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Abstract. The aim of this paper is to optimize the non-invasive diag-
nosis of malignant diseases by using a neural network approach. The
neural network is trained on EUS elastography sample movies concern-
ing tumors, previously processed and digitalized. The technique has
been applied in a concrete case of malignant and benign patients, the
accuracy obtained using this computer-aided diagnosis being signifi-
cantly high.
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1 Introduction

Recently developed methods of management in cancer diseases include a
routine use of biopsy of the affected organ. However, biopsy is an invasive
method, with inherent complications that may cause even the death of the
patient. Consequently, the use of non-invasive alternatives is highly necessary,
moreover since competitive computational technologies, which can be success-
fully employed towards this purpose, are currently available.

Endoscopic ultrasonographic elastography (EUSE) is a recent elasticity
imaging technique that reveals directly the physical properties of tissues. Thus,
in the images resulted after scanning, colors express the difference of elasticity
between healthy and diseased tissue [2].

Further on, these images are analyzed by doctors in order to establish if an
existing tumor is either malignant or benign. Unfortunately, this methodology
exhibits a major disadvantage due to the subjective means in which the human
factor may analyze a large range of color nuances.

In previous pilot studies [5], [6], [7], it is assessed the EUSE characteristics
of tumors using the dynamic image analysis performed by physicians, enhanced
by a statistical analysis of the (hue) histogram corresponding to the (near) best
image of each sample movie.
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In order to solve this deficiency that regards the way in which the images
are interpreted and that finally leads to major consequences as concerns the
given diagnosis, we propose the employment of neural networks that will be
trained to understand how to classify tumors as benign or malignant, based on
the analysis of previously digitalized images, obtained from the EUSE sample
movies.

2 Neural networks

Machine learning (ML), one of the broad subfield of the Artificial Intelli-
gence, is concerned with the development of algorithms and techniques that al-
low computers to "learn”. One of the main topics covered by ML is represented
by the artificial neural networks or, simply, neural networks (NN’s), also known
as neural computing, attempting to imitate the way a human brain works, by
creating connections between processing elements, the computer equivalent of
neurons.

NN is an information processing paradigm that is inspired by the way the
brain processes information. The key of this paradigm is the novel architecture
of the information processing system, consisting of a large number of highly
interconnected processing elements (neurons) working together to solve specific
problems.

NN’s represent a Computer Science discipline concerned with nonprogramm-
ed adaptive information processing systems that develop associations between
objects and response to their environment. The basic unit of any NN is rep-
resented by the artificial neuron, which captures the essence of the biological
neural model. Basically, the neuron receives a certain number of inputs z; and
sums them to produce an output. Usually the sums of each node are weighted
(the weight parameters w; ), and the sum is passed through the activation func-
tion, to produce the output of the neuron.

There are three phases in neural information processing: the training phase,
the testing phase and the using phase. In the training phase, a training dataset
is used to determine the weight parameters w; that define the neural model.
This trained neural model will be then tested on a testing dataset, different
from the training dataset, in order to check up the model performance on a new
dataset. Finally, the network will be used later in the using phase to process
real, unknown, patterns, yvielding classification results.

One of the most used NN’s is the multi-layer perceptron (MLP).

A MLP has three distinctive characteristics, making it capable, at least
theoretically, to represent a wide range of computable functions:

— The model of each neuron in the network usually includes a smooth (i.e.
differentiable everywhere) nonlinear activation function, as opposed to the
Rosenblatt’s perceptron, generalizing the input-output relation of the net-
work;
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— The network contains one or more layers of hidden neurons that are not
part of the input or output of the network, enabling the network to learn
complex tasks by extracting progressively more meaningful features from
the input data;

— The network exhibits a high degree of connectivity between neurons.

Remark. Note that networks with just two layers are capable of approxi-
mating any continuous function.

The architecture of NN (number of neurons and topology of connections)
can have significant impact on its performance in any particular application.
Various techniques have been developed for optimizing the architecture, in
some cases as part of the network training process itself. Techniques such as an
exhaustive search through a restricted class of network architecture, pruning
algorithms or network committee and mixture of experts are commonly adopted
in practice.

To conclude, in the training mode, NN is trained to associate outputs with
input patterns. When the NN is used, it identifies the input pattern and tries to
output the associated output pattern. If a pattern that has no output associated
with it is given as an input, NN gives the output that corresponds to a taught
input pattern that is least different from the given pattern. For more details
concerning NN’s, see [1], [3], [8].

