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Abstract - AI(Artificial intelligence) doctor is being used to helping a specialist physician consider many options for cancer 
patient. Each person has several hundred cancer-related genes, the mutation pattern of each gene varies from person to 
person. AI algorithms have the power to find information related to cancer growth in genetic big data. Genetic analysis 
algorithm is also developing from ANN model to DBN model. The accuracy of the prediction is assured by forming multiple 
layers to obtain cancer information through the algorithm model. More importantly, it categorizes the data entering each 
layer. Depending on what data is entered, it depends on the success of the algorithm design. 
 
Keywords - Precision Medicine, Artificial intelligence (AI), Cancer Prediction, Artificial Neural Network(ANN). Deep 
Belief Network (DBN), Restricted Boltzmann Machine (RBM), Next Generation Sequencing(NGS).  
 
I.INTRODUCTION 
 
Cancer gives a mental and physical impact that 
lowers the quality of life. The prevention of cancer 
does more to raise life expectancy further toward 100. 
Precision medicine is an emerging approach for 
cancer prevention that takes into account individual 
variability in genes for each person. This approach 
allows doctors to predict more accurate cancer 
prevention strategies for healthcare. Artificial 
intelligence (AI) are gradually leading to the 
foundation of precision medicine. Big data is a major 
driver in genomics in which huge amounts of data 
are generated. Efficient analysis methods are needed 
to transform Big Data into cancer prediction. 
Personal genomics is a key enabler for predictive 
medicine, where a patient’s genetic profile can be 
used to determine the most appropriate anticancer 
treatment[1]. The algorithm will make a great 
contribution to improve the quality of life of patients 
by making the fastest and most accurate cancer 
prediction. 
 
1. A Theoretical Framework For Algorithm-
Architecture.  
Prediction is the process of finding hidden patterns in 
big data[2]. Accurate and quick analysis of the Big 
Data is essential for the prediction. Deep learning is 
the most representative of Big Data's analytical 
techniques[3]. An early model of deep running is 
ANN (Artificial Neural Network). Auto-Encoder is 
used for ANN-based 
Deep-running. Auto-Encoder is a tool that improves 
prediction accuracy through pre-training. In the early 
days, the back-propagation (BP) algorithm was used 
to learn the weight in Auto-Encoder[4]. BP calculates 
the weight value between the hidden units for the 
value given as Input, puts it into the sigmoid function, 
calculates the weight once again connected to hidden 
and output, It is Unsupervised Learning that 

continuously updates the error with the initial data 
value[5]. In the ANN model, as the number of layers 
and units increases, the amount of weight learning 
increases[6]. As a result, accuracy is low and it takes 
a long time. It is a DBN (Deep Belief Network) 
based on a Stacked Auto-encoder that overcomes 
these shortcomings[6]. The DBN model adopts the 
RBM(Restricted Boltzmann Machine) learning 
method[7]. Each layer in the feed-forward neural 
network was learned by an unsupervised RBM[7]. It 
is effectively pre-trained to find the initialize point, 
then, It is used the supervised back-propagation to 
fine tune the learning process[8]. The ANN model 
requires a hidden layer with X = data and Y = label 
expressions. However, a DBN model can generate a 
label (correct answer) in a layer with only X = 
data[9]. In other words, because Input and Output are 
not required in Training Data, it can be applied to 
Unsupervised Learning and Semi-Supervised 
Learning. The DBN model is an optimal algorithm 
for calculating the joint probability of several random 
variables[10]. First, fix the other variables and adjust 
one variable to obtain the conditional probability. 
Next, adjust the other variable to obtain the condition 
value. By repeating this process, It could be  
obtained the joint probability. It needs multiple layers 
to analyze and predict complex variables.  The RBM 
model apply to each layer is called DBM (Deep 
Boltzmann Machine). In other words, DBM is a 
multilayer neural network constructed by RBMs[11]. 
In a multilayer, the bottom layer is the input layer 
and the last layer is the output layer. The middle 
layers are the hidden layers. The actual data is 
entered into the input layer. The value obtained by 
applying RBM to the input layer enters the hidden 
layer again. The value obtained by applying the 
RBM to the hidden layer is a potential value. Finally, 
the values from each layer are probability values. 
DBM is a model for pre-training in the Unsupervised 
Learning method with no label, then, fine tuning is 
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done by BP learning method[12]. 
 
2. The Building Deep Learning Models    
Cancer prediction is possible on the premise that a person 
is fully aware of the genetic map. Molecular genetic 
technologies are moving beyond sequence sequencing to 
the era of measuring methylation, DNA copy number, 
expression levels of oncogenes, noncoding miRNAs, and 
cancer protein molecular weights[13]. Cancer prediction is 
based on an abnormality of the carcinogenic gene. 
Therefore, the oncogenic gene group should be identified 
first. NGS (Next Generation Sequencing) is commonly 
used as a gene analysis technology. NGS is analyzing 
cancer genes very quickly and accurately. Currently, the 
US gene analysis company can analyze up to 416 
oncogenes[14]. Cancer prediction begins at the 
cellular level. Metabolism takes place in one cell for  

24 hours. When a problem occurs in a metabolic 
process, the cell is switched to one of two pathways. 
One is cell apoptosis, the other is cell survival. When 
cell survival continues, it develops into cancer cells. 
Cancer cells are created when normal cell anomalies 
occur and still survive. DNA mutation and DNA 
methylation are typical cell abnormalities (Table 1). 
Cells cross each other when two chromosomes face 
each other in the replication process. As the crossing 
phenomenon recurs, the nucleotide sequence of the 
parent cell and the nucleotide sequence of the son 
cell are slightly different. It is the Copy Number that 
indicates the changed number (Table 1)[15]. 
 

