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Abstract: Tumor hypoxia develops as an adaptation taken up by the cancer cells during prolonged radiation and chemotherapy. The cancer cells start to 
survive in the harsh environment of less oxygen and poor vasculature, with this modification. The tumor microenvironment is set up as a result of 
mutations occurred in hypoxia specific genes. A tool has been developed to identify the mutation involved in causing the variation and promoting the 
disease. The main objective of the work is to design an early prediction tool for tumor hypoxia mutation and to identify the genetic variants to understand 
the susceptibility of cells to the mutations. The predictive model has been found to have an accuracy of 72.5% and the genetic markers have been 
identified using pharmacogenomic approach. 
 
Index Terms: Convolutional neural network, deep learning, genetic signature, microenvironment, mutation detection, pharmacogenomics, Tumor 
hypoxia.   
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1. INTRODUCTION 
Cancer is one of the life-threatening diseases that has led to 
mortality and affected lives of more than nine million people 
every year, according to WHO report [1]. And it is said that 
majority of cancer deaths could be prevented by identifying 
and minimizing potential risk factors. It has been found that 
during prolonged use of radiation and chemotherapy, the 
effectiveness of most of the anti-cancer drugs reduces [2] due 
to the attainment of hypoxic conditions in and around cancer 
cells [3]. The condition acts as a hindrance in treatment of 
cancer as it promotes drug resistance [4], [5]. In such cases, 
most of the known anti-cancer drugs fails to act on reduced 
tumors and cancer cells. The suggested 'Hypoxia Responsive 
Drug Delivery Systems' fails in most cases as the drugs used 
in the systems may not meet the requirements of the hypoxic 
environments. In pathological conditions hypoxia maintenance 
plays a major role in cellular homeostasis. In tumorous 
conditions, due to increased neovascularization, there is 
drastic disregulation of oxygen balance in the cells. Among the 
various types of hypoxia conditions that occur, under 
tumorigenesis, cellular hypoxia cannot be balanced with the 
normal regulatory mechanisms of the body. The tumor hypoxia 
occurs as an adaptation taken up by the cancer cells to 
increase drug resistance towards anti-cancer drugs. It is a 
major disadvantage coming across while following therapeutic 
procedures for solid tumor. It results in resistance to most of 
the anticancer drugs and accelerates malignant progression 
and extensive metastasis with this modification. Due to the 
lack of proper signalling in the hypoxic microenvironment [6], 
the condition cannot be detected in advance, leading into 
unnecessary delay in the diagnosis and treatment. 

 
1.1 Tumor hypoxia  
Hypoxia is a common condition attained in the tumor cells 
during continuous use of chemotherapeutic drugs or exposure 
to radiotherapy in a majority of malignant tumors and is 
characterized by setting up of an unexpected lower level of 
oxygen content [7]. 

 

 It has been found that in most cases, this condition results in 
altering cancer cell metabolism leading into setting up of drug 
resistance and favoring cell quiescence [8]. The involvement 
of various genes and mutations associated with this condition 
can be identified through the „gene expression analysis‟. The 
major genes associated with the condition have been 
identified using gene expression profiling. The structural 
modification of the tumor cells associated with these mutations 
lead into a „hypoxic microenvironment‟ within the tumor cell 
locality with a closely packed cellular matrix [9], [10]. Due to 
the high structural and functional complexity of the condition, 
most of the bio-molecular recognition techniques would 
become inadequate in identifying the condition [11]. Moreover, 
the individual genomic variations resulted by the 
pharmacogenomic attributes make the condition worse. 
Hence, the identification of the expression profile of the tumor 
environment and the mutations associated with the condition 
has been suggested as an alternative method for predicting 
the tumor hypoxia.  In the present work, a deep learning-
based machine learning approach has been adopted for the 
purpose. 
 
1.2 Deep learning    
The recent advancements in machine learning such as the 
deep learning technique has outperformed the conventional 
techniques of mutation detection. The „multi-layered 
Convolutional Neural Network (CNN)‟ helps in obtaining and 
training the necessary features while performing image 
processing [12], [13]. Generally deep learning technique 
involves training of the model with many datasets. However, in 
the case of biological conditions, the number of 
histopathological images of the conditions such as tumor 
hypoxia is limited. However, the advanced one-shot algorithm 
using „Siamese Neural Network (SNN)‟, has been found to be 
a suitable learning and predicting environment in such cases 
with only few training samples [14]. The proneness of an 
individual towards each „hypoxia causing mutation‟ can be 
predicted by characterizing the „Single Nucleotide 
Polymorphism (SNP) corresponding to the respective genes 
[15]. It is suggested that the condition can be effectively 
controlled by using SNP markers for analyzing the proneness 
and the prediction tool using SNN for studying the mutations. 
 
