A study to identify genes

related to diseasesTo study the correlation among the major and minor SNP allele frequencies to select functional SNP set for GWAS

INTRODUCTION

Human Genome Project [1, 2] completion and initiation of Hap Map Project and discovery of

millions of SNPs [3] has lead to advances in Genome-wide association studies. A genome-wide

association study with case-control data aims to localize disease susceptibility regions in the

genome. The development of common disease results from complex interactions between

numerous environmental factors and alleles of many genes. Identifying the alleles that affect the

risk of developing disease will help in understanding the disease. Over the past 30 years, genetic

studies of multifactorial human diseases have identified ~50 genes and their allelic variants that

can be considered irrefutable [4, 5]. However, there are probably hundreds of susceptibility loci

that increase the risk for each common disease. In Genome-wide association studies a dense set

of SNPs across the genome is genotyped to survey the most common genetic variation for a role

in disease or to identify the heritable QUANTITATIVE TRAITS that are risk factors for disease.

Single Nucleotide Polymorphism (SNP) markers, which are usually diallelic, have been used to

cover the whole genome.

Two categories of tests can be performed:

single marker association tests, which examine association between affection status and

the SNP data one SNP at a time

multi-marker association tests, which examine association between affection status and

multiple SNP data simultaneously

Single nucleotide polymorphisms (SNPs) are DNA sequence variations that occur when a single

nucleotide (A, T, C, or G) in the genome sequence is altered. For a variation to be considered a

SNP, it must occur in at least 1% of the population. SNPs make up about 90% of all human

genetic variations. SNPs occur after every 100 to 300 bases along the 3-billion-base human

genome. SNPs can occur in coding and non-coding regions of the genome. Many SNPs have no

effect on cell function, but others could lead to disease or influence response to a drug.

More than 99% of human DNA sequences are same. Variations in DNA sequence can have a

major impact on how humans respond to disease. This makes SNPs valuable for biomedical

research and for developing pharmaceutical products or medical diagnostics.

SNP maps can help to identify the multiple genes associated with complex diseases such as

cancer, diabetes, vascular disease, and some forms of mental illness. These associations are

difficult to establish with conventional gene-hunting methods because a single altered gene may

make only a small contribution to the disease.

Several groups like U.S. Human Genome Project (HGP) and SNP Consortium worked to find

SNPs and ultimately create SNP maps of the human genome. In addition to pharmacogenomic,

diagnostic and biomedical research implications, SNP maps are helping to identify thousands of

additional markers in the genome, thus simplifying navigation of the much larger genome map

generated by HGP researchers.

SNP choice in genome-wide association studies

To target the variation that occupies the range of MAFs (Major Allele Frequencies) of >0.1 and

odds ratios of >1.3 in a statistically powerful way, we need to know all the common variants in

the population that the cases and controls are taken from. Many SNPs have alleles that show

strong LD (linkage Disequilibrium) with other nearby SNP alleles (the average range over which

SNPs show LD is 60 200 kb in general populations), it might be possible to carry out reasonably

comprehensive genome-wide association studies that are based on known variants. We can

predict that in regions of the genome with strong LD, a selection of evenly spaced SNPs, or those

chosen on the basis of their LD with other SNPs (tag SNPs), can provide adequate coverage of

the region in an association study.

Use of SNPs as risk factors in disease development

SNPs do not cause disease, but they can help determine the likelihood that someone will develop

a particular illness. ApoE, gene associated with Alzheimer's disease contains two SNPs that

result in three possible alleles for this gene: E2, E3, and E4. Each allele differs by one DNA

base, and the protein product of each gene differs by one amino acid. Each individual inherits

one maternal copy of ApoE and one paternal copy of ApoE. Research has shown that a person

who inherits at least one E4 allele will have a greater chance of developing Alzheimer's disease.

Apparently, the change of one amino acid in the E4 protein alters its structure and function

enough to make disease development more likely. Inheriting the E2 allele, on the other hand,

seems to indicate that a person is less likely to develop Alzheimer's.

In 1998, as part of last 5-year plan of Human Genome Project, the DOE and NIH Human

Genome programs established goals to identify and map SNPs. These goals follow:

1. Develop technologies for rapid, large-scale identification and scoring of SNPs and other

DNA sequence variants.

