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Abstract 

This study applies machine learning methods to gene 

expression data from normal tissue of patients with liver 

cancer to predict whether this tissue is 'healthy', 'cirrhotic' 

(liver damage), 'non tumor', or 'tumor'. The method is based 

on using Principle Component Analysis (PCA) combined with 

the Regularized Least Squares (RLS) classifier. The results 

show a high accuracy with 10-fold cross validation for 

discrimination among tissue types. Results indicate the 

capability of gene expression profiling to successfully 

discriminate between tumor tissue and normal tissue, however 

there is a clear and strong overlap between non-tumor tissue 

and cirrhotic tissue. Further, we used the same classification 

model to predicate the probability of detecting each class 

separately. Tumor gene expression can be predicated 

successfully. 

Keywords: Adjacent normal tissue; cancer classification; 

PCA; RLS. 

 

INTRODUCTION 

Machine learning techniques and statistical methods are 

widely used in gene expression array analysis [1-4]. Gene 

expression arrays contain thousands of genes extracted from 

tissues under different conditions. Analysis of these arrays is 

not trivial task, even with simple processes. Machine learning 

makes such processes easier and more efficient, including 

feature selection methods to identify the relevant genes, 

feature reduction to reduce array size, and classification 

methods to assign class labels to cell samples with unknown 

biological conditions.  

One of the most prevalent cancers in Asia is hepatocellular 

carcinoma (HCC) which is the leading cause of death in this 

region. Until now the only effective treatment has been 

surgery [5]. Recently studies done on HCC report that tumor 

expression profiles can be used for cancer classification [6-7]. 

Generally, cancer cells have genomic instability, and therefore 

identifying gene instability is important for early detection of 

tumor tissue. However, these changes may be simply genomic 

changes that not develop into tumor tissue. Lamb7 studied 

large scale genomic changes that are found between adjacent 

tissue (AN) and tumor tissue (TU) samples and found that 

75% of the gene expression array had expression differences 

between these types of tissues. Lamb [7] tested the 

connectivity of the gene network of AN and TU to find the 

changes that are relevant to the progression of the tumor and 

separate them from the changes that are simply genomic 

changes that are not relevant to tumor formation.  

In this study, we used Regularized Least Squares (RLS) to 

distinguish tumor tissue from other type of tissue in the gene 

expression array. Because of the huge amount of data in the 

gene array, PCA was applied to reduce the gene array size. 

PCA is a known method for data reduction which reserves the 

same information with fewer components. Next we tried to 

assess how genes can be closed from each other and the type 

of gene, based on a blind test. 

 

PRINCIPAL COMPONENT ANALYSIS 

PCA is a familiar statistical method for data reduction that 

transforms a number of correlated variables into a number of 

uncorrelated variables, called principal components [8], that 

allows reduction of the data dimensions while preserving 

information on the variable interactions [9]. The data is 

transformed into a new coordinate space. Hence, the first 

principal component has the most information and the highest 

variability. In the new space, gene expression appears to be 

classified into groups, as show in Figure 1. 

 

Figure. 1: A scatter plot of the first and second principle 

components for the data set. 

 

REGULARIZED LEAST SQUARES (RLS) 

Regularized Least Squares (RLS) is one of the machines 

learning systems used in this study. RLS is also known as the 

Tikhonov regularization problem, with a square loss function 
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that minimizes the given equation [10].   

 

min
𝑓∈𝑯

(
1

𝑛
∑ (𝑌𝑖
𝑛
𝑖=1 −𝑓(𝑋𝑖))

2 + λ‖𝑓‖K
2 )                                     

(1) 

 

where n is the number of samples, 𝑋𝑖 is the data samples of I 

of the training set, Y is the binary outcome,  ‖𝑓‖  is the norm 

of f (the expected values ) in Hilbert space defined by kernel 

K,  λ is the regularization parameter that is computed from the 

kernel of the training data.  We use Gaussian kernel K [11]. 

