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Abstract 

 Modern science revealed the ultimate importance of single nucleotide 

polymorphisms, directing several research programs towards the unraveling of their 

contribution in living organisms’ functions. Towards this direction, Dr. Patrinos 

laboratory grant me access to real data of the genome of 14 Greek individuals, initially 

aiming to provide a statistical analysis upon them, thus initiating the development of 

the below mentioned software platform, Freqy, which enables the user to interact 

with genomic databases towards data mining and statistical analysis of population 

data.  

After this statistical analysis, the main goal of the thesis turned to a wider 

scope, to the development of an integrated bioinformatics tool that falls within the 

Comparative Genomics field, as its main functionality is the comparison of the 

genomic features of different populations. 

Comparative Genomics reveal similarities or differences between different 

organisms or populations. By using comparative genomics on single nucleotide 

polymorphisms, many nominated candidates related to a specific phenotype or 

functionality may arise. Freqy, enables the user to interact with genomic databases 

towards data mining and statistical analysis of population data. The statistical analysis 

performed by this software is based on Pearson-Chi square test, a formula that 

determines the association between categorical variables. Furthermore, two plot 

types can be created by using this tool to empower data visualization. The first graph 

is a bar plot that visualizes the frequencies of SNPs observed among the population of 

interest and the second one is a Heat Map plot which visualizes the calculated p-values 

per SNP of the sample data in contrast to the populations of interest.  

This program can interact with both Ensembl and 1000Genome databases, 

granting access to the most updated data. User can obtain many crucial data according 

to the available options given to him. To create this software, we used Matlab 

programming language and tested its functionality on the real data obtained by Dr 

Patrinos wet lab techniques. We performed statistical analysis on these 14 Greek 

individuals in contrast of the TSI and CEU population. TSI and CEU population SNPs 

datasets were mined from Ensembl database through this tool and were statistically 
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analyzed via the software. Afterwards, both type of plots were created and the 

outcome was analyzed further in the below presented study case. 

  Freqy is an innovative tool, which can contribute in the analysis of human 

genome, indicating SNPs among different populations with similar or non-similar 

observation frequencies. The use of this software may give a guide to scientists on 

which SNPs to focus each time according to their research purpose. 
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Introduction 

In current days, technology has penetrated into every field of science giving 

precedence to many challenging research findings. Technology played a key role in the 

development of new massive, fast and cost-effective techniques in the field of life 

sciences.  

DNA sequencing is the cornerstone of discovering inheritance, diseases and 

phenotypes (Rehm, 2013). The analysis of genomic variants can assist genotype to 

phenotype correlations towards optimum disease management and theranostics 

(Simon-Sanchez et al., 2009). Taking into account that there is a huge amount of data, 

making it impossible for the human mind to perform the analysis in a timely manner, 

new bioinformatics approaches and tools are developing with an emphasis for the 

analysis of genomic variants (especially, SNPs) and their association with clinical 

phenotypes and drug toxicity/efficacy. Notably, genotype and allele frequencies 

exhibit population differences, indicating that it is crucial to determine such 

population differences and explore their reasoning as well as their statistical 

significance (Fullwiley, 2007). The field of comparative genomics has flourished on the 

basis of this evolution, which originated from the explosion of information concerning 

DNA sequencing. The development of this field has given scientists a boost to gather 

many crucial genomics data and information, impossible to collect using previously 

available tools. 

 Herein, we introduce a new bioinformatics platform, Freqy, which determines 

population differences (and their accompanying statistical significance) for SNPs in 

question using Matlab programming language. Freqy is easy to use, since only a 

minimum knowledge and adequate skills in computing are needed. All complex 

algorithms are hidden behind a beautifully designed graphical user interface, which 

gives the possibility to facilitate data intensive processes. We have used data and text 

mining techniques, databases methods, statistical test functions and other 

computational and mathematical methods to find the most significant single 

nucleotide polymorphisms between different populations. These significant SNPs can 

emerge either due to their similarity or to their difference in population frequencies. 

For this, publicly available data (ENSEMBL database) were analyzed and compared 
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with data, obtained by using wet-lab techniques in Dr. Patrinos lab. These data include 

the whole genome analysis of 14 Greek individuals and are used as a case study in this 

project. 
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Freqy - The Biological Background  

DNA and the Central Dogma of molecular Biology 

 

DNA is the main carrier of life information. In 1958 Francis Crick, stated the 

central dogma of molecular biology, which clarified the importance of DNA molecules 

in each form of life. "The Central Dogma. This states that once ‘information’ has passed 

into protein it cannot get out again. In more detail, the transfer of information from 

nucleic acid to nucleic acid, or from nucleic acid to protein may be possible, but transfer 

from protein to protein, or from protein to nucleic acid is impossible. Information 

means here the precise determination of sequence, either of bases in the nucleic acid 

or of amino acid residues in the protein.” (Hunter, 2000). This dogma (Figure 1) defines 

the flow of genomic information.  

 

  

 

Nucleotides are monomer units, composed of three subunits, a nitrogenous 

base (A, T, G, C), a five-carbon sugar (deoxyribose) and phosphate group. The 

phosphate molecules connect to the sugar-rings connecting two nucleotides and 

creating a long chain like DNA. Sugar and phosphate bonds consist the DNA backbone-

helix. Each helix of the double strand of a DNA is characterized by an orientation, one 

of them is 5’ end to 3’ end and the other is exactly the opposite. This orientation is the 

reason of base pairing and complementary of the bases. The sequence of nucleotides 

in the DNA chain determines many life characteristics, in the exterior and the interior 

Figure 1: An overview of the central dogma (Patti et al., 2012) 
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of an organism. The four most known nucleotides, A, C, G, and T have a slightly 

different synthesis (Vande Berg et al., 2001). 

Nucleotides are separated in two groups, Pyrimidines (Cytosine and Thymine) 

which have a single six-member ring and Purines (Guanine and Adenine) which have 

a double ring of a five-atom ring attached by one side to a six-atom ring. Another 

nucleobase, which is found only in RNA domes is Uracil (U). This nucleotide among, A, 

G, C consist the bases of RNA. Uracil is supplementary to Adenine, and they are 

bonded via two hydrogen bonds (Bessman et al., 1958). The dome of Nucleotides is 

depicted in Figure 2. 

 

Figure 2: Structure and synthesis of nucleotides (Cafferty et al., 2016). 
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Single-nucleotide polymorphism (SNP) 
 

Single-nucleotide polymorphisms (SNPs) represent variations in nucleotides 

and are the most common type of human genetic variation.  SNPS can be found in 

coding or noncoding regions of DNA (Cargill et al., 1999) . A SNP can be a substitution, 

deletion or insertion of a nucleotide in a specific DNA locus. There are two alternatives 

in each position where a SNP occurs, the allele with the lower frequency observed is 

the minor allele. It has been shown through many research projects that the statistical 

distribution of these variations may be much higher in some human populations, 

geographical units or ethnic groups than others. There are approximately 10 million 

SNPs in a human genome, one in every 300 nucleotides (Consortium, 2003). 

 This nucleotide diversity is believed to occur during DNA replication and cell 

division (Begovich et al., 2004). Given that 99.9% of the genetic sequence in humans 

is exactly the same, it’s the remaining 0.1 % which makes each person unique. The 

different phenotype of each person is mainly a result of variations in genome (Check, 

2005). A variation can be either harmless or harmful.  

Besides direct sequencing, modern techniques detecting SNPs are real time 

PCR, microarray methods, electrophoretic mobility assays and enzyme based 

techniques. Thus, scientists are able to create human SNP profiles, define the SNP 

pattern of each individual and mustered groups of people based on their SNP profile 

for further analysis for personalized medicine. 