1.3 Pharmacogenomics    
Pharmacogenomics is the study of correlation between drug 
and response of a person to it, considering the genetic factors 

 
 

———————————— 
 B.Vaisali is currently pursuing PhD degree program in Computational 

Engineering and Networking in Amrita Vishwa Vidyapeetham, India.     
E-mail: vaisali9395@gmail.com 



INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 8, ISSUE 11, NOVEMBER 2019       ISSN 2277-8616 

134 
IJSTR©2019 
www.ijstr.org 

of the individual. The pharmacogenomic analysis has been 
carried out to identify proneness of the individual to the 
hypoxic mutations through genomic, epigenomic, 
metagenomic and environmental genomic analysis. The Single 
nucleotide Polymorphism (SNP) has been taken up as the 
prominent genetic signature [16] and the study focuses on the 
South Asian population.  
 

2 MATERIALS AND METHODS  
 
2.1 Gene Expression profiling 
Gene expression analysis has been performed using 
Expression Atlas and the gene profile was obtained to identify 
the parent genes that are involved in the hypoxia tumor set up. 
The expression of the genes in 27 cell lines of breast cancer 
has been studied and has been subjected to boxplot analysis. 
 
2.2 Pharmacogenomics 
The Pharmacogenomic analysis comprising of genomics, 
Epigenomics, Metagenomics, Environmental genomics have 
been carried out to understand the various factors that 
influence the genes and may lead to mutation [17]. The 
genetic marker or the Single nucleotide polymorphisms that 
helps in knowing susceptibility of the individual to the 
mutations have also been found [18]. 
 
2.2.1 Genomics 
The chromosome number and location of the tumor hypoxia 
genes have been acquired from National Centre for 
Biotechnology Information (NCBI) [19]. The genetic variations, 
SNPs specific to the South Asian population have been 
identified using SNP nexus [20]. 
 
2.2.2 Epigenomics  
Apart from the involvement of the genomic variations directly, 
the epigenomic factors such as DNA methylation, histone 
modification, miRNA mediated modification also play major 
roles in causing mutations. Among them, the DNA methylation 
is found to be the most significant epigenetic factor, causing 
variation in the CpG islands of DNA. The SNPs corresponding 
to cause methylation in the CpG regions have been identified 
using Meth Primer [21] [22]. 
 
2.2.3 Metagenomics  
The microbial influence in causing hypoxia mutation has been 
studied by comparing the hypoxia causing genes with the 
microbial genome. The most similar sequence has been found 
to be possessing greater chance to influence the gene of 
interest in setting up the microenvironment [23]. The study has 
been performed using NCBI Basic Local Alignment Search 
Tool (BLAST) [24]. 
 
2.2.4 Environmental genomics   
The environmental factors are found to be highly influential in 
causing mutation in genes and helping them in building-up of 
habitat for the disease to survive.  The chemicals that are 
capable of interacting with the hypoxia genes have been 
identified using „Comparative Toxicogenomics Database 
(CTD)‟ [25], [26]. 
 

2.3 Deep learning   
 
2.3.1 Data collection  
The pathological images of the selected 11 genes involved in 
tumor hypoxia, BNIP3, CDKN1A, CREB1, CXCL12, EDN1, 
FLT1, HIF1A, HMOX1, NOS3, NT5E, and SERPINE1 have 
been taken up. The images were obtained from Human 
Protein Atlas [27]. The dataset comprises of 12 classes of 11 
hypoxia genes and one other class containing pathological 
image samples of other genes. Totally 264 images have been 
acquired and 80% of the samples have been used for training 
and 20% for evaluation. 
 
2.3.2 Algorithm    
Deep learning has been implemented using the one-shot 
learning technique which shows capability of training with 
limited number of data sets. The Siamese neural network 
(SNN) appears as an identical twin network. It works with the 
symmetrical property in identifying similarity between two 
samples taken up for the twin network [28]. The predefined 
SNN performs training with two samples considered with the 
same parameters in both the networks [29] (figure 1).  
 
2.3.3 Network architecture     
The twin network contains 4 convolutional neural networks, 
first convolution layer with 64 10x10 filters, second 
Convolution layer with 128 7x7 filters, third convolution with 
128 4x4 filters, and the fourth convolution layer with 256 4x4 
filters. Each of the convolutional layer is followed by Rectified 
linear unit (ReLU) activation function and a maxpooling layer. 
The absolute difference between the outputs of twin network is 
calculated in the fully connected layer and given as input to 
the classifier.  