𝐾(𝑋, 𝑋) = 𝑒
‖𝑥𝑖−𝑥𝑗‖

2

𝜎2                    (2) 

 

The solution of equation (13) is given by: 

    

𝑓(𝑋) = ∑ 𝐶𝑖K(𝑋, 𝑋𝑖)
ℓ
𝑖=1                   (3) 

where  𝑐 = (K + λℓI)−1𝑌,                                                   (4) 

 

𝐈 is the identity matrix. C values depend on λ. In this study  

we utilized the toolbox from MIT [12]. λ and sigma values 

were determined omitting one cross validation for the training 

sets. After computing C, the outcome predication values of the 

test data will be: 

𝑓(𝑋𝑡) = ∑ 𝐶𝑖K(𝑋𝑡 , 𝑋𝑖)
ℓ
𝑖=1 .                                (5) 

 

RESULTS AND DISCUSSION  

To investigate the ability of gene expression arrays to identify 

human liver tumor and adjacent normal tissue, we combined 

tissues from liver tumor, adjacent normal tissue (AN), healthy 

tissue, and cirrhotic (liver damage) tissue and then analysed 

this sample with the classification process. As mention in 

Section 2, we used PCA to reduce the gene array. PCA has 

been used from whole gene expression arrays. A 10-fold cross 

validation was used to evaluate the classification process, 

hence the data was divided into 10 sets, with nine sets used for 

training and the remaining set used for testing. Next, the 

average accuracy for the 10 fold analysis was computed for 

each tissue type, as well as for the sample with 

misclassification. Table 1 shows the confusion matrix. 

Obviously, the accuracy for detecting healthy genes and tumor 

tissue are the highest at 100% and 99.6%, respectively. The 

accuracy for detection of AN tissue and damaged tissue are 97 

% and 90%, respectively.  Similarly, Table 2 show the 

confusion matrix for detection pf each tissue types using the 

whole gene expression array without reduction of the data set. 

The results are extremely similar to Table 1. This indicates 

that PCA is suitable for conservation of information in this 

type of data set. PCA was not compatible with all type of data 

sets, especially when they are not linear. 

 

Table 1: Average accuracy for detection of each class using 

PCA with RLS. 

 healthy 'cirrhotic  

non-

tumor tumor 

healthy 100 0 0 0 

'cirrhotic (liver 

damage 2 2.5 90 7.5 0 

Non-tumor 1.2 1.2 97 0.4 

tumor 0 0 0.3 99.6 

 

Table 2: Average accuracy of detection for each class using 

whole gene array with RLS. 

 healthy 'cirrhotic  

non-

tumor tumor 

healthy 100 0 0 0 

'cirrhotic (liver 

damage 2 2.5 85 10 2.5 

Non-tumor 0.8 1.2 97.2 0.8 

tumor 0 0 0.3 99.6 

 

From both tables, one can see that the TU gene has significant 

characteristics that can be recognized from others tissue types 

by HCC. There is also a strong overlap between AN tissue 

and damaged tissue. This was shown in a scatter plot (Figure 

1) using PCA. To achieve our objective in this study, we used 

another classification model that is based on how the data are 

closed to each other. For this we used three tissue types as 

training and the left one type for use in testing. In this case we 

label the classes by integer number as (1, 2, 3, 4) and used 10 

fold cross validation to validate the used labels. The 

classification data resulted in the same analysis as in the 

binary labels. Figure 2 shows the predicted values of non-

tumor tissue. Clearly, most the samples are in Classes 1 and 2, 

which are healthy and damage tissue, respectively.  Figure 3 

shows the predicted value of tested tumor tissue. Clearly, it 

doesn’t belong to any class, hence the value occurring near 

zero. Figure 4 shows the predicted value for damage tissue. 

The values show a clear distribution among the classes, non-

tumor, tumor, and healthy tissue.  

 

Figure 2: The scatter plot of the predict values for the 

adjacent normal tissue (non-tumor). 
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Figure 3: The scatter plot of the predicted values for the 

tumor tissue. 

 

 

Figure 4: The scatter plot of the predicted value for the 

cirrhotic tissue. 

 

CONCLUSION 

In this study we applied a RLS classifier with PCA to a binary 

classification problem with gene expression array of tumor 

liver tissue. The model showed significant accuracy, around 

99%, in the detection of tumor tissue from adjacent tissue, 

damaged tissue, and healthy tissue. However, there was strong 

overlap between adjacent and damage tissue. Another test has 

already been done to predict how these tissue relate to each 

other, based on their gene array data. Results indicate that 

gene arrays for tumors have significant characteristics that 

identify tumor tissue. However the non –tumor tissue was 

indiscernable from damage tissue. Our results did not show 

correlation between genes of adjacent tissue and tumor tissue. 
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