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Abstract

Support Vector Machine is used to cluster data obtained from Amplified Fragment
length Polymorphism screening of gastric cancer and normal tissue samples. Using
the electrophoresis peak intensity measurements of the amplified fragments of the
cancer and normal tissues, SVM was able to distinguish gastric cancer from normal
tissue samples with a sensitivity of 0.98 and selectivity of 0.75. As AFLP is a low
cost procedure which requires minimum prior sequence knowledge and biological
material, SVM prediction of AFLP screening data is a potential tool for gastric cancer
screening and diagnosis.

Keywords: SVM, AFLP, cancer detection

Introduction

Gastric carcinoma, despite its worldwide decline in incidence, is one of the leading
causes of cancer mortality worldwide, second only to lung cancer among men and lung
and breast cancer in women (Ferley at al, 2001). The high mortality rate of gastric cancer
has been attributed mainly to late diagnosis of the disease and in part to the poor
predictive value of current classification schemes in terms of clinical behavior of the
disease. Surgery is the primary curative mode of treatment that has been shown to reduce
mortality rate (Wu et al, 1997). Despite much progress in the use of chemotherapy and
radiation in recent years, they remain palliative in nature (Crookes, 2002). In view of the
high mortality and morbidity of gastric carcinoma, there’s an urgent need to develop new
diagnostics and treatment strategies for the disease.

Most screening efforts for gastric cancer, which relied on radiographic techniques such as
photofluorography, are laborious, costly and clinician-dependent (Pisani et al, 1994;
Fukao et al, 1995). Alternative methods that employ molecular techniques, including
comparative genome hybridization (CGH), SNP and microsatellite genotyping ,and
expression mocroarrays, are currently being explored in the diagnosis and classification
of gastric cancer. Although resolving power of these molecular assays have been shown
to be more sensitive in the detection of biologically significant differences in tissues as



compared to more traditional approaches (Alizadeh et al, 2000; Bittner et al, 2000), they
are not without drawbacks. CGH, with its limited mapping resolution (~2 Mbp), is only
able to detect large chromosomal aberrations, while SNP and microsatellite screening
methodologies require large amount of prior sequence knowledge. Expression
microarrays, on the other hand, is marred by the amount of RNA required to generate an
expression profile, as well as the inherent liability of RNA.

Amplified fragment length polymorphism (AFLP) screening is a DNA-based genotyping
assay that has been predominantly used for strain typing in plants and bacteria (Vos ef al.,
1995). It detects DNA restriction fragments by means of PCR amplification and required
relatively little starting genetic material. In addition, AFLP is capable of surveying a
target genome rapidly and comprehensively, without the need of prior sequence
knowledge. Despite its wide use in the botanical and microbiological fields (Jonas ef al.,
2000; Williams et al., 2001), there are relatively few reports in which AFLP screening is
applied on the human genome (Prochazka et al., 2001).

In this paper, Support Vector Machine (SVM) is used to separate the AFLP data of
cancer and the normal tissues. SVM, an effective method for general purpose supervised
pattern recognition (Vapnik 1995, 1998), has been applied successfully to many
biological data recently, including the identification of unknown genes using the gene
expression data from DNA microarray hybridization experiments by Brown et al. (Brown
et al., 2000), classification of ovarian cancer tissue (Furey et al., 2000) and prediction of
protein structural test (Cai et al., 2001). In addition, SVM was also used for searching
translation initiation sites (Zien et al., 2000) and for splice site recognition (Sonnenburg
et al., 2002).

We investigated on the novel use of Amplified Fragment Length Polymorphism (AFLP)
screening in the diagnosis and classification of cancers using a set of 58 gastric tumor and
16 normal genomic DNA samples. Here, SVM was used to cluster the AFLP data and
the result shows that SVM can be used to differentiate cancer tissues from non-cancer
tissues with a high level of accuracy. Jackknife test performed on the sample revealed
sensitivity of 0.98 and specificity of 0.75.

Materials and Methods

Genomic DNA Sample

Genomic DNA samples of 58 gastric tumors were obtained from the Division of Medical
Sciences, National Cancer Centre of Singapore. Normal genomic DNA samples were
obtained from peripheral blood samples from healthy volunteers.

Amplified Fragment Length Polymorphism




AFLP is a DNA fingerprinting technique that detects DNA restriction fragments by
means of selective PCR amplification. Genomic DNA is first digested by 2 restriction
enzymes, a frequent-cutter endonuclease and a rare-cutter endonuclease. Double-
stranded adapters are then ligated to the ends of the restriction fragments. Through two
rounds of PCR amplification using DNA primers of increasing selectivity, the complexity
of the genomic mixture is reduced, before separation of the final amplified fragments by
electrophoresis. The unique banding patterns or ‘DNA fingerprint’ thus formed for a
particular biological sample can be compared to ‘fingerprints’ of other samples. The
AFLP screening performed was a modified version of the AFLP Analysis System I
(Invitrogen) manufacturer’s instructions. Fragment analysis of AFLP products was
performed by MegaBACE (Amersham Biosciences) capillary electrophoresis.