 
[Table 1] Cell Aberrations.

 
Data 

 

 
Positive Factor 

 
Neutral Factor 

 
Negative Factor 

[1]Mutation 100 010 001 
[2]Copy Number 100 010 001 
[3]Gene expression 100 010 001 
[4]DNA Methylation 100 010 001 
[5]Micro RNA 100 010 001 
[6]RPPA 100 010 001 

*RPPA : Reverse phase protein array  
 
Cancer prediction should be done in several steps. 
Therefore, it is difficult to apply only ANN-based 
auto-encoder. DBN-based Stacked Auto-encode is 
the most suitable[16]. It important to identify onco 
gene group. The list of the genes group should be 
confirmed. Next-generation sequencing would enable 
accurate, thorough, and cost-effective identification 
of  mutations and CNV(Copy number variation) for 
cancer cell[17]. Analysis of the nucleotide sequence 
of a mutant or copy number variation (CNV) allow 
us to find out a different sequence from the wild type. 
However, the types of cell aberration are diverse, as 

shown in Table 1. There are 416 onco gene lists. 
Table 3 shows 40 of them. The first step in cancer 
prediction is the process of finding cell aberration in 
onco genes list. If an aberration is found in a cancer 
gene, such as Table 1, it is necessary that DBN 
classifies whether it is a factor activating cancer 
growth, a factor not related to cancer growth, or a 
factor inhibiting cancer growth. This is a first layer. 
The RBM model give a conditional value to the 
positive factors affecting cancer growth. This is again 
used as the basis for the 2nd layer. 
 

 
[Table 2] [DNA Methylation]

DNA CpG H3K3(Lysine 3) H3K9(Lysine 9) H3K29(Lysine 29) 
1(Yes) 0(No) 0 0 
1(Yes) 1(Yes) 0 0 
1(Yes) 0 1 0 
1(Yes) 0 0 1 

  
For example, the KRAS gene aberration occurred in 
the onco gene list(Table 3). That is, if a methylation 
was detected in the CpG island of the KRAS gene 
promoter region, it is necessary toanalyze the 
possibility of methylation in cancer growth[19]. As 
shown in Table 2, it is possible to understand the 
difference in tumorigenesis according to which part 
(lysine group) specifically binds methyl group. There 
is Big Data on the difference in the likelihood of 
carcinogenesis according to the methyl group 

bonding position among lysine groups 3, 9 and 
29(Table 2). This makes the second layer and 
applying the RBM model gives a conditional value 
for cancer prediction. 
 
3. Applications of Deep Learning  
Starting from the onco gene group and going through 
several layers, A label(the correct answer) comes out. 
a label predicts a cancer. Pre-training using DBM, 
which applies RBM models to each floor, can 
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eliminate errors such as false positives and false negatives[20]. Then, the fine tuning is repeated by 
the BP method for upgrading the accuracy of the 
output value. The DBM is an unsupervised Learning 

without a label, the BP-based ANN is a supervised 
learning with the label[20]. 

  
[Table 3] : Input/layer 1/ Onco Gene List

AKT1 BCL2 CDH1 EGFR FGFR1 KRAS PDGFRB RB1 
AKT2 BRAF CDK4 EPHB4 FGFR2 NRAS PIK3CA SMO 
AKT3 BRCA1 CDK6 ERBB2 FGFR3 HRAS PIK3R1 TOP1 
APC BRCA2 CSF1R ERBB3 FLT3 MDM2 PTCH1 TP53 
ATM BAP1 CDKN1B ERBB4 FAS MDM4 PTCH2 HER2 

 
Now, when point mutations have occurred in an onco 
gene in Table 3, Let's look at the algorithm to apply, 
All onco genes enter the input layer as unlabeled data. 
The gene which occurred aberrations in Table 3 is 
sent to the next layer. It must be checked for genetic 

aberrations at layer 2 as shown in Table 4. The gene 
anomaly pattern in Table 4 can be easily found by 
comparing it with the nucleotide sequence of the 
wild-type gene. 