3 Material

A number of 66 individuals were examined by EUSE during a 6-month
period at the Department of Gastrointestinal Surgery, Gentofte University
Hospital, Hellerup, Denmark and the Endoscopy Laboratory Department of
Gastroenterology, University of Medicine and Pharmacy of Craiova, Roma-
nia. Cancer patients with various primary tumor locations staged by EUSE
were also included in the group. The medical examination has been performed
by two experienced EUS examiners in a typical clinical setting with previous
knowledge of the patient’s underlying disease.

Each acquired EUSE sample movie is subjected to a computer-enhanced
dynamic analysis using a public domain Java-based image processing tool (de-
veloped at the National Institutes of Health, Bethesda, Maryland [4]).

By digitalizing each EUSE 25 seconds sample movie and summarizing it
under a vector (string) form (a1, as,..., asss), representing an average (hue)
histogram of the 255 hues colors (RGB), the NN’s technique is ready to be
applied.

4 Neural network implementation and results

During the classification process concerning the tumors types, we have used
only the multi-layer perceptron (MLP) model. In order to optimize the diag-
nosis process, we have run the NN software by choosing different settings of
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the model, concerning the number of input variables in the network and the
number of hidden layers in the network, representing the NN model complexity.

In order to evaluate the classification efficiency, two main metrics have been
computed: (a) TError = the training error (i.e. the error in the learning process
of the NN) and (b) TeError = the testing error (i.e. the error in the testing
process of the NN). Basically, the testing error provides the final check of the
performance of the NN.

Since the database contains a pretty small number of cases, as testing
method the 10-fold cross-validation has been used. Accordingly, the classifi-
cation accuracy is computed 10 times, each time leaving out one of the sub-
samples from the computations and using that sub-sample as a test sample for
cross-validation, so that each sub-sample is used 9 times in the learning sample
and just once as the test sample. The best results obtained using this computer
aided diagnosis, running the NN model, are depicted in Table 1, proving the
suitability and success of this methodology.

Table 1. NN classification performance

No. inputs|No. hidden layers| TError| TeError
3 8 21.29%|  2.03%
53 30 1.42% |3.13E — 09%
235 37 0.99% |2.80F — 07%

5 Discussions and conclusions

The methodology we have developed, based on processing the EUSE digi-
talized sample movies of tumors, enables exploration and analysis by automatic
means of large quantities of data, in order to obtain an optimal prediction of
cancer, by using a noninvasive methodology.

Accordingly, the purpose of this paper is to demonstrate the suitability
and ability of the NN model in computer-aided diagnosis problems, seen as an
objective and reliable classifier of tumors dynamic images.
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Abstract. Endoscopic ultrasound elastography (EUS elastography) is
a recent elasticity imaging technique allowing assesing the difference
between malignant and benign tumors. The method characterizes the
difference of hardness between diseased tissue and normal tissue. This
information can recently be obtained during real-time scanning, the
results being shown in a color sample movie. The aim of this paper is
to perform an exploratory data analysis of the digitalized sample movie,
in order to provide an optimum input for a subsequent application of
the intelligent systems in the computer-aided diagnosis process. The
technique has been applied in a concrete case of malignant and benign
patients, with a high performance using neural networks as clasifier.
Keywords: noninvasive cancer detection, endoscopic ultrasound elas-
tography, digitalized sample movie, exploratory data analysis
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1 Introduction

Palpation of the body is the classical method used by physicians to detect
the presence of abnormalities that might indicate pathological lesions, usu-
ally because the mechanical properties of diseased tissue are typically different
from those of the normal tissue that surrounds it. Recently developed methods
of management in cancer diseases to replace palpation include a routine use
of biopsy of the affected organ. However, biopsy is an invasive method, with
inherent complications that may cause even the death of the patient. Conse-
quently, the use of non-invasive alternatives is highly necessary, moreover since
competitive computational technologies, which can be successfully employed
towards this purpose, are currently available.

Because the mechanical properties of normal and diseased tissues are of
pathological relevance, the development of a direct measure of tissue elasticity
would be very important for the characterization of lesions, in addition to the
information already obtained by conventional imaging methods. Endoscopic
ultrasonographic elastography (EUSE) is a recent elasticity imaging technique
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that reveals directly the physical properties of tissues. The method charac-
terizes the difference of hardness between diseased tissue and normal tissue.
This information can recently be obtained during real-time scanning, the re-
sults being shown in color superimposed on the conventional grey-scale image.
Therefore, in the images resulted after scanning, colors express the difference
of elasticity between healthy and diseased tissue.