 

Genomics Research Projects  
 

The 1000 Genomes Project was launched in early 2000’s and was the most 

efficient scientific approach for creating an accurate database of human genetic 

variation  (Siva, 2008). Next Generation Sequencing (NGS) is a technique for whole 

human genome sequencing analysis. By using this technology, genome sequencing 

became cheaper and faster. It is worth mentioning that an entire human genome can 

be sequenced within a day (Mardis, 2008). Thanks to technological advances complete 

DNA sequences of many organisms were revealed, becoming very powerful tools in 

life science research areas making the spread of personalized medicine seem like an 

achievable goal within the next few years. 
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Another genomic project was the development of the Ensembl genome 

database. Ensembl genome browser arose through the collaboration of the European 

Bioinformatics Institute and the Wellcome Trust Sanger Institute in 1999. Ensembl 

provides free access to several annotated sequencing data. The annotation of these 

data was achieved by using computer algorithms, made for predicting gene locations. 

These data are stored in a well posed Data Base (Figure 3). Researchers are able to 

visualize, search and download every desirable information through a webpage, a 

friendly graphical user interface linked to the database (Hubbard et al., 2002b). 

Hereafter, the human genome is mostly sequenced, researchers’ interest 

tends to focus on sequence variations. Since the most frequently occurring variations 

are SNPs, they constitute the main research target. In 2000 there were approximately 

1.4 million documented SNPs (Uhl et al., 2001). This evolution established various 

SNPs databases. Understanding the role of SNPs, biologists will be one step closer to 

gene discovery and mapping, association-based candidate polymorphism testing, 

diagnostics/risk profiling, response to drugs, prediction of diseases, and gene function 

identification. This justifies the plurality of Bioinformatics projects on single nucleotide 

polymorphisms (Saeys et al., 2007).  

 

Figure 3: From data to databases in genetics bioinformatics (Bianco et al., 2013) 
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Comparative genomics 

The multitude of these genomic data would be useless without further 

analysis. Even though they give a sense of a global genetic map, this does not provide 

further knowledge on how this genetic information are linked to phenotypes and 

biological functions. The field of comparative genomics is called to solved this Gordian 

knot (Hardison, 2003). 

Comparative genomics field focuses on the comparison between genome 

sequences of different population or organisms. Through these comparisons scientists 

try to discover which genetic information differentiates the plethora of species from 

one another and gives individuals their unique characteristics (Touchman, 2010).  

The fundamental idea behind the development of comparative genomics is the 

evolutionary theory. Genome sequences comparing may reveal genetic similarities, 

leading to the conclusion that the two parts of the comparison are related and come 

from a common ancestor. The genetic information responsible for the appearance of 

similarities between different populations or organisms is conserved. This is the 

reason why these comparisons can be used for identifying biological functionalities. 

Vice versa, detecting the similarities on genetic elements of two parts coming from a 

common ancestor, may lead on the indication that this genetic element is related to a 

phenotypic characteristic (Ellegren, 2008). 

The marrow of comparative genomics lies on the fact that the conserved 

(similar) genetic elements across multiple species are limited, something that possibly 

suggests similar biological functions among these species. Sequences may be 

characterized by specific patterns on conservatory. For example exons are generally 

conserved in the pattern of 3 base pairs, which allowed scientists to create gene 

models, gene structure algorithms and species-specific RNA sequencing (Flicek et al., 

2013). 

As more large scale data of genomic sequences are obtained, more 

computational tools for analyzing and comparing these data are developed. The main 

scope of this computational tools is the visualization of the outcomes. These tools are 

build based on mathematical, statistical and algorithmic theory knowledge.  

Comparative genomics pave the way for many great scientific discoveries. Scientist 

have already applied them on agriculture and medical fields. 
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Another approach on comparative genomics is the comparison between SNPs 

frequencies. These studies have an outcome of lots of similar or non-similar SNPs. This 

problem is a side effect of population stratification, thus the diversity between the 

individuals of a subpopulation, which leads to different allele frequencies. The more 

divergent the populations are, the harder it gets to identify the similarities or non-

similarities on SNPs frequencies. However, the outcome of these analysis, combined 

with further analysis and knowledge can lead to the candidate SNPs. Furthermore, by 

using classification algorithms, like PCA (Principal Components Analysis), Artificial 

Neural Network the outcome can be narrowed down dramatically. 
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Technology inside Biology 

Bioinformatics 
 

Biology would not have been developed to its current standards without the 

contribution of technology. Scientists recognized this possibility of technology-biology 

partnership and developed the bioinformatics sector. Bioinformatics is the innovative 

and developing union of scientific fields, enclosing the computer-assisted data 

management of biological disciplines. This newly introduced scientific area combines 

biology and biological techniques with the methodologies of computer science, 

applied mathematics, statistics and algorithms (Gollery, 2005). The main purpose of 

this combination is the acquisition of a deeper understanding in many biological 

matters. The term, referring to the bunch of biological processes taking place in biotic 

systems, a word describing a field close to biophysics and biochemistry, was 

introduced by Paulien Hogeweg and Ben Hesper in 1970 (Hagen, 2000). Nowadays, 

bioinformatics has become a brilliant and autonomous scientific field, intertwined 

with the use of computational features in many biological fields, such as molecular 

biology, genetics and genomics. In the bioinformatics field, scientists use many 

information sources to obtain data, like literature, wet-lab experiments and 

databases, to combine and process them in unity (Figure 4). 

Figure 4: Typical flow of bioinformatics analysis (Kersey and Apweiler, 2006) 
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The rapid development of technology has resulted in the enormous evolution 

of genomic analysis. Presently, via genomic technologies, scientists are acquiring an 

extraordinary amount of information that would be merely a mass of useless raw data 

without a well-organized processing. It is obvious, that without the aid of 

computational methods these data could have never been handled manually or 

moreover, they would have never been obtained (Bumol and Watanabe, 2001). Thus, 

bioinformatics plays a key role in data acquisition, storage, analysis and integration of 

genomic data, a field called Big Data in Informatics Science. 

 

Big Data and Databases 
 

The term “Big Data” was initially introduced in the beginning of the millennium 

and it is characterized of Volume, Velocity, Variety, Variability and Complexity.  At first 

glance, it is obvious that big data analysis is the source of extremely useful knowledge 

extraction. There are plenty of techniques that could be used to computationally 

process this amount of data (Provost and Fawcett, 2013). Databases are one of the 

means that constitute a powerful tool in the field of Big Data. The term “database” 

refers to a systemically organized data structure, such as schemas, tables, views and 

other entities. The machine-user interaction is called database management system 

(DBMS) via which the user can interact with databases through the execution of 

queries. Over the years many computer languages-protocols have been developed in 

the scope of DBMSs like MySQL, Microsoft SQL Server, Oracle, and PostgreSQL (Pais 

and Stancalie, 2006). A biological database is a storage of life sciences information, 

gathered from wet-lab experiments, high-throughput experiments, proprietary 

knowledge, literature, and computational analysis. These virtual libraries cover a wide 

variety of biological areas, including genomic, proteomic, metabolomics and 

phylogenetic data classified into sequence, structure and functionality. Thereby, 

biological databases are the index of hundreds of biological libraries (Birney and 

Clamp, 2004). 

However, acquiring and storing this mass of information is not enough. All 

these data, which are saved in databases, need to be analyzed and processed to be 

translated into a comprehensible way for further use. It is crucial for scientists to 
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discover patterns and models in large data sets (Fayyad et al., 1996). The extensive 

analysis of raw data, today, requires several methods, such as artificial intelligence, 

machine learning and statistics. Data mining was created through this conjunction.  

Scientists who perform data mining create new automatic or semi-automatic 

algorithms to extract unknown patterns and groups of raw data, such as clusters, 

dependencies or predictions (Han et al., 2011). 