2. Identify common variants in the coding regions of most identified genes.

3. Create a SNP map of at least 100,000 markers.

4. Develop the intellectual foundations for studies of sequence variation.

5. Create public resources of DNA samples and cell lines.

In April 1999, ten large pharmaceutical companies and the U.K. Wellcome Trust philanthropy

announced the establishment of a consortium lead by Arthur L. Holden to find and map 300,000

common SNPs. The goal was to generate a widely accepted, high-quality, extensive, publicly

available map using SNPs as markers evenly distributed throughout the human genome. In the

end, many more SNPs (1.8 million) were discovered. Now that the SNP discovery phase of the

TSC project is essentially complete, emphasis has shifted to studying SNPs in populations.

Various TSC member laboratories are genotyping a subset of SNPs as part of the Allele

Frequency Project. The goal of the TSC allele frequency/genotype project is to determine the

frequency of certain SNPs in three major world populations.

Many common diseases in humans are not caused by one genetic variation within a single gene,

but are determined by complex interactions among multiple genes, environmental and lifestyle

factors. Genetic factors confer susceptibility or resistance to a disease and influence the severity

or progression of disease. Since we do not yet know all of the factors involved in these intricate

pathways, researchers have found it difficult to develop screening tests for most diseases and

disorders, such as diabetes, many cardiovascular diseases, Alzheimer's disease, arthritis etc. By

studying SNP profiles or haplotypes associated with a disease trait, researchers may begin to

reveal relevant genes associated with a disease. Association study can detect and indicate which

pattern is most likely associated with the disease-causing genes. Eventually, SNP profiles that

are characteristic of a variety of diseases will be established. Then, it will only be a matter of

time before physicians can screen individuals for susceptibility to a disease just by analyzing

their DNA samples for specific SNP patterns.

The race among pharmaceutical companies today is to apply new system genomics approach to

identify novel targets and validate these targets in the most efficient fashion. SNP research will

provide fundamental understanding of many polygenic diseases, thus providing new therapeutic

targets. Another significant goal is to identify those SNPs which are associated with significant

biological effects in response to chemical drugs. A large percentage of people given a drug

respond in the intended medically beneficial way, however some smaller percentage might either

have no response or have a life threatening response and death. This adverse drug response

(ADR) is believed to cause thousands of deaths annually. The SNP effort will serve as the

bedrock of pharmacogenomics, the emerging field of personalized medicine: the right drug, in

the right dose, to the right person, at the right time.

SNP study is also extremely important in organisms other than humans. Within agriculture,

genetic modification of the agriculturally important crops (corn, wheat, rice, soybeans, etc.)

could lead to improve crop yields at lower cost by reducing the amounts of fertilizer,

insecticides, herbicides required. Within microorganisms and viruses, SNPs are known to cause

increased drug resistance. Some of the recent E. coli outbreaks are due to new evolving strains of

the bacterium. HIV the causative agent of AIDS has historically been so difficult to treat with

drugs due to very high mutation frequency primarily in the form of SNPs.

SNP and Disease Diagnosis

Each person's genetic material contains a unique SNP pattern that is made up of many different

genetic variations. SNPs serve as biological markers for pinpointing a disease on the human

genome map, because they are usually located near a gene found to be associated with a certain

disease. Occasionally, a SNP may actually cause a disease and, therefore, can be used to search

for and isolate the disease-causing gene.

To create a genetic test that will screen for a disease in which the disease-causing gene has

already been identified, collect blood samples from a group of individuals affected by the disease

and analyze their DNA for SNP patterns. Next, compare these patterns to patterns obtained by

analyzing the DNA from a group of unaffected individuals. This type of comparison, called an

"association study", can detect differences between the SNP patterns of the two groups, thereby

indicating which pattern is most likely associated with the disease-causing gene.

SNPs and Drug Development

SNPs may also be associated with the absorbance and clearance of therapeutic agents. Currently,

there is no simple way to determine how a patient will respond to a particular medication. A

treatment proven effective in one patient may be ineffective in others. Some patients may

experience an adverse immunologic reaction to a particular drug. Today, pharmaceutical

companies are limited to developing agents to which the "average" patient will respond. As a

result, many drugs that might benefit a small number of patients never make it to market.