[Table 4] : Layer 2/ Gene Aberrations 

Point 
Mutation 

Insertion 
(CNV) 

Deletion 
(CNV) 

Aplification 
(CNV) 

Fusions Translocation 

1 0 0 0 0 0 

0 1 0 0 0 0 

0 0 1 0 0 0 

0 0 0 1 0 0 

0 0 0 0 1 0 

0 0 0 0 0 1 

1 0 0 1 0 0 

 
For example, if the KRAS gene is a point mutation, it 
must be identified the basic pattern of the point 
mutation. Usually, the base is a complementary bond 

of A-T and C-G. When the point mutation occurs, the 
basic pattern collapses and various base 
combinations are generated as shown Table 5 

 
[Table 5] : Point Mutation/Amino Acid Sequence 

Amino Acid 
 

 
T(11) 

 
G(10) 

 
A(00) 

 

 
0011 

 
0010 

 
C(01) 

 

 
0111 

 
0110 

 
[Table 6] : Layer 3/KRAS GENE Point Mutation 

Wild Type : 
-GGTGGC- 

[1] Mutant Type : (G12A) 
-GCTGGC 

[2] Mutant Type : (G13D) 
-GGTGAC- 

-101011101001- -100111101001- -101011100001- 
[3] Mutant Type : (G12S) 

-AGTGGC- 
[4] Mutant Type : (G12V) 

-GTTGGC- 
[5] Mutant Type : (G13A) 

-GGTGCC- 
-001011101001- -101111101001- -101011100101- 

[6] Mutant Type : (G12R) 
-CGTGGC- 

[7] Mutant Type : (G13S) 
-GGTAGC- 

[8] Mutant Type : (G13V) 
-GGTGTC- 
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-011011101001- -101011001001- -101011101101- 
[9] Mutant Type : (G12C) 

-TGTGGC- 
[10] Mutant Type : (G13R) 

-GGTCGC- 
[11] Mutant Type : (G12S2) 

-TCTGGC- 
-111011101001- -101011011001- -110111101001- 

 
The KRAS gene basic pattern is the wild type in 
Table 6. Table 6 shows that the KRAS point 
mutation pattern is at least 11. In Table 6, we can 
find patterns that have the correlation with the 
frequency of cancer occurrence among the 11 point 

mutations. This could be learned by applying the 
DBN model with RBM method. Let's us perform 
actual prediction using ANN model with BP method 
as in Table 7. 

 
[Table 7] Cancer Prediction 

Input 
Layer 

TH 
(0.8) 

 Hidden 
Layer(1) 

TH 
(0.5) 

 Hidden 
Layer(2) 

TH 
(0.5) 

 Out 
Layer 

Gene -1 0.2         
 
Colon 

Gene -2 0.5. Gene 4 0.7   
Gene -3 0.4   Gene 4 0.4 
Gene -4 0.8     
 
Gene -5 0.9         

 
Breast 

Gene -6 0.4 Gene 5 0,3   
Gene -7 0.1     
Gene -8 0.6     
 
Gene -9 0.6         

 
Lung 

 
 

Gene-10 0.6     
Gene-11 0.5     
Gene-12 0.7     

 
Gene-13 0.7         

 
Gastric 

Gene-14 0.2 Gene15 0.6   
Gene-15 0.8   Gene 15 0.6 
Gene-16 0.5     
 
Gene-17 0.7         

 
Pancreatic 

Gene-18 0.3 Gene20 0,4   
Gene-19 0.4     
Gene-20 0.9     
* TH : Threshold.  

 
The input layer gene groups are all onco genes. 
Threshold value can be obtained from the Big Data, 
which is a survey of the effects of each gene 
aberrations on carcinogenesis. If a mutation, CNV, or 
methylation is detected from the genetic test result, it 
is given basic value. If the result value exceeds the 
threshold value, it is transmitted to the hidden layer. 
The gene transferred to the hidden layer from layer 1 
again is determined whether it is a driver gene that 
directly affects carcinogenesis or a passenger gene 
that does not affect carcinogenesis. It can be seen 
from Big Data on the genetic test result of cancer 
patients. Once the threshold is exceeded, it is 
classified as a driver gene and transferred to hidden 
layer 2. If the tumorigenesis probability of the gene 
aberration transferred to the hidden layer 2 is 50% or 
more, it is transferred to the output layer for cancer 

prediction. Big data in genetic mutation grows with 
time. At some point in time, there will be more cases 
in which the gene that was first considered  
 
a passenger gene is converted to a driver gene. As the 
number of gene mutation tests increases, the accuracy 
of cancer prediction will increase in the future. Genes 
4 and 15 are genes that are transferred to the hidden 
layer 2. Among them, gene 15 shows that the 
probability of actual cancer is more than 50%. It can 
be seen that lung cancer is the most common cancer 
from 15 genetic mutation. The client may be 
informed of the risk of lung cancer. 
 
CONCLUSION  
 
The most important thing in the cancer prediction 
algorithm design is to improve the accuracy of the 
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prediction by eliminating positive false and negative 
false[31]. When the onco gene is expressed, it is 
reported that it is not a cancer, or even when there is 
no expression of the onco gene, it is reported that it is 
a cancer. it gives great suffering to the patient. No 
matter how sophisticated the algorithm design is, the 
classification of the data entering each layer is still a 
doctor's role. This is the fundamental reason why 
artificial intelligence doctors and human doctors must 
cooperate with each other. 
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