0), other auto-

covariance coefficients are formed as a 24-D
image feature vector. The 24-D textural feature
vector and a predefined threshold of input layer
are used as the input signals of the neural
network. Moreover, the value produced by the
output node indicates whether a tumor image is
benign or malignant. The output value of the
neural network is either 0 or 1. When the output
value of a sub-image of suspicious tumor region
is near enough to 1, the system will classify the
tumor in the CT image as malignant. Conversely,
when the output value is close to 0, the tumor will
be diagnosed as benign.

The architecture of the MLP model is
simple, it redresses easily, and it is appropriate for
hardware design. Besides, the learning process
can be reused to produce a new set of synaptic
weight vectors by adjusting the free parameters or
by adding some distinct training samples to the
training set. The performance of the system can
be controlled by a new synaptic weight vector for
the neural network. Notably, the neural network
modules can redress synaptic weight vectors
without modifying the other functions.   

RREESSUULLTTSS

Table 1 lists the mean and standard
deviation of the equalization preprocessed image
feature vector (auto-covariance coefficients with
∆m and ∆n are 5) for malignant cases and benign
cases, and the mean difference between the two
groups. The significant mean differences of the

Fig. 3. Diagram of the mean differences between the auto-
covariance coefficients for malignant cases and benign cases
from the preprocessed and nonenhanced CT images.

Fig. 4. Structural graph of MLP neural network used in this
study (with 25 input nodes, 10 hidden nodes, and a single
output node).
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two groups can prove whether auto-covariance
coefficients are good features for distinguishing
malignant and benign cases. With larger values of
∆m + ∆n, the mean difference is larger. Moreover,
the preprocessed image feature coefficients are
quite conspicuous in comparison with the original
image feature coefficients, as illustrated in Fig. 3.

The k-fold cross-validation method [13]
estimates the performance of the proposed CAD
system. The 164 CT images in the database are
randomly divided into k groups. The first group
was set aside and the remaining (k 1) groups
were used to train the MLP. The study used an
MLP with 25 input nodes, 10 hidden nodes, and a
single output node, as illustrated in Fig. 4. For the
back-propagation learning algorithm, the initial
synaptic weights were produced by a random
number generation function at a floating interval
[0 - 0.00001]. The learning rate parameter 
η = 0.02 was chosen to produce the final synaptic
weight vectors because of the trade-off between
the classification performance and computational
speed. The training procedure was stopped when
the improvement of error distortion was smaller
than 0.001. Moreover, the maximal number of
iterations was limited to 10,000. Once trained, the

MLP was then tested on the group that was set
aside. The second group was then removed, and
the remaining (k 1) groups were trained and the
network tested on the excluded group. This
process was repeated until all k groups had been
used in turn as the group that is set aside and used
for testing. In the simulations, the value of k was
10. Table 2 lists the performance for different
threshold values. With a threshold of 0.5, the
system correctly identified 60 out of 80 of the
malignant tumors and 72 out of 84 of the
hemangiomas. Table 3 lists the number of cases
misdiagnosed by the CAD (threshold = 0.5). The
accuracy of the proposed CAD system for
predicting malignancy was 80.5% (132/164), the
sensitivity was 75.0% (60/80), the specificity was
85.7% (72/84), the positive predictive value
(PPV) was 83.3% (60/72), and the negative
predictive value (NPV) was 78.3% (72/92). Table
4 lists the classification of liver lesions with the
proposed system and without any preprocessing
enhancement. We also used the chi-squared test to
prove that preprocessing enhancement is helpful
in classifying tumors. Summary of performances
including the accuracy, sensitivity, specificity,
positive predictive value, the negative predictive

AccuracyThreshold

0.90
0.55
0.50
0.45
0.10

0.63
0.75
0.81
0.76
0.60

Table 2. The performance of MLP neural network for different threshold values

False negatives

56
25
20
20
9

False positives

5
12
12
19
48

Proposed system (threshold = 0.5)

Malignant cases
Test Set

1
2
3
4
5
6
7
8
9

10

2/8
3/8
0/8
1/8
4/8
2/8
1/8
3/8
3/8
1/8

Benign cases

0/9
2/9
3/9
1/9
0/8
2/8
2/8
1/8
0/8
1/8

Table 3. The number of cases misdiagnosed by the proposed CAD for each test set in the image database



value and p value among these different features
is listed in Table 5. The improvements in
accuracy, specificity, positive predictive value,
and negative predictive value with the
preprocessing enhancement were statistically
significant (p < 0.01, p < 0.025, p < 0.025, p <
0.01, respectively; chi-squared test). Our results
showed that diagnostic performance improved
after the enhancement of the CT images by
histogram equalization.     