In the future, the most appropriate drug for an individual could be determined in advance of

treatment by analyzing a patient's SNP profile. The ability to target a drug to those individuals

most likely to benefit, referred to as "personalized medicine", would allow pharmaceutical

companies to bring many more drugs to market and allow doctors to prescribe individualized

therapies specific to a patient's needs [6].

In drug development and therapy, the role of genetics must be tied to both maximizing effective

therapy and avoiding adverse effects; recognizing that variable responses are secondary to many

overlapping factors that interact with an individual s genetic make-up. Mainstream medicines

include targeted drug therapies that will be prescribed based on genotypic information. Cost of

and morbidity from drug toxicity or side effects will be minimized and efficacy maximized. The

sequencing of the entire human genome created the foundation for further studies to identify

genetic factors that can be aligned with drug response or toxicity. In the postgenomic era, the

ready availability of DNA sequencing via high-throughput analyses has propelled the field of

pharmacogenetics beyond recognizing and defining abnormal phenotypes toward determining

underlying molecular mechanisms responsible for pharmacodynamics (PDs) and

pharmacokinetics (PKs) of drug therapy [7]. Genome-wide association studies are now possible

and can link multiple SNPs and haplotypes to drug response with no a priori assumptions,

thereby facilitating new discoveries. Eventually, from such complex data sets, objective data will

be gained that will serve as the basis for designing drug therapy based on the specific molecular

genetic profile of a patient. However, interpreting this massive amount of data to prospectively

guide dosage and drug regimens will require another level of integrated investigation, access to

large databases rich in well-defined phenotypic and genotypic data, and systems to maintain

patient confidentiality.

Objective of study

To find the correlation among the allele frequency of the case and control subjects.

Previous work

An association study involves initial prioritization of SNP genotypes in small subsamples or

selection of tagSNPs derived from existing database. These tagSNPs are genotyped for a sample

of case and controls [8]. When many SNPs in a targeted chromosomal region are under

investigation, haplotype analysis using all SNPs is often ineffective due to the large number of

haplotypes. An alternative strategy is to construct a genealogical tree of haplotypes, known as a

cladogram, and study the correlation between the disease phenotype and the clusters (clades) of

haplotypes, thereby reducing the dimensionality of haplotype analyses [9-13]. The motivation is

that the causal allele should be embedded within the cladogram that describes the evolution of

the sampled chromosomes. It was pointed out that cladistic approaches cannot be optimal in all

disease models [14] since the rule of clustering haplotypes is based solely on genotypic data.

Other strategies for multilocus analyses exist [15-17]. These methods generally assume that local

LD structures are somewhat contiguous, thus the order of SNP locations is critical. It is possible

that SNPs that are separated apart can display strong LD, so a contiguous scan might miss

signals. Similarly, multiple nonsynonymous mutations in a gene may disrupt the function of its

coded protein jointly, possibly with interactions, regardless of their order in the chromosome.

Each gene contains an average of about 4 cSNPs (Coding-SNPs) with the frequency greater than

1% in the population. About half of cSNPs causes missense mutations (missense cSNPs) in the

corresponding proteins, while the other half are silent [18-19]. Mis-sense cSNPs may or may not

lead to diseased state. According to Human Genome Mutation Database [20] missense mutations

are half of the DNA mutations which cause genetic disease. It had been found that SNPs in

coding region and regulatory regions are most likely to affect gene functions [21-23]. cSNPs

cause structural and functional changes [24] in proteins which in turn lead to disease. Wang et al.

had developed a computational model to study the effect of cSNPs on protein function [25].

The order of SNPs in genealogical tree can infer the SNPs involved in the disease. SNP-

Haplotype Adaptive Regression (SHARE) algorithm seeks the most informative set of SNPs for

genetic association in a targeted candidate region [26] by selecting the SNPs just previous to

diseased SNP. This set will be efficient to study the disease SNP or gene causing disease.

The correlations among SNPs are studies in order to select the informative SNPs as candidates

for genome-wide association studies. In genome-wide association studies, a dense pool of SNPs

is studied to find the variations in the genome. But all SNPs are not informative. We studied the

correlation among the given set of SNPs to find the relationship between them.

