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1. Introduction
The most successful work 

towards the creation of knowl-
edge-based intelligent systems is 
currently observed in the medi-
cal segment [1]. Medical decision 
support systems have become a 
more effective tool for collect-
ing, storing, and manipulating 
the knowledge of qualified med-
ical experts, as well as for de-
termining the disease and mak-
ing adequate decisions for each 
specific data set. These systems 
are based on the diseases in the 
specific subject area of medicine, 
their possible causes, develop-
ment periods, clinical manifesta-
tions, observed signs, symptoms, 
etc. These systems are applied 
to make a diagnosis, choose a 
more effective treatment meth-
od, predict, search for suitable 
situations (precedents), control 
and plan therapy, recognize and 
interpret images, monitor the 
clinical-pharmacological proper-
ties (toxicity) of drugs, etc.

This article shows the pos-
sibilities of applying machine 
learning algorithms in the deci-
sion support system to be created 
for physicians regarding the early 
diagnosis of Hepatocellular Car-
cinoma (HCC).

2. Methods
The number of patients who 

die from liver cancer ranks third 
compared to those diagnosed 
with malignant cancer [2]. HCC, 
which accounts for about 90 % 
of all liver cancer cases, is often 
diagnosed in the late stages of the disease and therefore causes a 
high risk of death. Consequently, early diagnosis of HCC is very 
important in the disease prevention and increases the patient’s 
survival probability.

Currently, the diagnosis of HCC is based on laboratory 
studies and computed tomography (CT), and X-ray examina-
tion [3]. Liver biopsy is estimated to be a good diagnostic op-
tion in the clinical condition when CT and X-ray examination 
cannot provide accurate identification of HCC [4]. Sometimes, 
non-cancerous tissues (cirrhotic tissues and normal tissues) 
containing some common molecular features of cancerous tis-
sues are recognized as cancerous tissues [5]. In such cases, gene 
analysis signatures are included among the available diagnostic 
signatures to eliminate the risk factor. Gene analysis signatures 
have a batch effect and are difficult to determine in clinical 
conditions [6]. Optimizing treatment strategies and choosing 
a more effective treatment method requires the development of 
precise standardized methods. Thus, the application of artificial 
intelligence technologies, or rather, machine learning methods 
to solve the considered problem, can be vital in early diagnosis 
and treatment of HCC.

Presently, many studies on 
the development of intelligent 
systems for the detection, diag-
nosis and treatment of liver dis-
eases are available in scientific 
literature [7−9] shows the impor-
tance of using machine learning 
and deep learning methods for 
HCC prediction. [10, 11] propose 
a fuzzy rule-based technique for 
developing the HCC staging sys-
tem and the principles of form-
ing the knowledge base. 

The present article consid-
ers the importance of gene anal-
ysis along with the laboratory 
studies, CT, X-ray examination 
for more accurate identification 
and correct diagnosis of HCC. 
The question of determining 
the similarity of HCC cancer 
tissues with identical CwoHCC 
non-cancerous tissues for the 
HCC identification, and pro-
poses a machine learning-based 
solution technique.

3. Results
Based on the gene analysis of 

HCC cancer tissue, for its early 
diagnosis a solution algorithm in 
the following stages is proposed.

Gene Expression of HCC tis-
sues. Differentiation of HCC 
cancerous tissue and similar 
non-cancerous (CwHCC and 
NwHCC) tissues according to se-
lected genes is used for early HCC 
diagnosis. [12] performs the solu-
tion to this problem on the basis 
of 10 genes included in the range 
of risk factors. LAMC1, UBE4B, 
HSPH1, HNF1A, SF3B1, APC2, 

CHST4, HGF, MTHFD2, and AGO3 are the key cancer genes. 
The association of each gene with cancerous tissue and similar 
non-cancerous tissue is determined. For example, UBE4B can 
be used as a potential prognostic marker for HCC treatment due 
to the carcinogenic effect of primary HCC cancer. Furthermore, 
the gene HNF1A is closely related to HCC cancer case, because 
the number of HNF1A increases when non-cancerous tissues 
turn into HCC cancer tissues. Its Gene Expression is signifi-
cantly increased in liver HCC tissues. Gene expression of SF3B1 
is significantly increased in HCC cancer tissues during disease 
progression. Additionally, the genes HSPH1, APC2, CHST4, HGF, 
MTHFD2 and AGO3 are closely related to HCC cancer.

Gene Expression profiling. The Gene Expression Omnibus 
(GEO) and The Cancer Genome Atlas (TCGA) databases can be 
used for a gene expression profiling. Initially, a database storing 
relevant HCC biopsy samples (D1), HCC surgical samples (D2), 
CwoHCC biopsy samples (D3), and CwoHCC surgical samples 
(D4) is generated. To ensure the objectivity of the created model, 
the samples of each mentioned type are divided into two data 
subsets: training data set (80 % samples from each type) and 
test data set (20 % samples from each type). The training dataset 
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uses both HCC sample (HCC biopsy sample and HCC surgical 
sample) and CwoHCC sample (CwoHCC biopsy sample and 
CwoHCC surgical sample).

