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Introduction

Hepatocellular carcinoma is the first leading cause of death among men in Korea. Little is known about the genetic events in malignant transformation of liver cell. Despite the variety of morphological and clinical parameters were used to classify HCC, patients have received a similar chemotherapy. This is due in part to the functional diversity of the liver and lack of genetic information from systematic analysis. However, so many criteria [1,2] to classify HCC have been suggested, actually there are few methods that are obviously defined and useful to understand molecular appearances of each patient in primary HCC. Therefore, systematic cancer classification and monitoring methodology are needed to understand a certain patient appearances and to identify more efficient methods for treatment in molecular cancer research[3]. The specific genes, which are related to determine the morphological appearances of HCC, can be used as markers for diagnosis, prognosis, therapeutic monitoring and the earlier indication of relapse. For HCC therapy, the genes or gene products can also be targeted by various agents such as antibodies or drugs. Moreover, therapeutic vaccines may be developed from these genes.

Numerous approaches have been used to scrutinize the genetic causes or composition of HCC. Methods used to identify overexpressed genes include serial analysis of gene expression, PCR and Northern blotting. However, none of these techniques provides a complete, easy, systematic and reliable gene expression between morphologically different HCC. We have analyzed the genetic composition of HCC by combining a cDNA library subtraction and a microarray high throughput screening procedure. In this study, we present a novel systematic methodology for discovering genes that determines the morphologic subtypes of HCC. We mainly describe how multivariate data analysis can be applicable for molecular classification and mining biologically invaluable factors from the data rather than discuss manners of cDNA microarray experiment itself. The suggested methodology is constructed by three major stages; identification of subtypes and its class prediction, HCC-specific gene selection, validation of selected genes by clustering.

Microarray data analysis
Tumor samples and cDNA microarray data

Human 3k cDNA chip (include 3136 cDNA probes) from Bank of Human Stromal Cell cDNA in Kyungbook National University was constructed for profiling. The 11 mRNA samples from primary HCC (4 samples of solid type, 4 of pseudoglandular, 3 for class prediction by support vector machine) were obtained each patient at the time of surgical operation. As previously mentioned, liver from cancerous patient has many environmental noises (e.g.,cirrhosis and sclerosis) comparatively higher than other organs. On that account we used normal hepatic cells using laser-capture microdissection extracted from equal patient as control since our focus is not cirrhosis or sclerosis only but type of carcinoma. This comparison can be more effective to eliminate non-focusing factors. For each of these 11 patients, target cDNA was obtained from mRNA by reverse transcription and labeled using a red-fluorescent dye, Cy5. The reference sample was prepared by the same manner and labeled using a green-fluorescent dye, Cy3. All samples were hybridized to Human 3k cDNA chip and scanned microarray images by confocal laser scanner. The image analysis was executed by Quantarray ver3.0 software. After all experiment were finished, we applied multivariate data analysis to the obtained cDNA microarray data. For post-experimental analysis, R/G ratio was acquired instead of intensity for chip to chip comparison.

Normalization

Normalization can be done in several ways depending on the experimental set-up. Each method is more appropriate to another experiment. For example one is the way of considering all genes on the array and another is using only constantly expressed genes, so called ‘housekeeping genes’. The former is comparatively superior to cancer cell profiling and the latter to cultured cell line profiling[4]. In this research, we use all genes on the array as control after removing false-positives.

Support Vector Machine
Like conventional neural networks and radial basis function networks, support vector machine (SVM) as a universal approximator recently has been widely used for pattern recognition and nonlinear regression. Basically, SVM is a linear machine which is a approximate implementation of structural risk minimization since it considers the generalization error rate rather than only training-error rate. Accordingly, SVM is constructed by some training samples largely contributing to pattern separation unlike common pattern classifiers.

Generally, SVM has two computational steps for nonlinearly separable patterns. First, data are nonlinearly mapped from an original space into a high-dimensional feature space where the patterns are linearly separable with high probability. The typical types of inner-product kernels K(x,xi) of input vector x and the input pattern xi are polynomial and radial basis functions. An inner-product kernel makes nonlinear transformation of original multi-dimensional inputs.

Then, the optimal hyperplane defined as a linear function of feature vector is designed for separating features. We may state the primal problem for the constrained optimization of a support vector machine. By solving optimization problem, the weights and bias, that is linear parameters of a discriminant function, can be obtained.

In this stage, we set out to develop a systematic method to HCC classification and test a significance of microarray data.
Gene selection

Biological comparisons made on microarrays are very specific in nature, that is, it is believed that only small number of genes are differentially expressed on the array according to biological concepts[5]. Therefore, this stage is most important to identify the HCC subtypes and reveal the cause of HCC.

We identified the possibility for discriminating two separate classes of HCC. The interest concentrated on the determining which genes are significant for extracting the meaningful outcomes. Key concept, we suggest, is to select genes which can discrete the HCC classes explicitly based on canonical correlation between the genes and class labels. 
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where “CORR” is the function that means the correlated extent of genes with class labels.

All well-known genes, which can be discovered from gene-related database, should be covered within the selected genes. Alternatively, to find the HCC related genes, we used canonical variable to maximize the separation of these two known classes. In this research, we combine two methods to confirm the selected genes and reduce the computational efforts.

Advanced K-means clustering

The K-means clustering method is used to validate the selected genes and investigated unknown HCC subtypes. This clustering method is a bit modified in order to add the cluster-merging characteristic, so we do not need to predetermine the number of data partitions. Nevertheless, it should be noted that the number of radial basis functions determined by arbitrary clustering algorithm is not perfectly profitable, since it is chosen by considering only the input data pattern without output data pattern. The cluster-merging K-means algorithm is as follows.

a. Choose initial number of data partitions, M (M<N)

a.1 For i = 1,…,M
If i = 1, randomly select among N all data samples

Otherwise, 
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b. While i ≤ imax
b.1 Rearrange each sample to the corresponding cluster and calculate overall cost function 
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, where Gj is the jth cluster group.

b.2 If the number of samples belonging to cj is less than predefined minimum number of each cluster, merge cj into the nearest cluster. Then, the number of clusters in the (i+1)th step is 
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Conclusion

We present here a new general methodology for discovering HCC-specific genes that determines the morphologic appearances. Then, the HCC-related genes can be confirmed by genebank (www.ncbi.nlm.nih.gov), published literatures or Northern blot analysis. For example Cyr61 among CCN family[6] found from data analysis is expressed in developing mouse cartilaginous elements. Besides it promotes tumor growth and vascularization. As another example Osteonectin[7] is known to be a glycoprotein involved in extracellular matrix remodeling. The selected genes contain useful ones associated with tumor growth, transcriptional regulation, and intracellular signaling such as androgen-regulated protein FAR-17[8], protective protein[9], and nuclear antigen H731[10].


Most importantly, the proposed methodology provides a general diagnostic approach for distinct cancer subtypes and determines drug target without previous biological knowledge.
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Figure 1. Class discovery with MDS and Class prediction of HCC based on SVM
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