Method

To find the set of informative SNPs, the correlation among the SNPs for the breast cancer was

calculated based on allele frequencies case-control subjects. The dataset is taken from GeMDBJ

(https://gemdbj.nibio.go.jp/dgdb/). Genome Medicine Database of Japan (GeMDBJ) is an

integrated database developed by the Study Groups of Millennium Genome Project (MGP) for

Alzheimer's disease, Cancer, Diabetes Mellitus, Hypertension, Bronchial Asthma and

Pharmacogenetics (SGMGP). The following information is available in this database:

Limited clinical and demographic information

Polymorphism information at JSNP and other SNPs, including those discovered in MGP

Expression profiles analyzed by Affymetrix GeneChip

Dataset for the major and minor allele frequencies was generated from a case-control study on

570 patients with breast cancer and 497 controls in Thailand was performed (by Hiromi

Sakamoto, Project ID: CGA13) and total of 75 SNPs were detected to be involved in the Breast

Cancer. Table 1 shows the data set being presently studied.

Table 1: Allele frequencies of Case-Control Samples for Breast Cancer

Allele1 represents Major allele and Allele2 represents Minor allele.

Polymorphism

ID

Case

Group

Allele1

Freq

Case

Group

Allele2

Freq

Case

Group

Allele11

Freq

Case

Group

Allele12

Freq

Case

Group

Allele22

Freq

Control

Group

Allele1

Freq

Control

Group

Allele2

Freq

Control

Group

Allele11

Freq

Control

Group

Allele12

Freq

Control

Group

Allele22

Freq

CGA-13000001

0.2601

0.7399

0.067

0.3862

0.5467

0.2388

0.7612

0.0633

0.351

0.5857

CGA-13000002

0.7164

0.2836

0.5145

0.4036

0.0818

0.715

0.285

0.5219

0.3862

0.0919

CGA-13000003

0.6607

0.3393

0.4273

0.4668

0.1059

0.7044

0.2956

0.5083

0.3921

0.0996

CGA-13000004

0.2419

0.7581

0.0701

0.3435

0.5863

0.768

0.232

0.5856

0.3649

0.0495

CGA-13000005

0.9082

0.0918

0.8378

0.1408

0.0214

0.9095

0.0905

0.8272

0.1646

0.0082

CGA-13000006

0.6094

0.3906

0.3689

0.481

0.1501

0.6167

0.3833

0.3843

0.4649

0.1508

CGA-13000007

0.7851

0.2149

0.6157

0.3388

0.0455

0.8032

0.1968

0.6463

0.3137

0.04

CGA-13000008

0.7062

0.2938

0.4909

0.4307

0.0785

0.2907

0.7093

0.0784

0.4247

0.4969

CGA-13000009

0.4193

0.5807

0.1702

0.4982

0.3316

0.5767

0.4233

0.3415

0.4703

0.1881

CGA-13000010

0.623

0.377

0.3788

0.4885

0.1327

0.6571

0.3429

0.4189

0.4764

0.1047

CGA-13000011

0.6272

0.3728

0.3826

0.4893

0.1281

0.6508

0.3492

0.4132

0.4752

0.1116

CGA-13000012

0.7664

0.2336

0.5879

0.357

0.0551

0.7878

0.2122

0.6149

0.3458

0.0393

CGA-13000013

0.7201

0.2799

0.5241

0.3922

0.0838

0.7264

0.2736

0.5143

0.4242

0.0615

CGA-13000014

0.9813

0.0187

0.9644

0.0338

0.0018

0.9837

0.0163

0.9674

0.0326

0

CGA-13000015

0.525

0.475

0.2875

0.475

0.2375