An efficient noninvasive diagnosis procedure, based on machine learning
techniques, needs an accurate digitalized correspondent of the EUSE output,
represented by a sample movie.

In order to assess the issue regarding the way in which the sample movies
are interpreted and that finally leads to major consequences as concerns the
given diagnosis, we propose the employment of exploratory data analysis tech-
niques in order to preprocess and transpose the corresponding digitalized sam-
ple movies into a vector (string) pattern that will be used in the subsequent
machine learning process.

2 Exploratory data analysis

Exploratory Data Analysis (EDA) is closely related to the concept of Data
Mining (DM). DM is becoming increasingly popular as a business information
management tool, where it is expected to reveal knowledge structures that can
guide decisions in conditions of limited certainty. An important difference in
the focus and purpose between DM and EDA is that DM is more oriented
towards applications than the basic nature of the underlying phenomena.

As opposed to traditional hypothesis testing designed to verify a priori
hypotheses about relations between variables, EDA is used to identify system-
atic relations between variables when there are no (or not complete) a priori
expectations as to the nature of those relations.

Computational EDA methods include both simple basic statistics and more
advanced multivariate exploratory techniques, designed to identify patterns in
multivariate data sets. A large selection of powerful exploratory data analytic
techniques is also offered by graphical data visualization methods that can
identify relations, trends, outliers and biases "hidden” in unstructured data
sets.

Perhaps the most common and historically first widely used technique ex-
plicitly identified as graphical EDA is brushing, an interactive method allowing
the (on-screen) selection of specific data points or subsets of data and the iden-
tification of their characteristics, or of their effects on relations between relevant
variables. One of many applications of the brushing technique is to select (high-
light) in a matrix scatterplot all data points that belong to a certain category
(e.g. the black and white frame within the framework of a color sample movie).



Exploratory Data Analysis of Medical Sample Movies 23

3 Transforming EUSE sample movies into numerical
database

EUSE was recently reported to offer supplemental information that appears
to obtain a better characterization of tissue and that might enhance conven-
tional EUS imaging [1]. It was developed to analyze structures in real time,
with the information being represented in transparent color sample movies.
Basically, the EUSE is performed during the EUS examinations with one sam-
ple movie of 25 seconds, recorded on the hard disk drive embedded in the EUS
sono-elastography module, used in conjunction with a linear endoscope, in order
to minimize the variability and to increase the reliability of the image acquisi-
tion. Each acquired EUSE sample movie is subjected to a computer-enhanced
dynamic analysis using a public domain Java-based image processing tool (de-
veloped at the National Institutes of Health, Bethesda, Maryland [2]). Different
elasticity values are marked with different (hue) colors (on a scale of 1 to 255)
and the EUSE information is shown as color sample movie. Technically, a EUSE
sample movie (dynamic image) consists in a sequence of 125 frames (static im-
ages). The system uses by default a rainbow color-coded map red-green-blue
(RGB), where hard tissue areas are marked with dark blue, medium hard tissue
areas with cyan, intermediate tissue areas with green, medium soft tissue areas
with yellow, and soft tissue areas with red. Moreover, the system provides the
corresponding color histograms of each frame of the sample movie. Recall that
in computer graphics and photography a (hue) color histogram is a representa-
tion of the distribution of colors in an image, derived by counting the number
of pixels of each of given set of color ranges in a typically two-dimensional (2D)
color space. We illustrate a sample movie frame and its corresponding (hue)
histogram in the case of a malignant tumor in Figure 1.
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Fig. 1 EUSE sample movie frame and corresponding (hue) histogram
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In order to apply the machine learning methodology to differentiate between
the sample movies, characterizing either benign or malignant tumors, we firstly
need to digitalize them (Java-based image processing technique). Since the
corresponding EUSE sample movie (dynamic image) consists in a sequence of
125 frames (static images) displaying 255 colors, then, from mathematical point
of view, to each sample movie corresponds a 125 x 255 matrix (a;;), each row
representing a certain frame of the sample movie and each column representing
a pixel color.

In previous pilot studies [3], [4], [5], we tried to assess the EUSE charac-
teristics of tumors using the dynamic image analysis performed by physicians,
enhanced by a statistical analysis of the (hue) histogram corresponding to the
(near) best image of each sample movie.

