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Abstract: (LIBS) technique was used to diagnose liver cancer. Radiation from Nd: YAG laser at 532 nm with 5.7x10 8 W/cm2 was used
to initiate plasma on surface of liver tissue. The light emitted was analyzed which allowed detection of trace elements in malignant
tissue. Twenty six malignant samples in the age range from 6 to 56 years were categorized into 4 sets with different levels of malignancy
depending on histological analysis. The following trace elements Mg, K, Ca, Na, Fe, Mn and Cu were identify. The concentration of the
different trace elements was found to steeply rise with category #1 in the malignant tissues in comparison to the normal (Zero) ones by
a factors of x 6.5, 2.5, 7, 4.5, 7, 6.5, 2.5, respectively with a further increase as we pass from category #2 to #4, with much slower rates.
The results from the LIBS-Technique were fed-back to an artificial neural network (ANN) to take a decision about the classification of
the cancer. A confirmation of about 80 % was found in close agreement with standard documented international values.
Keywords: LIBS, Liver Cancer, ANN, OES.

1. Introduction

looking at calcium and magnesium amounts [12].

LIBS-is an acronym standing for "Laser Induced Breakdown
Spectroscopy". The technique is based on analyzing light
emitted from plasma generated by interaction of a high power
lasers with matter (solid, liquid or gases). Assuming that light
emitted is sufficiently influenced by the characteristic
parameters of the plasma, the analysis of this light clears
considerable information about the elemental structure and
concentration in the irradiated samples [1]. The LIBStechnique becomes one of the most applied chemical
analytical techniques because of its inherent well known
advantages e.g. reliability, minimal destructive, non-contact
optical nature, freedom from sample preparation [2] and
acceptable limit of detection [3]. The biomedical applications
of LIBS can be broadly classified into two categories [4];
first is the analysis of human clinical specimens (which may
be teeth, bones, tissue samples, blood or other fluid samples)
[5] and second the analysis of microorganisms (e.g. bacteria,
moulds, yeasts) that can infect human objects and cause
disease [6].

LIBS has already been used to effectively distinguish normal
and malignant tumor cells from histological sections and to
characterize several types of human malignancies [13], to
determine the trace metal concentrations in human hair and
skin samples [14, 15], to determine the elemental
composition of liver, kidney, muscle, and hepatopancreas
tissues [16] and even to perform screening of whole human
blood [17]. Kumar et al [18, 19] demonstrated in principle
that LIBS can be used for tissue analysis, specially the ability
to differentiate between malignant and normal tissue.

LIBS-technique was recognized very early as a potentially
useful tool for the analysis of calcified tissues such as teeth
[7]. Samek et al [7] had performed quantitative LIBS analysis
of trace element concentration in calcified tissue. Fang et al.
[8] used LIBS to analyze and identify elemental constituents
of urinary calculi. Yueh [9] performed LIBS on tissue
specimens from the brain, lung, spleen, liver, kidney and
skeletal muscle and determined that LIBS can discriminate
between different tissue types. Recent studies on the changes
in the level of some elements such as Ca, Fe, and Mn was
done with malignant cells can be found in Ref. [10]. Imam
et.al used LIBS technique and showed that there is an
increase in the concentration levels of the elements (Ca, Zn,
Cu, Mn, and Fe) in the malignant breast tissue compared with
the normal ones [11]. EL Hussein et al (2010) were able to
diagnose some types of human malignancies. Cancerous
tissues could be distinguished from non-cancerous tissues by
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On the other hand, Inakollu [20] used the artificial neural
network ANN to predict the element concentrations in
aluminum alloys from its LIBS spectrum. Ferreira [21]
selected a set of wavelengths through the ―wrapper‖
algorithm and then determined the concentration of copper in
soil samples by ANN. Sattmann [22] discriminated PVC
from other polymers with the distinct chlorine 725.66 nm
line. Ramil et al [23] classified the LIBS spectra of 36
archaeological ceramics into three groups by ANN. The
possibility of using ANN to predict composition in natural
rocks was explored in earlier works by Motto-Ros et al [24]
and Koujelev et al [25]. The capability of mineral and rock
sample identification with LIBS combined with ANN was
also demonstrated in [25]. The potential of ANN to analyze
LIBS spectra has been proven in these studies.
In this work and for the first time, we report the change of the
level of (Mg, K, Ca, Na, Fe, Mn and Cu) in liver tissue which
is the trace elements in the liver tissue by LIBS. An increase
in the elemental concentrations of the elements was found
and can be attributed to the cancer formation in liver.
Feeding the results obtained from the (LIBS) technique into a
neural network enabled us to take a decision about the
classification of the tissue whether normal or malignant.
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2. Experimental LIBS-setup
Figure 1, depicts the basic set up, the experiment is
performed in such a way that a Q-Switched Nd: YAG laser
(type Brilliant B from Quantel) was used for inducing plasma
from samples surface in open air. The Nd: YAG laser was
operated at wavelength 532 nm, with energy per pulse of ~
125 mJ was measured at the target surface using a power
meter (Ophier, model 1z02165). The pulse duration was 5 ns
and overall irradiance of ~ 5.7 x108 W/cm2. The reflection
from the beam splitter was measured and found to be ~ 6%
while the absorption through it was found to be ~ 6.6 % of
the laser energy. The optical fiber used is multimode quartz
with a 25 μm inner diameter and was mounted on xyztranslational stage, which enabled us to align it with the
centerline of the plume to ensure that the emission signal was
collected perpendicularly with respect to its symmetry axes.
The optical fiber was connected to an echelle type
spectrograph (model SE200 from Catalina®) via SMA
connector.