Usually there is a state model process for obtaining knowledge through 

databases. Knowledge Discovery in Databases (KDD) is a process divided in 5 steps: (1) 

Selection, (2) Pre-processing, (3) Transformation, (4) Data mining and (5) 

Interpretation/Evaluation of data (Figure 5) (Fayyad, 1996). During the Selection step, 

scientists define the problem, determine which data are relevant to it and extract 

them from a database of interest. In data intensive states, it is difficult to avoid 

statistical noise. Statistical noise is the data that are not consistent with the majority 

of observations and have a peculiar distribution within the sample(s) in question. 

During data Pre-processing, statistical noise is removed. Subsequently, data are 

transformed and consolidated in consistent forms for data mining. During Data 

mining, artificial intelligence algorithms are applied on data for extracting meaningful 

conclusions. Every finding of this methodologies need to be evaluated and ranked. 

Herein, statistical and mathematical models are applied to define their level of 

significance. Afterwards, scientists are ready for presenting any obtained knowledge 

in graphs and any other applicable visualized method to the end user (Parali, 2003). 

 

Figure 5: KDD model (Ganesh et al., 1996) 
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Databases and SNPs  

Currently the importance of SNPs is unsurpassed in several biological research fields. 

There is a large amount of free access databases (Table 1), which grant entrance to 

sequencing data. Although many data mining models have been introduced by 

researchers, a huge challenge remains when genotype to phenotype associations are 

considered (Holt et al., 2009). In recent years, as more genomes have been sequenced, 

the knowledge about genetic variation has increased. The most abundant type of 

them, SNPs, represent the principal, yet not fully explored conundrum (Reich et al., 

2003).  

Database Curator 

dbSNP-polymorphism repository NCBI, NIH, Bethesda 

ExPASy Molecular Biology Server Swiss Institute of Bioinformatics (SIB) 

European Bioinformatics Institute EBI EMBL/EBI 

GeneSNPs (Public Internet Resource) University of Utah Genome Center team 

ClinVar, NCBI National Center for Biotechnology Information 

Genatlas Jean Frezal, INSERM, Genethon, France 

Gene Cards Database 
M. Rebhan , J. Prilusky, V. Chalifa-Caspi & Doron Lancet Weizmann 
Institute, Rehovot, Israel 

GVS: Genome Variation Server Dr. Deborah Nickerson, Dr. Mark Rieder, and team U.S.A. 

HGVbase: the Human Genome Variation 
database 

Karolinska Institute, Stockholm, Sweden The European , 
Bioinformatics Institute (EBI), Hinxton, UK & The European, 
Molecular Biology Laboratory (EMBL), Heidelberg, Germany 

Human Gene Mutation Database,HGMD 
D. N. Cooper, E. V. Ball, P. D. Stenson M. Krawczak, Univ. of Wales 
College of Med. Cardiff, UK 

jSNP: base A database of Japanese SNPs 
Human Genome Center, Institute of Medical Science, The 
University of Tokyo 

Leelab SNP Database 
Irizarry,K. Kustanovich,V. Li,C. Brown,N.Nelson,S. Wong,W, Lee,C.J. 
UCLA Center for Bioinformatics 

The Human SNP database Whitehead Institute/MIT Center for Genome Research 

Online Mendelian Inheritance in Man, OMIM V. A. McKusick and colleagues Johns Hopkins Univ., NCBI 

PharmGKB: The Pharmacogenetics & 
Pharmacogenomics knowledgebase 

Stanford University U.S.A. 

Sequence Tag Alignment and Consensus 
Knowledgebase STACK 

The National Centre for Genome Resources (NCGR), U.S.A , South 
African National Bioinformatics Institute (SANBI) 

TSC: The SNP Consortium Ltd. 
Arthur L. Holden, The SNP Consortium, Ltd. North Deerfield, IL, 
USA 

Single Nucleotide Polymorphisms in the 
Human Genome- SNP Database 

Pui-Yan Kwok Washington Univ. St. Louis 
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Statistical Analysis and Applied Mathematics 
 

Bioinformatics are all about simulated experiments and closeness operations, 

which by definition may be far from realistic. Hence, it is challenging to develop and 

use the most appropriate mathematical model to achieve as far as possible realistic 

results (Ewens and Grant, 2006). Statistical analysis is used for identifying the relation 

between sample data and the underlying sub-population to create a model for the 

total population. Models can also be formulated through applied mathematics 

(Husmeier et al., 2006). The most commonly used statistical method is the statistical 

test. A statistical test is a mechanism for determining whether we can reject a 

hypothesis about a sample or not. Many statistical test models have been created 

throughout years (Table 2). 

 

Table 1: List of Statistical Tests 

Type of Test: Tests if: 

Correlational Association between variables 

Pearson 
correlation 

Strength of the association between two continuous variables 

Spearman 
correlation 

Strength of the association between two ordinal variables  

Chi-square Strength of the association between two categorical variables 

Comparison of 
Means 

Difference between the means of variables 

Paired T-test Difference between two related variables 

Independent T-
test 

Difference between two independent variables 

ANOVA Difference between group means after any other variance in the outcome 
variable is accounted for 

Regression Change in one variable predicts change in another variable 

Simple regression Change in the predictor variable predicts the level of change in the outcome 
variable 

Multiple 
regression 

Change in the combination of two or more predictor variables predict the 
level of change in the outcome variable 

Non-parametric Data does not meet assumptions required for parametric tests 

Wilcoxon rank-
sum test 

Difference between two independent variables - takes into account 
magnitude and direction of difference 

Wilcoxon sign-
rank test 

Difference between two related variables - takes into account magnitude and 
direction of difference 

Sign test Two related variables are different 
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In case the sample has categorical data, a commonly used statistical test is the 

Pearson's chi-squared test (Figure 6). It is used for evaluating if the difference between 

two or more statistical sets is observed randomly or it underlies their true relation of 

independence (Pirhaji et al., 2008).  Chi-square tests the probability of independence 

of a distribution of data, meaning that it is able to determine the probability of the 

two variables being related. This test is designed for categorical data, thus data has to 

be divided into separate groups, labeled with their frequency. For a Chi-square test, 

the degrees of freedom is approximately the number of rows minus the number of 

columns of the table within data are stored, minus one. They are very important as 

they constitute a factor into probability of independence (p-value) calculations 

(Lancaster and Seneta, 1969).  Also, Pearson's chi-squared test, is the best formula of 

comparing categorical data for similarity or difference. 

 

Figure 6: The Chi-Square Statistical Test Formula (McHugh, 2013) 

 

After obtaining the Chi-square value and the degrees of freedom, p-value is 

easily calculated. For a level of significance set to 0.05, every p-value lower than ‘’a’’, 

signifies independency between the variables. The lower the p-value is the variables 

are more independent. Chi-test is ideal for large datasets. Every set of comparing data 

must have probability equal up to 1. Pearson's chi-squared test, also known as Chi-

Square Test, has two strands of test 1) fitting rate and 2) independence rate (Bradley 

et al., 1979). To use this statistical test, the distribution of a variable in a sample has 

to be opus, for each cell. On the other hand, the independence between two variables 

can be closely approached. Chi-square examines the statistical significance between a 

dependent and an independent variable. Herein, p-value has to be calculated to 

determine their independence. 
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Freqy 
 

The aim of our project was to reveal SNP patterns and links in a biological 

framework using computational methods. We have developed a platform which finds 

those SNPs that are statistically significant among populations for a given sample. This 

software is built on the basis of statistical methodologies, like Pearson-Chi square test, 

text recognition techniques and databases data mining algorithms. 

The program is user-friendly and easy to operate. The source code of this 

executable is written in Matlab. Matlab was developed by Cleve Moler in late 70s 

(Moler, 2004). MATLAB (matrix laboratory) is an environment for code writing and 

also a standalone fourth-generation programming language. Fourth generation 

programming languages are more developer friendly, they support interaction with 

databases and can be used for graphical user interface building. This language was 

developed by MathWorks and is ideal for matrix manipulation and data visualization. 