4 Exploratory data analysis of the digitalized sample
movies

Summarizing, to each patient corresponds a 25 seconds EUSE sample movie,
converted into a 125 x 255 matrix, representing the distribution of colors, cor-
responding to the tumor elasticity. By analyzing the distribution of colors, it
is possible to detect between benign and malignant tumors. So far, the EUSE
image analysis has been performed using the human perception of color hues
(enhanced by statistical tools) only. Computer-enhanced dynamic analysis of
the sample movies is the objective of our current study, with a consequent clas-
sification of the benign and malignant tumors based on the digitalized image
analysis performed using the machine learning methodology.

Firstly, since the EUSE database consists in raw data, it is compulsory to
previously perform an exploratory data analysis in order to detect outliers and
unusual patterns. Unfortunately, due to technical features of the image acqui-
sition, most of the EUSE sample movies contain a certain number of black
and white frames, which represent outliers of the database, making difficult
the decision process. Such frames are recognized by using a brushing technique
(both visualization and analytical approaches) to highlight in the matrix plot
all data points that belong to this category. Concretely, such a black and white
frame is characterized by a very few number of different values, since the frame
does not contain color hues, but a grey scale only. Accordingly, the correspond-
ing histogram contains extreme values (outliers) equaling either zero or very
large values (for hues of black and white). Afterwards, these frames (rows in
the corresponding matrix) will be deleted. Next, since the color frames contain
marginal colors hues of the RGB spectrum, making difficult the postprocessing
stage, by a brushing method of filtering the extreme hues the corresponding
matrix will contain only the main information.

Secondly, since the natural input of the intelligent systems is represented
by vectors (strings), we need a way of summarizing the main characteristics
embedded in the matrix corresponding to EUSE sample movie in a vector
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pattern. Since a,; represents the frequency of the (hue) color j in the i-th frame,
125

then a; = 4= Zlaij represents the mean frequency of the (hue) color j in the
=

sample movie. Consequently, the vector (a1, ag, ..., az2s5) -in the general case of

all colors hues presented- represents an average (hue) histogram summarizing

the information provided by a EUSE sample movie.

In Figure 2 and Figure 3 the (hue) histograms of both black and white and
preprocessed color frames are displayed.

Hue histeg mm fbiack & whitel

Fig. 2 The (hue) histogram corresponding to a black and white frame

Hue hisogram (color)

Fig. 3 The (hue) histogram corresponding to a color frame
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5 Material and results

A number of 66 individuals were examined by EUSE during a 6-month
period at the Department of Gastrointestinal Surgery, Gentofte University
Hospital, Hellerup, Denmark and the Endoscopy Laboratory Department of
Gastroenterology, University of Medicine and Pharmacy of Craiova, Roma-
nia. Cancer patients with various primary tumor locations staged by EUSE
were also included in the group. The medical examination has been performed
by two experienced EUS examiners in a typical clinical setting with previous
knowledge of the patient’s underlying disease.

EUS, EUS-FNA and EUSE of the tumors were performed during the same
EUS examination with a Hitachi 8500 US system with an embedded SonoElas-
tography module (Hitachi Medical Systems Europe Holding AG, Zug, Switzer-
land), used in conjunction with a EG 3830 Pentax linear endoscope (Pentax,
Hamburg, Germany).

Once the numerical database constructed using the above EDA techniques,
it can be processed by machine learning techniques in order to obtain an opti-
mum decision concerning the tumor types.

Basically, departing from the numerical database containing the average
digitalized form of scanned images of different tumoral tissues, together with the
corresponding diagnosis that was established, without any doubt by doctors,
the intelligent systems are trained to learn to associate a certain color pattern
to the corresponding diagnosis (benign/malignant).

Concretely, in a neural network approach, an accuracy ranging between
96% and 99.99% has been obtained, proving the efficiency of both this image
exploratory/processing technique and the neural network classification power.

6 Discussion and conclusions

The EUSE was recently reported to offer supplemental information that
appears to obtain a better characterization of tissue and that might enhance
conventional elasticity imaging procedures. The methodology we have devel-
oped, based on processing and analyzing images, enables exploration by Ar-
tificial Intelligence means of the EUSE digitalized sample movies, in order to
obtain an optimal prediction of cancer, by using a noninvasive methodology.

Accordingly, the purpose of this paper is to demonstrate the suitability
and ability of EDA techniques in computer-aided diagnosis problems, seen as
a reliable tool of the dynamic tumors images analysis.
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