Data Generation

Electrophoretic peak data generated with Genetic Profiler (Amersham Biosciences) was
normalized before clustering by SVM. Normalization of data across samples was
performed using intensities of size standards (ET400-R standard) spiked into each well
before electrophoresis. Normalization was used to correct for variations in sample
intensity due to sample over- or under-loading due to small volume handling.

Accuracy of Diagnostic Tests

Accuracy of a diagnostic test can be expressed through sensitivity and specificity.
Sensitivity refers to the ability of a certain diagnostic test to detect a particular disease. It
is expressed as the probability of testing positive if the particular disease is truly present,
i.e., the probability of having both a positive test and a positive diagnosis. Hence a test
with 98% sensitivity means that 98% of those with the disease will test positive.
Specificity, on the other hand, refers to the probability of testing negative if the disease is
truly absent. In other words, 98% specificity means that 98% of those who are truly
negative for the disease or problem will have a negative test while 2% of them will have
a false positive test. See Table 1 for calculation.

Table 1. Calculation of Sensitivity and Specificity

Disease
+ -
Test Results |+ P FP
- FN TN
TP = number of true positive Sensitivity =TP /(TP +FN)
FP = number of false positive
FN = number of false negative Specificity =TN /(TN + FP)

TN = number of true negative



Support Vector Machines

SVM is a learning algorithm that was developed by Vapnik (Vapnik, 1995; Vapnik,
1998). The basic idea behind SVM is the formation of a linear classifier to separate the
positive and negative training data. This linear classifier is then used on the test data.
Depending on the position of the point falling on the positive or negative side of the
linear classifier, the prediction result is calculated. In real world situation, a linear
classifier may not be able to separate the positive and negative data sets. To overcome
this limitation, kernels are used to transform the data into a feature space where the linear
classifier can be used for the separation. Choosing the right kernel to use is therefore
essential for the separation in the feature space.

Design and implementation

SVMLight (Joachims ,1999a; Joachims,1999b) was used to implement the SVM
clustering. The jackknife test was used to examine the effectiveness of SVM to
differentiate among the data. Jackknife test is also called the leave-one-out test, in which
each data in the dataset is singled out as a tested data while all remaining data are used to
train the SVM. One out of the 74 data was chosen to be the test data. The SVM was
trained with the linear kernel on the remaining cancer and normal data as positive and
negative data respectively. After training, the test data was used to determine the
prediction of the SVM. This process was repeated for each of the 58 cancer data and 16
normal data. After the test of the entire data set, the sensitivity and the specificity of the
result were calculated.

Cancer Sample

Fig. 1. Electrophoresis peak intensity versus molecular weight of AFLP data of cancer
and normal samples with peaks at molecular weights 82 and 91 highlighted.
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Fig. 2. 91-weight region intensity versus 82-weight region intensity of AFLP data of
cancer and normal samples.

Result

Fig. 1 shows the profiles of the cancer and normal AFLP sample data. The y-axis
represents the Electrophoresis peak intensity while the x-axis represents the molecular
weight of the amplified fragments. The major deviations in AFLP intensities between the
cancer data and the normal data are in the molecular weight regions of 82 and 91 as seen
in Fig. 1. There is a significant reduction in the electrophoresis peak intensity in the two
molecular weight regions in the cancer data. Fig. 2 shows the graph generated by
plotting the 82-weight region intensity against the 91-weight region intensity. From the
graph, the cancer and normal data set could be separated into two distinct groups. Based
on this observation, a simple linear separator should be able to separate the 2 sets of data
in the original input space without any mapping to the feature space. The observation
was confirmed in the results obtained using a linear kernel as shown in Table 2. Of the
58 cancer samples and 16 normal samples, applying SVM with a linear kernel yields a
sensitivity of 0.98 and specificity of 0.75, with 57 true positives, 12 true negatives, 4 false
positives and 1 false negative.



Table 2. Calculation of Sensitivity and Specificity for linear kernel

Disease
+ -
Test Results |+ 57 (TP) 4 (FP)
- 1 (FN) 12 (TN)

TP = number of true positive Sensitivity =TP /(TP +FN)
FP = number of false positive =0.98

FN = number of false negative Specificity = TN/ (TN + FP)
TN = number of true negative =0.75
Conclusion

In conclusion, a novel approach of gastric cancer diagnosis using SVM clustering of data
generated by AFLP screening method is presented. The result in this paper shows that
SVM is capable of clustering the AFLP data successfully for gastric cancer detection. As
AFLP is a relatively low cost procedure, requiring minimum prior sequence knowledge
and biological material, there is a strong potential for SVM clustering of AFLP screening
data to be used as a diagnostic tool for gastric cancer.
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