DDIISSCCUUSSSSIIOONN

CT is one of the major imaging modalities
for diagnosing liver lesions. Its diagnostic role for
this category of disease depends on multiple sets
of images, including non-enhanced and enhanced
arterial and enhanced venous phase images. Non-
enhanced CT is usually for diagnosing
parenchymal disease such as fatty liver,
calcification, and location of focal liver lesions
that can be taken as a reference compared with
those of enhanced CT images. Highly accurate
diagnosis of different kinds of liver lesions
requires dynamic information of contrast
enhancement afforded in different phases of CT
images. Malignant liver tumors, including
primary and metastatic ones require aggressive
treatments such as operative resection, minimally
invasive tumor ablation, transarterial chemoem-
bolization, or systemic chemo/or radiotherapy.

Benign liver lesions such as hemangioma,
requiring no further management, are very
commonly seen in daily clinical practice and have
a typical imaging feature in post-enhanced CT
images. Exclusion of this category of benign
lesions is therefore important.

The idea for this study came from the
assumption that since hemangioma is a blood-
pooling cystic lesion, the CT density number of
its pixels might differ from those of malignant
liver tumors that are usually solid. Texture
characteristics can therefore be analyzed by non-
enhanced CT images alone. This technique omits
multiple acquisitions of CT images within single
CT examination, thereby reducing the irradiation
dose to the patient and omitting administration of
iodinated contrast agent. The potential renal
toxicity and allergic reaction caused by injected
contrast agent can be avoided.

The reason commonly cited in the literature
for using the neural networks to resolve problems
is multi-faceted and varied. The ability of MLP to
extract higher-order statistics is particularly
valuable when the dimension of the input vector
is large. Moreover MLP can learn from
experience to solve difficult problems.
Conventional discrimination algorithms, such as
discriminate analysis and tree-based classifiers,
always fail to achieve the prospective objective.
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Proposed system

Benign*

Computed tomography
classification

Benign
Malignant
Total

TN72
EP12

84

Malignant*

TN20
TP60

80

Without enhancement

Benign*

TN58
FP26

84

Malignant*

FN29
TP51

80

Table 4. Classification of liver tumors with and without preprocessing enhancement

*Histological finding. TN = true-negative; FN = false-negative; FP = false-positive; TP = true-positive.

Parameter Proposed system Without enhancement p*
Accuracy (%)
Sensitivity (%)
Specificity (%)

PPV (%)
NPV (%)

80.5
75.0
85.7
83.3
78.3

66.5
63.8
69.0
66.2
66.7

< 0.01
NS

< 0.025
< 0.025
< 0.01

Table 5. Performance summary for the proposed CAD system on the image database with threshold = 0.5

*p value was obtained by the chi-squared test. NS = not significant; Accuracy = (TP+TN)/(TP+TN+FP+FN); Sensitivity =
TP/(TP+FN); Specificity = TN/(TN+FP); PPV = TP/(TP+FP); NPV = TN/(TN+FN).
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MLP generalized from the training samples
performs well on independent test data.

CAD systems have been developed to
diagnose many human diseases [1,3,5,8,14-19]. 
A capable CAD is able to assist radiologists 
and physicians in detecting lesions and in
differentiating benign from malignant lesions on
medical images. The results produced by CAD
can be used as a "second opinion" to assist
radiologists in their interpretations and improve
diagnostic accuracy [20-25]. Various CAD
systems help radiologists diagnose breast cancer,
liver cancer and lung cancer more accurately.
Clearly, CAD has practical value in radiological
diagnosis. Radiological physicists and technicians
who have a strong interest in CAD research will
be good partners for radiologists in developing
CAD systems. In this paper, the proposed CAD
system diagnosed liver tumors using inter-pixel
texture within the non-enhanced CT image. Based
on the specificity and sensitivity of our results, we
expect that the proposed system will be a helpful
tool for classifying benign and malignant tumors
in non-enhanced CT images, and will provide a
second reading to reduce misdiagnosis.

Several limitations exist in this study. Liver
lesions not identified in non-enhanced CT images
could not be analyzed by this proposed CAD
method. Benign liver tumors such as adenoma
and focal nodular hyperplasia, although not
commonly encountered in our daily practice, were
not included in this study. This might have led to
false positive diagnosis of malignant tumors. The
inter-pixel texture analysis could not further
differentiate primary from metastatic liver lesions
because of their similar solid nature.

With the growth of the database, more and
more cases will be collected and used as training
sets. The learning procedure may therefore
become more time consuming. Generally
speaking, the selections of initial parameters, i.e.
learning rate, number of hidden layers and
number of hidden nodes, will affect the diagnostic
result of CAD system. However, the MLP neural
network is still an appropriate choice for
differentiating benign and malignant tumors
because it is very capable of learning from

historical cases. Further studies are under way
using other representative classifiers, such as the
support vector machine (SVM) and unsupervised
learning models on a larger test set of tumor
images.      
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