0.4823

0.5177

0.2453

0.474

0.2807

CGA-13000016

0.284

0.716

0.0864

0.3952

0.5184

0.7135

0.2865

0.5042

0.4188

0.0771

CGA-13000017

0.7518

0.2482

0.5888

0.3261

0.0851

0.795

0.205

0.6232

0.3437

0.0331

CGA-13000018

0.8134

0.1866

0.663

0.3007

0.0362

0.8169

0.1831

0.6653

0.3033

0.0314

CGA-13000019

0.7995

0.2005

0.6399

0.3191

0.041

0.2093

0.7907

0.0351

0.3485

0.6165

CGA-13000020

0.9277

0.0723

0.8571

0.141

0.0018

0.9235

0.0765

0.851

0.1449

0.0041

CGA-13000021

0.4228

0.5772

0.1706

0.5045

0.325

0.6177

0.3823

0.3917

0.4521

0.1562

CGA-13000022

0.6408

0.3592

0.4046

0.4724

0.123

0.3247

0.6753

0.1079

0.4336

0.4585

CGA-13000023

0.7423

0.2577

0.5533

0.3779

0.0687

0.2474

0.7526

0.0585

0.3779

0.5637

CGA-13000024

0.4244

0.5756

0.1749

0.4991

0.326

0.4112

0.5888

0.1649

0.4926

0.3425

CGA-13000025

0.5

0.5

0

1

0

0.1761

0.8239

0.0362

0.2797

0.6841

CGA-13000026

0.7305

0.2695

0.5337

0.3936

0.0727

0.7561

0.2439

0.5717

0.3689

0.0594

CGA-13000027

0.2805

0.7195

0.0743

0.4124

0.5133

0.7428

0.2572

0.5473

0.3909

0.0617

CGA-13000028

0.4621

0.5379

0.2187

0.4868

0.2945

0.445

0.555

0.1772

0.5356

0.2872

CGA-13000029

0.758

0.242

0.5625

0.3911

0.0464

0.7958

0.2042

0.6396

0.3125

0.0479

CGA-13000030

0.542

0.458

0.275

0.5339

0.1911

0.5476

0.4524

0.3002

0.4948

0.205

CGA-13000031

0.4991

0.5009

0.2505

0.4973

0.2523

0.5218

0.4782

0.2599

0.5239

0.2162

CGA-13000032

0.5916

0.4084

0.3483

0.4865

0.1652

0.5498

0.4502

0.305

0.4896

0.2054

CGA-13000033

0.2162

0.7838

0.0569

0.3185

0.6246

0.7931

0.2069

0.6154

0.3555

0.0291

CGA-13000034

0.3913

0.6087

0.1396

0.5035

0.3569

0.6103

0.3897

0.3443

0.532

0.1237

CGA-13000035

0.7806

0.2194

0.611

0.3393

0.0497

0.7624

0.2376

0.5764

0.3719

0.0517

CGA-13000036

0.8818

0.1182

0.7782

0.2073

0.0145

0.8836

0.1164

0.7817

0.2037

0.0146

CGA-13000037

0.8032

0.1968

0.6418

0.3227

0.0355

0.7547

0.2453

0.5637

0.382

0.0543

CGA-13000038

0.692

0.308

0.4655

0.4531

0.0814

0.7018

0.2982

0.4857

0.4324

0.082

CGA-13000039

0.5135

0.4865

0.2567

0.5135

0.2298

0.5103

0.4897

0.2567

0.5072

0.2361

CGA-13000040

0.8496

0.1504

0.7189

0.2616

0.0196

0.8528

0.1472

0.7219

0.2618

0.0164

CGA-13000041

0.6551

0.3449

0.4332

0.4439

0.123

0.618

0.382

0.3747

0.4865

0.1387

CGA-13000042

0.0783

0.9217

0.0053

0.1459

0.8488

0.9143

0.0857

0.8408

0.1469

0.0122

CGA-13000043

0.7346

0.2654

0.5414

0.3862

0.0723

0.7362

0.2638

0.5358

0.4008

0.0634

CGA-13000044

0.8561

0.1439

0.7282

0.2558

0.016

0.8645

0.1355

0.7515

0.2259

0.0226

CGA-13000045

0.2655

0.7345

0.0675

0.3961

0.5364

0.7413

0.2587

0.5298

0.423

0.0472

CGA-13000046

0.7227

0.2773

0.5277

0.39

0.0823

0.6887

0.3113