Currently, many toolboxes have been created using Matlab (Martin and Smith, 2009). 

Herein, we have designed the GUI in an accessible and fast establishment 

approach, manipulated large volumes of data stored in matrices with efficient and 

rapid methods, but first and foremost we interacted with online biological databases. 

Without the ability of querying and accessing SNP data, this tool would just be a bunch 

of code calculating SNP frequency within a sample. For this, we have chosen Ensembl 

linking our code and many available databases, we have chosen Ensembl. 

Ensembl offers a plethora of advantages in contrast to other gene databases, 

as it came to light that Ensembl annotation (Figure 7) has much broader gene coverage 

than RefGene and UCSC and a higher percentage of multiple-mapped reads than other 

databases. Through these metrics, springs out that Ensembl may constitute the best 

option for the conduction of this research project (Zhao and Zhang, 2015). 
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Figure 7: Ensembl automatic annotation process (Curwen et al., 2004) 
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Data Processing 

Data Preparation 

Firstly, the user has to prepare the input file and hence, the VCF file has to be 

converted to an .xlsx file format. Also, if there are more than one chromosomes in the 

sample file, each chromosome should be included per Excel sheet. The above could 

be automated by our code. 

There are four standard columns; Chromosome, Ref, Allele and xref. 

«Chromosome» defines the chromosome on which the variation lies, “Allele” 

demonstrates which nucleotide is linked with number 1 under the column of each 

individual and “Ref” demonstrates the nucleobase linked with number 0. «Xref» is 

variations’ ID. Variations’ ID has to be in «rs» format.  The «rs» number of a variation 

is its accession number. It is commonly used in databases and each «rs» refers to a 

specific SNP. The acronym «rs» stands for Reference SNP cluster ID. This tag is assigned 

by NCBI to a cluster of SNPs in order to map them to an identical location (Bhagwat, 

2010). It is crucial for the analysis to modify the sample data as it has been requested 

before the beginning of this process (Figure 8). 

 

Figure 8: The format of the modified file after data preparation 
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The user has to format the sample input file on his own by using a common 

software like Excel, otherwise this software will not be functional. In this file, we have 

also replaced, N with integer 9 as it is easier to perform the forthcoming calculations. 

As shown above, there are fourteen people, and each of them has a combination of 

numbers for each variation. Each number of the combination, demonstrates the base 

regarding their haplotype on this position (Table 3). For example, in the paradigm 

above, for each variation an individual can possess 0, 1, 11, 09, 19, and 99. Each 

number represents a nucleobase. Person with 0, is actually 00, which means that in 

the locus of this variation he has (<Ref> <Ref>. Considering that, 1=Allele, 0=Ref and 

9=Not Known). 

 

Table 2: Combination numbers for each variation and their meaning. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Combination Annotation 

0 <Ref> <Ref> 

01 <Ref> <Allele> 

11 <Allele> <Allele> 

09 <Ref>  <Not Known> 

19 <Allele>  <Not Known> 

99 <Not Known> <Not Known> 
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Data Input 
 

After the preparation of the input file, the user can proceed with program 

execution. The central window (Figure 9) of this software has three main buttons, the 

«Import My File» button, «Import from DB» button and the «Create Plot» button. 

After initiating the application, the user has to press «Import My File» for a pop-up 

window to be displayed, pointing inside the file explorer (Figure 11), and waiting for 

the user to choose and load the file for processing. Several calculations start running 

in the background, in order to calculate and store the observed frequencies of each 

SNP in the sample data. 

 User is informed about this algorithm’s proggress by a lodaing bar (Figure 12). 

By pressing «Import from DB» another pop-up window is displayed giving users the 

option to create a file mined from 1000 Genomes or Ensemble for subsequent 

analysis. In order for the user to be able to select the third option, «Create Plot», a file 

for a subsequent analysis must be processed, either from downloading the data from 

interconnected databases, or by importing the sample data file from his computer. 

 

 

Figure 9: Overview of the main program’s window 
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Import My File 

The first function that is called in the program is the “calculate_sample_freq”. 

There are several steps inside this function. The first step is to import the file selected 

by the user into a Matlab matrix and find all the contained Reference SNP cluster IDs. 

If there are empty cells on the column «xref», these rows are deleted. Thus, the 

matrix, after this process, encloses only the rows containing the Reference SNP cluster 

ID. If a row has more than one «rs» IDs on the «xref» column, all of them are stored 

on it. Next, all of the Reference SNP cluster IDs of each chromosome are saved in 

subsequent text files, each chromosome in a different text file. These text files will be 

needed later for querying the interconnected database. 

Next, frequencies for each «rs» in the sample population in question are 

calculated. For each Reference SNP cluster ID, the program calculates the frequency 

of sample’s individuals possessing “Not Known”, 1N, 0N, 11, 00 and divides them with 

the number of individuals.  There are two frequencies for every «rs», one for the Allele 

and another one for the Ref nucleobase. Data are normalized, so that the sum of Allele 

and Ref is equal to 1. When this process is finished, the calculated frequencies are 

stored in a file (Figure 10), inside the folder of the executable. This file will be used 

later, although it is accessible to the user for any other use except for the program 

flow. 

Figure 10: The format of the processed file. 
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Import my File flow 
 

  Depicted below is the process flow that occurs after pressing «Import My File» 

button. The user should have the prepared, containing the desired population’s SNPs 

excel stored in his computer (preparation steps are mention above in section ''Data 

Preparation''). After pressing this button, a pop up is displayed so that the user can 

select the relative file (Figure 11). A loading bar appears to inform the user on the 

course of the processes (Figure 12). 
 

 

 
 
 
 

Figure 12: The loading bar which is displayed on the screen while the program is calculating 
the frequencies of the sample 

 

 

 

 

 

Figure 11: Pop up window giving the user the possibility to choose the wanted file to import. 
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Import from DB 

Freqy also enables statistical analysis of publicly available data, such as 

Ensembl and 1000 Genomes datasets. After pressing the button «Import from DB», 

another pop up window appears (Figure 13). Inside this software window, the user 

can search for SNPs related to a key word, which will be given as an input, and then, a 

full list of these SNPs is created in a subfolder of the dock station. Furthermore, the 

user may select SNPs related to a phenotype of a specific population or even select all 

the SNPs of a selected population. Due to the system’s properties and technical 

specifics, results cannot exceed the size of 300,000 rows. The user can, by giving a 

population ID, extract the file of SNPs referring to the selected population. If the user 

is interested in querying for this population only regarding the SNPs related to a 

specific phenotype, a check box is created. Herein, many options for data outputs are 

provided, such as defining the SNP’s of a population of interest referring to a specific 

phonotype like height and then create plots showing p-values in contrast of other 

populations.  

 

Figure 13: Extract Information from Database pop up window 
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Create Plots 
 

If the user needs to access other population identical «rs» frequencies, then 

the user should proceed employing data mining methods. By using Freqy, the user can 

select against which populations his data will be analyzed and whether the analysis 

will be a full statistical significance study or focused on the difference of specific «rs». 

After pressing the button «Create Plots», a new window opens (Figure 15). This 

window is the console by which the user will be able to control the flow of the 

software, by giving the necessary arguments and variables to extract the desired 

results. This window provides two available branches in the drop down menu and the 

user will have to choose between the «Differences» and «Statistically Significant» 

options, each of them will pave a different path to a completely unique outcome. For 

the first option, i.e. Differences, the requested input is both population ids and SNP 

ids, whose frequencies are compared. On the other hand, for the Statistically 

Significant option, only the population ids are requested. All the ids have to be written 

and separated by “;” and no spaces (for example “664;221;339”). A population id, is a 

unique number, by which a population is registered in the interconnected database. 