pathological analysis to be made in parallel to the LIBSanalysis to avoid any interference in the LIBS spectra arises
from the digestion methodologies used in histological
analysis. Pathological analysis shows that, sixteen surgical
specimens were obtained by decisional biopsy and fourteen
by radical operation. All specimens were fixed in formalin
(10% formaldehyde in water) and then histologically
processed to form paraffin blocks, which were sectioned at 4
μm thickness using a microtome. These sections were layered
on a glass slide for staining and the slides were embedded for
2 minutes in hematoxylin (which stains the nuclei blue) and
then eosin (which stains the cytoplasm and the extracellular
connective tissue matrix pink). The histological slides were
finally examined under a microscope (type Olympus CX31).
The samples were then digested using a simple efficient
digestion method dry weight technique. For a rapid sample
preparation and quantification, assisted acid digestion by
concentrated nitric acid method was used. After digestion the
samples were diluted using distilled water.

4. Results and Discussion
The identified fingerprint spectral lines are collected and
presented in Table 1. One should notice that, the existence of
the hydrogen is indicated by the existence of the H-line at
656.3 nm, while the oxygen by two lines at 777.19 and
844.63 nm lines and nitrogen by six lines as indicated in
Table 1.

Figure 1: A schematic diagram of experimental set up
The spectrograph is coupled to an intensified charge coupled
device (ICCD) camera (type Andor, model iStar DH73418F). The entrance aperture of a spectrograph is a circular
opening 25 μm in diameter, and the ICCD is contained in a
camera head mounted at the exit port. Light emission is
collected by scanning the ICCD over the wavelengths of
interest. The system was controlled by Kestrel-Spec®
software to acquire images from the supported camera. The
system of detection covered a wavelength range from 200 to
1000 nm in single shot. The spectral intensity of the lines is
recorded as a fixed delay and date times of 1 s. The
identification of the different elements was carried using
span16 software spectrum analyzer®. The analysis and
manipulation of the data was carried using a special
homemade software routine built under MATLAB®
package. The wavelength axis was calibrated using light from
a low pressure Hg- lamp (Ocean optics HG-1). A DeuteriumHalogen lamp (type Ocean optics, model Dh-2000-CAL),
was used in calibrating the emission spectral intensities
(relative sensitivity) over the entire wavelength scale.

However, the suspected elements (Iron, manganese sodium
and magnesium) are confirmed by large number of the
fingerprint lines as given in table 1; whereas the existence of
the copper is confirmed by one line at 570.02 nm line. In
quantitative analysis one should be careful about the
spectrograph and camera relative sensitivity. This is because
the ICCD camera pixels are not equally sensitive to all the
recorded wavelengths. Therefore, we have calibrated the
experimental setup using the lamp (Dh-2000 CAL). The
results of the recorded emission from plasmas initiated from
the surface of category #1 in comparison to zero cancer
(normal) category level are shown in Figures. 2 a-h. In these
figures one can see an increase in the spectral radiance of the
different elements existing in both samples. From this figure
the amount of enhanced emission is different for identified
elements which indicate different rates of increase of trace
elements, as observed by several authors [11-14] and listed in
Table 1. From the statistical point of view, in order to
calculate the contribution of each identified element, one has
to take the average of spectral radiances over the emitted
wavelengths from certain element and then fed to histogram
plot.

3. Materials and Method
Twenty six samples were selected from patients in the ages
between 6 to 56 years, as well as 4 normal (zero cancer
level). Each of these samples was doubled so as to allow for
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Table 1: A list of the identified elements utilizing LIBS –
from liver tissue

Figure 3; shows the histogram of the average spectral
radiance from different elements arises from different 4
categories with respect to zero level cancer specimens in
terms of their respective atomic number. One can notice the
strong increase of the height (i.e. the relative concentration)
of the same elements present in the infected tissue of
category #1 with respect to the zero level tissue, as well the
emission from gaseous elements e.g. nitrogen and oxygen.
Moreover, from Figure 4, one can deduce that, the increase in
the relative concentration was found rather weak as we pass
from category #2 up to #4, which means that, the cancer
starts to work even if the concentration of the different
identified trace elements (Mg, K, Ca, Na, Fe, Mn and Cu) is
infinitesimally increased.

Figure 2: LIBS-emission signals from cancer tissue sample
category # 1 (red curve) in comparison to zero level cancer
(blue curve). In subfigures a-h are the identified elements.
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performance of ANN 84.1% as indicated in Figure 6b. The
best validation performance of the neural network is shown
in Figure 7. It can differentiate between normal and
malignant samples. The decision of the neural network for all
30 samples is given in Table 2. The neural network can
recognize all the malignant samples and the normal samples
for all 30 samples correctly except sample no. 9.
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Figure 3: Histogram distribution of the average of LIBS
signals from different elements with atomic number, Green is
the zero level cancer; red is category #1; blue is category #2;
cyan category #3and yellow category #4.

Figure 6a: the constructed NN

In order to determine precisely which element increases more
than others and may be responsible the liver cancer, one has
to reconstruct another histogram showing the rate of increase
of different trace element concentrations which is shown in
Figure 5. This figure undoubtedly clears the relation between
elemental concentration of certain elements and the
malignant liver tissue

Figure 4: The variation of the average LIBS signal from
different elements identified with different categories.

Figure 6b: Shown is the progress of our ANN

.

Figure 5: Demonstration of the increase in the LIBS signals
(relative concentration) arises from different elements from
the zero level samples (normal) with respect to that from
category #1.
Finally we constructed a pattern recognition neural
network as shown in Figure 6a. The training algorithm is
scaled conjugate gradient back propagation .The
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Figure 7: The performance curve of the neural network
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Table 2: Decision factor using the voting algorithm
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