Determination of the Within-Sample Relative Expression Or-
dering. Using the Within-Sample Relative Expression Orderings 
(REO) technique, gene expression profiling can be more reli-
able. REO technique is used for feature extraction. According to 
the REO technique, if the gene a has a higher analysis level than 
the gene b (or vice versa) in a given sample, they are analyzed as 
Ea>Eb (or Ea<Eb). If at least 95 % of the samples for a gene pair 
have the same gene pair ordering, then that gene is considered 
to be stable according to the REO technique. Gene pair analysis 
may differ according to REO ordering in both cirrhotic tissues 
within a sample. Thus, when analyzing gene pairs, the value of 
the gene a may be high in non-HCC patients (i.e., with CwoHCC 
tissue) but low in HCC patients (Ea<Eb or Ea>Eb in CwoHCC 
samples, but Ea>Eb or Ea<Eb). Reversal gene pairs are selected 
as candidate REOs signatures in the REO technique for the 
HCC identification. Common genes between the training data-
set and the test dataset and their corresponding gene expression 
are then obtained. Based on the gene expression profiles and 
reversal gene pairs, new profiles are generated by specifying the 
cases Ea>Eb, Ea<Eb, and (Ea or Eb unavailable) as 1, 0 and −1, 
respectively.

Feature selection with mRMR (minimum Redundancy Max-
imum Relevance) and IFS (Incremental feature selection) meth-
ods. Based on the new profiles, the mRMR method is applied 
to rank the HCC cancer and non-cancer gene pairs within 
minimum Redundancy Maximum Relevance conditions [12].

Interaction between genes I is defined as:
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Here, I(gi, T) denotes the interaction between the gene pair 
gi and type disease T. The following formula is used to deter-
mine the relevance by all gene pairs:
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Here Ω represents all given gene pairs, gi – one of given gene 
pairs, I(gi, gj) – interaction between the genes gi and gj.

In the next step, optimal gene pairs are selected from the 
mRMR gene pair in the sample given as a candidate signature, 
and the IFS method is used for this purpose [13]. According to a 
certain evaluation criterion, optimal subsets of features (genes) 
are selected from the whole feature set. This ensures the elimi-
nation of irrelevant and unnecessary features. The importance 
of a feature subset is evaluated by its relevance and redundancy 
parameters. This aspect predicts decisions, otherwise features 
are considered relevant. A feature is redundant when it is highly 
correlated with some other feature. In the application of IFS, the 
main goal is to define unrelated genes and to find the optimal 
subset of signatures associated with the decision feature.

4. Discussion
Support Vector Machine (SVM) classification method can 

be used for feature classification [14]. This method is widely 
used in the biological data classification [15, 16]. Radial basis 
function (RBF) is used due to its good performance in solving 
non-linear problems. The RBF kernel function calculates the 
similarity for the genes pair gi and gj, or rather how close they 
are to each other. The following function is used for this:
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Here ‘σ’ denotes the discrepancy and the hyperparameter, 
||X1−X2|| denotes the interrelation of the genes gi and gj.

Hyperparameter setting methods such as Grid Search Cross 
Validation and Random Search Cross Validation can be used to 
find the correct σ for the dataset used.

Determination of classification and confusion matrix 
criteria. The SVM machine learning algorithm is considered 
appropriate to be used to perform the classification by the gene 
pair similarity in the database used for the early diagnosis of 
HCC. Evaluating the classifiers’ detection performance is of 
great importance in machine learning. The criteria of preci-
sion, recall, false positive rate (FPR), true positive rate (TP), 
f-measure and accuracy are used in the evaluation of detection 
performance.

Precision (P) is defined as the number of true positives and 
determined as: 
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Fp denotes the number of data not associated with misclas-
sified prediction.

Here Tp denotes the number of data associated with correct-
ly classified prediction.

Recall (R) is defined as the number of true positives and 
calculated using the following formula: 
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where Fn denotes the number of data not associated with mis-
classified prediction. 

F1-Score (F1) is defined as the harmonic mean of precision 
and recall.
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Accuracy is defined as follows:
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Model training is an important step to achieve good per-
formance and to associate the model’s extreme data with each 
other, as well as to avoid non-associated data. 

5. Conclusions
Gene-based approaches attract attention in order to address 

the problems arisen in early HCC diagnosis through laboratory 
studies, CT and X-ray examination. The methodological basis 
of such approaches is the determination of the similarity of gene 
pairs of HCC cancer and similar non-cancerous tissues. This 
article selected a gene expression profile taking into account 
the availability of relevant databases and proposed a new ap-
proach by referring to the mREO method for determining the 
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gene pair’s similarity of cancer and non-cancerous tissues, the 
IFS method for feature refinement, and the SVM method for 
classification.

The proposed algorithm was aimed at improving the HCC 
diagnosis. In the further studies, it is planned to perform ex-
periments with the application of other methods along with the 
SVM classification method based on the similarity of gene pairs 
and to select the method with better performance according 
to the performance evaluation, and to develop the methods 
and algorithms for HCC diagnosis taking into account other 
characteristics.
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