After providing his preference about the execution of the algorithms, user is also able 

to select from which database (1000 Genomes or Ensembl) to extract the desired data 

(Figure 14). In Freqy, the schemas of the Ensembl and 1000 Genomes database are 

“homo_sapiens_variation_85_37” and “homo_sapiens_variation_73_37”, 

respectively.  

 

Figure 14: The pop up window giving user the possibility to choose between Ensembl and 
1000 Genome Databases 
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Figure 15: The main plotting window of the software 

 

 

Throughout the process, various windows update the user on the course of 

actions. If there is no connectivity to the Internet or something in the execution of the 

algorithms went wrong, pop-up windows are displayed giving several options to the 

end user. Also, processing bars are represented to indicate in which step is the 

process. Furthermore, after querying the selected database, another pop up window 

informs the user on the outcome (Figure 16). 
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Figure 16: Warning pop-up windows of the platform when a) user tries unsuccessfully to 

terminate the program b) e-mail is not sent c) loss of internet connection d) no file is 

extracted for mentioned populations e) software interacts with Ensembl database 

 

 

 



Page 34 of 62 
 

Option “Differences” 

When the value «Differences» is selected in the drop down menu, the software 

reads the values in both string boxes and by pressing the «Plot» button, Freqy 

interacts with the selected database and requests to access the frequencies of minor 

and ancestor alleles per «rs» for each population given as argument. In case no data 

are returned or no connection is established, a warning pop up window is displayed 

to inform the user to take necessary actions. This validation also exists for the option 

«Statistically Significant». When the interconnection to the database of interest has 

led to results/outcomes, they are saved in a subfolder named «Differences». The 

queried and calculated frequencies of the input file are temporarily stored in a table 

format to create a bar plot (Figure 17). 

 

Figure 17: Example bar plot extracted for populations CEU, TSI and Greeks 
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Option “Statistically Significant” 

Here, functionality is more complicated. Even if the only requested input is the 

population IDs, the calculations in the background are more advanced and the 

visualization of the outcome is far more specialized. Ensembl and 1000 Genomes 

databases are again interfaced with the same way, except for the fact that the query-

input file is the content of the text files created at the first step of the operation, which 

contains all the «rs» IDs, one file per chromosome. Again, the table of contents which 

combines the frequencies (query) with the calculated frequencies (sample files) is 

created.  

At this point, the Pearson Chi-Square test is applied and the significance level 

is set to a= 0.05 (Table 4). The null hypothesis used here is that the frequency of each 

«rs» is independent of the population ID.  

For the button «Statistically Significant», a check box occurs in the program 

window to select which flow to follow. If the user wants to accept H0, then the check 

box has to be selected. The most significant SNPs are those with similar frequency 

values between populations. This is the option of similarity.  This also means that when 

we accept the H0, the weakest the relationship between frequencies of population 

SNPs and the populations is,  the greater the p-value against significance level. This 

similarity shown by these most significant SNPs is crucial as it points to a biological 

functionality, which is similar between the populations of the trial. 

The user should not check that box if he needs to define the SNPs for which 

the difference of occurrence is greater between our sample and other populations. In 

this case, p-value is lower than the level of significance, thus the population and the 

SNP’s frequency are related. In this scenario we cannot accept the null hypothesis and 

variations probably have more valuable dependency ratio on the population. 

These differences or similarities upon SNPs frequencies indicate that we need 

to analyze further.  Why do they occur? What is the functionality of these SNPs that 

makes their frequency percentage differ between populations?  Which gene do they 

affect? The value of p-value is likely a metric that SNPs with greater p-value have an 

effect in our sample’s population biological processes.  
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For example, H0: The frequency of occurrence of a SNP and population ID are 

independent and Ha: The frequency of occurrence of a SNP and population ID are not 

independent and 

DF = (rows of the grid - 1) * (columns of the grid - 1). 

If the p-value is lower than a, we reject the H0 in favor of Ha. Thus, the SNP in 

question has a relationship with the population.  

 For similarity in frequencies, before creating the plot, we calculated 1 minor 

p-value multiplied by 100, in order for the values to be readable. Here, the probability 

values shown are greater than 95%. For non-similar frequencies, the option was to 

normalize the data in a percentage scale. 

 

Table 3: Example of Chi-Square Calculations 

  

The results of the chi-square test are gathered and represented in a Heat Map 

(Figure 18). The Heat Map color bar shows an indicative probability of the p-value. The 

Heat Map is structured in columns, one column per Chromosome, and rows. 

Commonly, each cell represents a SNP and is colorized regarding its significance. The 

bar on the plot shows chromatically the p-value in question. The higher the p-value, 

the higher the statistical significance of Ha, and vice versa. By clicking on the plot, the 

user can see which Chromosome - «rs» are selected and their statistical significance, 

p-value.  

 

rs… 
Sample 
Population 

Comparing 
Population 
1 

Comparing 
Population 
2 … 

Comparing 
Population 
X Sum 

Allele 
a c e … g a+c+e+...+g 

Minor 
Allele 

b d f … h b+d+f+…+h 

Sum 
a+b c+d e+f … g+h (a+c+e+...+g)+(b+d+f+…+h) 



Page 37 of 62 
 

Figure 18: Statistically Significant Heat Map plot example 

 

After the application of the «Statistical Significance» flow, another button is 

displayed in the «Plots» window, the button «Press for More Info». After pressing this 

button, some calculations are taking place, creating a new file, which contains all the 

SNPs found only in the input file. Also, another window pops up (Figure 19), which 

includes five tables. The fist table summarizes the most significant SNPs per 

chromosome and the second one any related publication to them, such as the title of 

the publication, the authors, the DOI and other useful information. The third table 

contains some crucial information about the most significant SNPs (such as the 

sequence start and end regions). The forth table contains information about any 

related phenotype to the SNP(s) in question. Finally, the fifth table contains some 

metrics about the results, such as the number of SNPs found in all populations of 

interest etc. 
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Figure 19: Pop up window where other info related to most statistically significant SNPs are 
mentioned 

  

After the execution of the program, all created files are available in the execution 

folder for further analysis (Figure 20). At each execution iteration, all related files are deleted.  

  

Figure 20: Main folder structure inside the application 
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Other Functionalities 
 

Except for the «Import my File» and «Create plots» buttons, there are several 

other buttons in the central window. Some of them are the «E-mail me» button, the 

«Like» button next to a search bar and some linking buttons to webpages. In more 

detail, the «E-mail me» button, initializes a window in which the user is able to 

compose a message and send it to Freqy administrators/developer along with the 

user’s e-mail address (Figure 21). 

  

Figure 21: Main window of the application, providing the functionality of sending us an e-
mail 

 

 

 

The «Like» button is useful for finding the Ensembl’s population ID. The user 

has to write a word describing the population of interest in the search bar. A pop-up 

window is displayed, asking which data set to search. A full list of Ensembl and 1000 

Genomes population datasets have been downloaded and refined (Figure 22). First of 

all, two classes of populations arose, one referring and specializing on diseases and 

the other one referring to populations, without emphasizing on patients. The user is 

able to select which dataset would be explored.  
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Figure 22: The processing flow of searching for a specific population’s ID 

 

Installation of the Software and Matlab’s Functionality  
 

Matlab provides an easy way of compiling Matlab code files into an executable 

file. The executable file runs without using a MATLAB license. In order to be 

compatible with other machines that do not have Matlab installed, the MATLAB mcc 

compiler is packaged with the source code. When a clear installation of the Matlab 

executable is created, the Matlab MCC compiler has to be installed too. The source 

code a programmer needs to compile to an executable needs to meet a few 

requirements (Menon and Pingali, 1999). To install Freqy, the user needs to save 

freqy_pkg.exe in a folder and run it. Afterwards, the user just follows the instructions 

provided on the screen. When the installation is over, the user just runs freqy.exe and 

the program will open and be ready to perform its functionality. Herein, we have used, 

the Matlab R2012b software to develop our application. Matlab also provides an easy 

way to interact with any Sql/MySql database through an interface, using the “mysql-

connector-java” bin file. 
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Case Study 
 

In this case study, we decided to perform comparisons between populations 

known to come from common ancestors, such as Greeks (our sample data), 

Caucasians (CEU) and Toscans (TSI), expecting a result of more statistically significant 

SNPs, indexing to similarities in frequencies, that do not occur in populations without 

common evolutionary denominator like Africans (AFR) and Caucasians. Τhe strongest 

the relationship of populations, the more extended the similarities on genetic 

elements. To create this case study, we used Ensembl database in order to extract the 

relative datasets. 