 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

3 RESULTS AND DISCUSSION 
 
3.1 Gene expression profiling  
As a result of the Gene expression profiling, the ‟hypoxic 
tumor environment‟ has been observed to be set up by 
variations in genes such as  BNIP3, CDKN1A, CREB1, 
CXCL12, EDN1, FLT1, HIF1A, HMOX1, NOS3, NT5E, 
SERPINE1  (figure 2) . These mutations are characterized by 
providing closely packed tumor cells with comparatively 
smaller ‟extra cellular matrix‟, and resulting in a relatively 
hypoxic microenvironment. The cumulative effect of the genes 
responsible for setting up of hypoxia and their genetic 
signatures determine individual‟s proneness to the condition. 
The tumor cells become highly resembling normal cells in 
most of the physico-chemical attributes, making it hardly 

 

 

Fig. 1. Model architecture 
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possible to distinguish between them by the normal bio 
molecular cellular recognition techniques. 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

 
3.2 Genomics   
The mutations BNIP3, CDKN1A, CREB1, CXCL12, EDN1, 
FLT1, HIF1A, HMOX1, NOS3, NT5E, SERPINE1 have been 
identified to be involved in forming tum0r hypoxia 
microenvironment. The SNPs indicate the susceptibility of the 
cells to survive in the hypoxic environment and promote 
metastasis among the South Asian population (Table 1). 

 
3.3 Epigenomics    
The DNA methylation has been identified to be the significant 
epigenetic factor that leads to genetic modification. Normally 
the DNA methylation is caused mostly in cytosine and guanine 
rich regions called the CpG Island present in the DNA 
genome. The Single Nucleotide Polymorphisms (SNPs) 
present in CpG islands of these genes called the MeSNPs are 
considered as the genetic signature behind this condition. The 
MeSNPs found in South Asian population have been listed 
(Table 2).The people having these SNPs are more prone 
towards hypoxia during chemotherapy or radiation.  
 
3.4 Metagenomics     
The microbial genomes found to be most similar with our 
genes of interest have been identified and they are said to 
influence the genes in causing mutation. The microorganisms 
showing maximum contribution in this regard have been listed 
along with their genetic variants (Table 3). 

 
3.5 Environmental Genomics       
The environmental factors such as chemicals interact with the 
genes and act as mutagens causing mutations in these genes. 
The various chemicals influencing the genes and leading to 
harmful effects and thereby promoting the disease have been 
identified and listed in Table 4. 
 
3.6 Mutation detection using deep learning          
A deep learning technique using one shot learning has been 
taken up for mutation detection and to identify the gene 
responsible in promoting cancer cell survival with tumor 
hypoxic adaptation. The model has been trained for 3000 
epochs at a learning rate of 0.003. The predictive model 
shows an accuracy of 72.5% in identifying the hypoxia 
mutation (figure 3).  
 
 

 
 

 
 
 

TABLE 1 
TUMOR HYPOXIA GENES WITH THEIR SNPS FOUND IN SOUTH 

ASIAN POPULATION  

S.No Gene SNPs in South Asian 
Population 

1 
BNIP3 

rs1050704, rs143231747, 
rs150504276 

2 
CDKN1A 

rs191705141, rs200474454, 
rs541505866 

3 
CREB1 

rs533287453, rs534114539, 
rs534114539 

4 
CXCL12 

rs183443274, rs200785547, 
rs550190047 

5 
EDN1 

rs150128166, rs565425223, 
rs576313237 

6 
FLT1 

rs536239359, rs539329072, 
rs565012505 

7 
HIF1A 

rs185838383, rs540883086, 
rs571064312=- 

8 
HMOX1 

rs141730669, rs146227657, 
rs200255845 

9 
NOS3 

rs141089940, rs368180942, 
rs375829467 

10 
NT5E 

rs199573247, rs200664520, 
rs387906620 
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TABLE 2 
TUMOR HYPOXIA GENES WITH THEIR MESNPS FOUND IN SOUTH 

ASIAN POPULATION 

S.No Gene MeSNPs 

1 

BNIP3 

rs1021614917, 
rs1026795557, 
rs111632741 

2 

CDKN1A 

rs138007803, 
rs141318160, 
rs141423474 

3 

CREB1 

rs141840097, 
rs143120108, 
rs146062007 

4 

CXCL12 

rs1005705357, 
rs11239027, 
rs139205389 

5 

FLT1 

rs111458691, 
rs111808050, 
rs117031451 

6 

HIF1A 

rs113855813, 
rs11549466, 
rs117037524 

7 
HMOX1 

rs2071747, rs9282700, 
rs9282701 

8 

NOS3 

rs184791367, 
rs369111871, 
rs372963735 

9 

NT5E 

rs145557549, 
rs146950204, 
rs148854585 

 

Fig. 2. Gene expression profiling.  
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4 CONCLUSION 

Tumor hypoxia is considered as one of the major factors 
causing hindrance to the therapeutics and drugs against 
cancer. The tumor hypoxic mutations BNIP3, CDKN1A, 
CREB1, CXCL12, EDN1, FLT1, HIF1A, HMOX1, NOS3, 
NT5E, SERPINE1 have been studied and analyzed. The 
SNPs corresponding to proneness of mutation have been 
identified. For the early prediction of mutation, a deep CNN 
model has been designed using one shot algorithm with 
72.5% accuracy. The proposed system addresses the problem 
faced by expensive conventional mutation detection technique 
and the SNPs identified make them more individual specific.  
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