Populations in Ensembl database are characterized by a three-letter code. 

These codes, like CEU and TSI, are acronyms and represent different populations. CEU 

is referring to Northern Europeans from Utah and TSI to Toscans from Italy. The term 

«Caucasian» was introduced by Christoph Meiners, a German philosopher. The 

Caucasian race enclosed all ancient and modern European populations, West Asia 

populations, Northern Africa and the Indians. Some particular characteristics 

determining Caucasian population are thin nasal aperture, small mouth, facial angle 

of 100°–90°, and orthognathism. Many genetic research projects about European 

populations have been conducted, leading to the conclusion that osteological 

variations and SNPs identify some specific genes, which form cranial features 

considered typical of Caucasians (Stathias et al., 2012). 

The genetic patterns of populations are highly influenced by their historical 

route and their geographical location. Western part of Europe has routs mainly from 

the Hellenic race. It is understood that the TSI and the CEU constitute good reference 

populations in order to compare the Greek population. Furthermore, it is expected 

that some regions of the Greek genomes are closer to the CEU population and some 

other to the Southern European Italian Toscan population (TSI) (Stathias et al., 2012). 
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Greeks & Caucasians (CEU) 
 

In order to assess Freqy, we have run the above mentioned algorithms on our 

sample and compared its SNPs frequencies to the CEU population ID as given by 

Ensembl. CEU is a three letter code representing the population of Northern 

Europeans from Utah (Montgomery et al., 2010). We have selected this population as 

it is believed that Greeks should be more close to Europeans as they both came from 

common ancestors. As a consequence, the SNPs that will result by similar occurrence 

frequency comparison will be more statistically significant than those between Greeks 

and other nations. The sample file we used contains the genome variation analysis of 

Greek patients, provided by Dr. Patrinos and his wet-lab team. The table below 

describes the European populations, used for the test case (Table 5). 

 
Table 4: Populations samples of Ensembl database related to Caucasians 

Populati
on ID 

Name Description 
Output 

File 

220 TSC-CSHL:CEL_caucasian  CELERA Collection of 30 unrelated Caucasian individuals 19 KB 

221 TSC-CSHL:CEL_caucasian_CEPH 
 CELERA Collection of 661 Caucasian individuals from 

CEPH pedigrees 
14 KB 

224 TSC-CSHL:MOT_caucasian 
 MOTOROLA Collection of 30 unrelated Caucasian 

individuals.  
12 KB 

225 
TSC-

CSHL:MOT_caucasian_CEPH 
 MOTOROLA Collection of 637 Caucasian individuals 

from CEPH pedigrees.  
12 KB 

226 TSC-CSHL:WICGR1_caucasian 
 WICGR Panel of 12 Caucasian multigenerational 

families, 93 individuals.  
11 KB 

227 TSC-CSHL:WICGR2_caucasian 
 WICGR Panel of 12 Caucasian multigenerational 

families, 93 individuals.  
- 

337 AFFY:Caucasian Caucasian 74 KB 

339 AFFY:CEPH Caucasian 74 KB 

354 PERLEGEN:MX_CAUCASIAN 
Self-reported Caucasians from Mexico City, of 
predominantly Spanish, European ancestry. 

12 KB 

664 CSHL-HAPMAP:HapMap-CEU 
Utah residents with Northern and Western European 

ancestry from the CEPH collection CEU is one of the 11 
populations in HapMap phase 3.  

1699 KB 

3571 ILLUMINA:CEU 
30 mother-father-child trios from the CEPH collection 

(Utah residents with ancestry from northern and 
western Europe)  

- 

3575 
PGA-UW-

FHCRC:CEU_GENO_PANEL 
This population of DNA is available from the Coriell Cell 

Repository (CCR). 
17 KB 

3790 EGP_SNPS:CEU_GENO_PANEL 
This population of DNA is available from the Coriell Cell 

Repository (CCR)  
26 KB 

5421 STRUEWING:BCAC_1 
45 unrelated reference subjects of European descent, 
primarily CEU-Utah individuals, obtained from Coriell 

- 

11646 PASNPI:CEU from Utah; European ancestry   

13008 
LTG_NCI_NIH:LTG_NCI_NIH-

HapMap-CEU 
CAUCAISAN,Continent:Europe,Nation:AMERICA,Phenoty

pe:NORMAL 
  

373514 1000GENOMES:phase_3:CEU 
Utah residents with Northern and Western European 

ancestry 
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After calculating the occurrence frequencies for every SNP in the sample file, 

we data mined Ensembl database to obtain the corresponding frequencies of all the 

CEU units existing in Ensembl. Afterwards, only 12 of the 17 subunits contained data. 

Twelve excel files of frequencies were created, one for each subpopulation. For the 

datasets below 227, 3571, 5421, 13008, 373514 no data were acquired, as there was 

not any similarity between the sample data SNPs. Most of the files mined were small 

sized and contained very few correspondences to the sample file’s variations. Among 

these twelve files, only one file was distinguished for its conciseness and seemed 

convenient for retrieving the statistically significant SNPs for the Greek population, 

the file of population ID 664.  

The whole experiment was divided into four sections. The first section was to 

perform the Pearson Chi Square test on the combination of all the above twelve 

populations’ files in order to find the most statistically significant SNPs. However, this 

part was biased and the results are not worth reasoning due the fact that the size of 

664’s population file was overlapping the remaining eleven files. The most significant 

SNPs occurred by using all the twelve files and those occurred by using only the file of 

population 664 were the same, which led to the conclusion that file of population 664 

was dominant for the calculations.  

By following this strategy, the most significant SNPs were obtained only for the 

file mined of the CEU population 664 created by HapMap phase 3 due to its file size 

(Liu et al., 2003).  

After statistically analyzing the outcome of the comparison between our sample data 

and those extracted from Ensembl for population ID 664, we found that only 11040 

SNPs were found in both populations. Also, from this summary, 7.2% of the 

statistically significant SNPs was found to have similar frequencies, meaning that we 

can accept the H0 for them and that the relationship between frequencies and 

population is weak. On the other hand, 4.8% of those statistically significant SNPs were 

found to have non-similar frequencies, meaning that the occupancy frequency 

depends on the population. The remaining ~88% of SNPs were not found to be 

statistically significant. 
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Results for Similar Frequencies 

  

Table 5: The top ten of more Similar Frequencies statistically significant SNPs of Greeks and 
CEU (664) 

 

rs Chromosome Allele p-value Related Phenotypes Related Publications 

chr1 rs12748895 C/T 99.74763   

chr2 rs1042039 T/C 99.74763 

BODY MASS INDEX, 
Height,Two-hour glucose 

(BMI adjusted),Fasting 
plasma glucose,Fasting 

insulin, Beta-cell function 
(HOMA-B),Insulin 

resistance (HOMA-IR), 
HbA1c 

 

chr2 rs1054889 G/A 99.74763 

BODY MASS INDEX, 
Height,Two-hour glucose 

(BMI adjusted),Fasting 
plasma glucose,Fasting 

insulin, Beta-cell function 
(HOMA-B),Insulin 

resistance (HOMA-IR), 
HbA1c 

Genomewide high-density SNP 
linkage analysis of non-

BRCA1/2 breast cancer families 
identifies various candidate 

regions and has greater power 
than microsatellite studies. 

Gonzalez-Neira A et. al 

chr4 rs4054037 T/C 99.74763 
  

chr4 rs4697045 A/G 99.74763   

chr7 rs1320393 T/C 99.74763 

  

chr11 rs2604299 A/G 99.74763 

  

chr4 rs4356926 T/C 99.65722 

  

chr4 rs6842527 A/C 99.65722 
  

chr12 rs17380416 G/A 99.65722 

  

Figure 23: Similar Frequencies Heat Map Plot of Greeks and CEU (Population ID 664) 
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Results for Non Similar Frequencies 

Figure 24: Non Similar Frequencies Heat Map Plot of Greeks and CEU (Population ID 664)  

 

 

Table 6: The top ten of more Non Similar Frequencies significant SNPs of Greeks and CEU 
(664) 

Chromosome rs Allele p-value 

chr1 rs594387 G/A 100 

chr11 rs11022766 T/G 99.99997 

chr2 rs4954541 A/T 99.99995 

chr3 rs16853086 T/G 99.9997 

chr11 rs11236371 G/C 99.99965 

chr15 rs7169331 A/T 99.99954 

chr15 rs12913189 C/T 99.9994 

chr12 rs2463020 G/A 99.99939 

chr13 rs16961519 C/A 99.99938 

chr9 rs7341858 C/T 99.9992 
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Greeks & Toscans in Italy (TSI) 
 

In Ensemble only two population IDs refer to TSI population, population ID 

11113 and population ID 373537 (Table 8). The outcome of data mining Ensembl for 

the population ID 11113 was a not very large file. As for population ID 373537, there 

was no file obtained, since there were not any similar SNPs between the sample data 

and this population.  

 

Table 7: Populations samples of Ensembl database related to Toscans 

Populati

on ID 

Name Description 

11113 CSHL-HAPMAP:HAPMAP-

TSI 

Toscans in Italy, TSI is one of the 11 populations in 

HapMap phase 3. 

373537 1000GENOMES:phase_3:TS

I 

Toscani in Italy 

 

After the statistical analysis of the outcome of comparing our sample data and 

those extracted from Ensembl for population ID 11113 we discovered that only 11040 

SNPs were found in both populations. This summary also revealed that 4.4% of the 

statistically significant SNPs have similar frequencies, which also means that for them, 

we can accept the H0 and that the relationship between frequencies and population is 

weak. On the other hand, the 4.65% of those statistically significant SNPs were found 

to have non-similar frequencies, meaning that the occupancy frequency depends on 

the population. The remaining ~91% of SNPs were not found to be statistically 

significant. The percentage of non-statistically significant SNPs between out sample 

data and populations 664, 11113 indicates that Greeks are slightly more close to 

Caucasians than to Toscans. 
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Results of Similar Frequencies 

 

Table 8: The top ten of more Similar Frequencies, significant SNPs, of Greeks and TSI and 
related publications 

rs Chromosome Allele p-value Title Authors 

chr1 rs638820 A/G 99.67043 No evidence for 
glutathione S-

transferases GSTA2, 
GSTM2, GSTO1, GSTO2, 

and GSTZ1 in breast 
cancer risk. 

Andonova IE, Justenhoven C, Winter S, 
Hamann U, Baisch C, Rabstein S, 

Spickenheuer A, Harth V, Pesch B, 
BrÃ¼ning T, Ko YD, Ganev V, Brauch H. 

chr21 rs1556335 G/A 99.65567   

chr4 rs2851296 G/A 99.57968   

chr12 rs12825420 C/G 99.57968   

chr12 rs776195 G/A 99.57968 Frontorhiny, a 
distinctive presentation 
of frontonasal dysplasia 

caused by recessive 
mutations in the ALX3 

homeobox gene. 

Twigg SR, Versnel SL, NÃ¼rnberg G, Lees 
MM, Bhat M, Hammond P, Hennekam 

RC, Hoogeboom AJ, Hurst JA, Johnson D, 
Robinson AA, Scambler PJ, Gerrelli D, 

NÃ¼rnberg P, Mathijssen IM, Wilkie AO. 

chr6 rs9463225 A/G 99.53951   

chr1 rs1498116 A/G 99.34804   

chr8 rs1493040 A/G 99.34804   

chr9 rs4646547 A/C 99.34804   

chr9 rs9409982 T/A 99.34804   

Figure 25: Similar Frequencies Heat Map Plot of Greeks and TSI  (Population ID 11113) 
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Results for Non Similar Frequencies 

 

 

Table 9: The top ten of more Non Similar Frequencies significant SNPs of Greeks and TSI 

Chromosome rs Allele p-value 

chr12 rs7296651 G/C 100 

chrX rs1954279 A/G 100 

chr7 rs4285388 G/A 99.9987 

chr12 rs11519061 C/T 99.99857 

chr14 rs11627089 C/T 99.99854 

chr1 rs10920531 A/C 99.9985 

chr15 rs9806234 G/A 99.99846 

chr1 rs9728169 A/C 99.99837 

chr11 rs12804561 A/G 99.99831 

chr2 rs6761375 G/A 99.9983 

 

 

 

Figure 26: Non Similar Frequencies Heat Map Plot of Greeks and TSI  (Population ID 11113) 
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Greeks, TSI & CEU 
 

By comparing the similarity of frequencies of 664 and 11113 populations, we 

can see that the percentage of most significant SNPs are very much alike. This is also 

revealed from the related publications. Thus we decided that the best option was to 

combine both SNPs’ frequency, the ones occurred in population CEU with ID 664 and 

the others of population TSI with ID 111113. The outcome is represented below: 

 

Reults for Similar Frequencies 

Figure 27: Similar Frequencies Heat Map Plot of Greeks and TSI and CEU  (Population ID 664) 

 

Table 10: The top ten of more Similar Frequencies significant SNPs of Greeks and TSI and 
CEU 

Chromosome rs Allele P 

chr1 rs638820 A/G 99.9964 

chrX rs7878282 A/C 99.97946 

chr13 rs2699357 G/A 99.94513 

chr13 rs9561768 T/C 99.94081 

chr13 rs12428862 C/T 99.91613 

chr10 rs730722 G/C 99.85598 

chr7 rs2140878 C/T 99.84529 

chr18 rs10502483 C/T 99.84529 

chr18 rs10853669 A/C 99.84529 

chr18 rs1352037 T/C 99.84529 
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 Reults for Non Similar Frequencies 

 

 

Table 11: The top ten of more Non Similar Frequencies significant SNPs of Greeks and TSI 
(1113)  and CEU (664) 

Chromosome rs Allele P 

chr1 rs1053512 G/T 100 

chr9 rs3132288 G/A 99.99991 

chr4 rs1158439 G/A 99.99989 

chr8 rs2959578 A/G 99.9998 

chr6 rs639434 C/T 99.99979 

chrX rs2235185 G/A 99.99974 

chr9 rs12339187 A/G 99.9997 

chr15 rs1706829 C/A 99.99967 

chr1 rs12134777 A/T 99.99961 

chr12 rs11045503 C/T 99.9996 

 

Figure 28: Non Similar Frequencies Heat Map Plot of Greeks and TSI and CEU  (Population ID 
664) 
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Caucasians (CEU) & Toscans in Italy (TSI) 
 

Herein we represent a comparison between the population of Caucasians and 

Toscans used before in the comparison of the sample data (Greeks). Though the 

application of Chi-square on these data we found that only 2.6% are conserved 

polymorphisms and that 31.6% of these SNPs differ in great scale among these 

populations. 

Results for Similar Frequencies 

 

 

 

 

 

 

 

Figure 29: Similar Frequencies Heat Map Plot of and TSI and CEU   
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Results for Non Similar Frequencies 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 30: Non Similar Frequencies Heat Map Plot of TSI and CEU   
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Caucasians (CEU) & African (AFR) 
 

The comparison between Africans and Caucasians was performed as a positive 

control case. We expected that Africans and Caucasians would be the comparison 

which will provide the most non-similar frequencies significant SNPs. Africans and 

Caucasians are not coming from a common ancestor, thus less conserved genetic 

polymorphisms would be found. This is also shown from Figure 32 as there plenty of 

non-similar frequencies significant SNPs with p-values close to 100. The population 

selected for Africans data set has the ID 11106.  

 

Results for Similar Frequencies 

 

 

 

 

 

Figure 31: Similar Frequencies Heat Map Plot of CEU and AFR 
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Results for Non Similar Frequencies 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 32: Non Similar Frequencies Heat Map Plot of CEU and AFR 
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Analysis of the outcome 
 

The sample file of Greek population used, contained 152365 SNPs, for which 

the frequency of occurrence was measured and then compared via chi-square test to 

the SNPs found for populations of Caucasians and Toscans. The results of this 

comparison showed that Greeks and CEU have 7.20% statistically significant 

similarities and 4.80% statistically significant differences in frequencies. What also 

came to light was that Greeks statistically differ 4.65% in SNPs frequencies from 

Toscans and are statistically similar around 4.4%.  

Summarizing the results of this case study we can see that the closer the 

populations of the comparison are related, the greater the percentage in similar 

frequencies statistically significant SNPs (Table 13). We can see that the least 

percentage of similarity is between Africans and Caucasians. Through this outcome is 

also clear that Greeks have many conserved SNPs with Caucasians as the percentage 

of 7.2 is the highest one. 

 

Table 12: Percentage of similar and non-similar statistically significant SNPs found among 
comparisons of this case study 

 

We assume that the most statistically significant SNPs are those revealed 

through the combination of Greeks, TSI and CEU, as in this case more than one 

populations were taken under consideration. Conclusions can be easily be drawn by 

examining the results of comparisons between populations’ SNPs frequencies. We 

know that Greeks are genetically similar to Toscans in Italy and Utah residents with 

  
SNPs exist 

in first 
population 

SNPs not 
found in 
second 

population 

SNPs 
found in 
second 

population 

% similar 
frequencies 
statistically 
significant 

SNPs 

%  non 
similar 

frequencies 
statistically 
significant 

SNPs 

% non 
statistically 
significant 

SNPs 

Greks 
vs TSI 152365 

141325 11040 4.40% 4.65% 90.95% 

Greks 
vs CEU  152365 

141325 11040 7.20% 4.80% 88.00% 

TSI vs  
CEU  300000 

2479 297521 2.60% 31.60% 65.80% 

CEU vs 
AFR 300000 

2054 297946 1.29% 57.60% 41.11% 
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Northern and Western European ancestry. Which means that non-statistically 

significant SNPs probably do not indicate any underlying biological function between 

the populations of comparison and our sample data. 

Most of the SNPs in similarity plots have p-values over 99%. Knowing how 

similar these two populations are with the Greek population, this was expected. For 

such a case, it is of the utmost importance to focus on statistically significant SNPs that 

were revealed through the non-similar frequencies plots, whose p-values were also 

very close to 100%. As explained above, the statistically significant SNPs revealed via 

non-similar frequencies plots between related populations are those which most 

probably indicate a strong relationship between the population and the frequency of 

occurrence. These SNPs are most likely what makes the alert difference to the 

statistically significant SNPs of the Greek population. Greeks’ non-similar frequencies 

statistically SNPs differ more that 20% of Caucasians and Toscans frequencies 

(Figure29). 

 

Figure 33: Bar plot of more non-similar frequencies statistically significant SNPs occur from 
comparison between Greeks (blue bar), Caucasians (red bar) and Toscans (beige bar) 
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In the following table we focus and further analyze the statistically significant 

SNPs of Greek population, which emerged from the non-similar frequencies graphs, 

giving as input the populations 664 and 11113 (Table 14). In Table 12, we can see the 

top ten of these SNPs. Some other information about these are their location in the 

genome, the Allele and their consequence type. 

 

Table 13: More information about the Non Similar Frequencies Statistically Significant SNPs 
revealed from examination of Greeks along CEU and TSI 

 

SNP Start End Allele Consequence Types 

rs7296651 

11224695

4 112246954 C/G 

NMD_transcript_variant,intron_varian

t,upstream_gene_variant 

rs1954279 74320778 74320778 A/G intron_variant 

rs4285388 16933759 16933759 A/G intergenic_variant 

rs11519061 21120215 21120215 C/T intron_variant 

rs11627089 70280321 70280321 C/T intergenic_variant 

rs10920531 

20290883

6 202908836 A/C downstream_gene_variant 

rs9806234 74663033 74663033 A/G 

downstream_gene_variant,upstream_

gene_variant 

rs9728169 47524264 47524264 C/A intergenic_variant 

rs12804561 62916577 62916577 A/G 

non_coding_transcript_variant,intron_

variant,upstream_gene_variant 

rs6761375 

20148583

0 201485830 G/A 

non_coding_transcript_variant,intron_

variant,regulatory_region_variant 
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Conclusion and Future Perspectives 

Examination of the case study results shows there thousands of statistically 

significant SNPs for similarity as well as difference in SNPs frequencies. These results 

would have never been obtained without the computational aim. This software 

provides the ability to perform comparative genomics techniques by a user friendly 

software and in a short time. User is able to perform this tools functionality on 

laboratory obtained data or publicly available data in order to crucial information. 

An unexplored aspect of this program is its use in order to find SNPs related to 

a disease. In the case that the input data to the software concerns a subpopulation 

carrying a disease, user would be able to compare these SNPs frequencies with a 

healthy subpopulation coming from the common ancestor. Thus, the differences in 

SNPs frequencies could point to specific SNPs related to this phenotypic characteristic. 

Using this platform in such a way, could find application in the field of personalized 

medicine, to identify candidate genetic variants that affect drug metabolism, 

optimizing drugs use. 

Furthermore, this tool does not only concern human genetic variants. It is easy 

to interact with any publicly available database with a slight modification in the source 

code, so that users could perform comparative genomics among human, rats and any 

species SNPs frequency, making it easy to find similarity or difference ratio between 

the compared species.  

Another prospect of this program is the addition of classifying algorithms. 

Algorithms like Artificial networks and decision trees can get incorporated in this 

software, narrowing down the number of significant SNPs. In this case user should 

provide more information about the desirable results, like related phenotypes, locus 

or gene. 

This program could be the starting point for even greater research projects in 

this scientific field. Given that the interaction with the Ensembl and 1000 Genomes 

databases has already been installed, a huge variety of data referring on a given 

sample can be extracted. By further analysis of the schema of the database (Figure 29) 

and examination of its tables and their keys, it is easily understood that only the 

minimum of its potential has been exploited at this moment (Hubbard et al., 2002a). 
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Figure 34: Ensembl Database schema (homo_sapiens_variation_85_37 ) (Ensembl) 

 

Indicating briefly only some of its tables, it is discernible that there are endless 

data bindings, easily achieved and subsequently complex information, and knowledge 

to be exported with one touch. For example tables containing information about 

Metadata, Attributes, Proteins, Structural variations , Variations, Phenotypes, Samples 

and genotypes, literature Sources, Variations effect prediction, Variations set and 

many other (Stabenau et al., 2004). Thus, we can claim that our work would unleash 

a backlash to develop new gemstone in gearing knowledge concerning variations 

existing in Ensembl database, or simply launch the represented application so as more 

important information would be collected, resulting in the conquest of even more 

useful knowledge. 
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