0.4722

0.433

0.0948

CGA-13000047

0.6078

0.3922

0.3763

0.4629

0.1608

0.6166

0.3834

0.3763

0.4806

0.1431

CGA-13000048

0.4938

0.5062

0.2402

0.5071

0.2527

0.5133

0.4867

0.2684

0.4898

0.2418

CGA-13000049

0.8528

0.1472

0.7252

0.2553

0.0195

0.8552

0.1448

0.729

0.2526

0.0185

CGA-13000050

0.8464

0.1536

0.7123

0.2682

0.0195

0.8422

0.1578

0.7047

0.2749

0.0204

CGA-13000051

0.2019

0.7981

0.0353

0.3333

0.6314

0.7857

0.2143

0.6143

0.3429

0.0429

CGA-13000052

0.367

0.633

0.1436

0.4468

0.4096

0.6056

0.3944

0.3808

0.4498

0.1695

CGA-13000053

0.773

0.227

0.6095

0.3269

0.0636

0.214

0.786

0.037

0.3539

0.6091

CGA-13000054

0.773

0.227

0.6099

0.3262

0.0638

0.2127

0.7873

0.0368

0.3517

0.6115

CGA-13000055

0.1705

0.8295

0.0321

0.2768

0.6911

0.8413

0.1587

0.7075

0.2676

0.0249

CGA-13000056

0.5009

0.4991

0.2415

0.5188

0.2397

0.5124

0.4876

0.2515

0.5216

0.2268

CGA-13000057

0.7111

0.2889

0.5152

0.3918

0.093

0.7276

0.2724

0.5408

0.3735

0.0857

CGA-13000058

0.5822

0.4178

0.3463

0.4717

0.182

0.4469

0.5531

0.2102

0.4735

0.3163

CGA-13000059

0.2931

0.7069

0.0959

0.3943

0.5098

0.73

0.27

0.5462

0.3676

0.0862

CGA-13000060

0.7411

0.2589

0.5357

0.4107

0.0536

0.708

0.292

0.5

0.416

0.084

CGA-13000061

0.6929

0.3071

0.4903

0.4053

0.1044

0.7173

0.2827

0.5143

0.4061

0.0796

CGA-13000062

0.4533

0.5467

0.2125

0.4817

0.3059

0.4781

0.5219

0.2229

0.5104

0.2667

CGA-13000063

0.3397

0.6603

0.1304

0.4185

0.4511

0.3168

0.6832

0.0766

0.4803

0.4431

CGA-13000064

0.4703

0.5297

0.2234

0.4937

0.2829

0.492

0.508

0.2254

0.5332

0.2414

CGA-13000065

0.6781

0.3219

0.4568

0.4424

0.1007

0.6353

0.3647

0.405

0.4607

0.1343

CGA-13000066

0.8122

0.1878

0.6565

0.3113

0.0322

0.8316

0.1684

0.6899

0.2834

0.0267

CGA-13000067

0.8549

0.1451

0.7327

0.2442

0.023

0.8466

0.1534

0.7178

0.2577

0.0245

CGA-13000068

0.833

0.167

0.6933

0.2795

0.0272

0.8151

0.1849

0.6529

0.3244

0.0227

CGA-13000069

0.2054

0.7946

0.0432

0.3243

0.6324

0.7734

0.2266

0.5842

0.3784

0.0374

CGA-13000070

0.1047

0.8953

0.0072

0.195

0.7979

0.9193

0.0807

0.8509

0.1366

0.0124

CGA-13000071

0.704

0.296

0.4856

0.4368

0.0776

0.7431

0.2569

0.5433

0.3996

0.0571

CGA-13000072

0.5879

0.4121

0.3388

0.4982

0.163

0.6268

0.3732

0.3784

0.4969

0.1247

CGA-13000073

0.589

0.411

0.3399

0.4982

0.1619

0.6247

0.3753

0.3753

0.499

0.1258

CGA-13000074

0.6616

0.3384

0.4393

0.4446

0.1161

0.317

0.683

0.1125

0.409

0.4785

CGA-13000075

0.6512

0.3488

0.4329

0.4365

0.1306

0.6297

0.3703

0.417

0.4253

0.1577

Correlations and covariance were calculated using the allele frequencies of major and minor

alleles as well as combination of major-major, major-minor and minor-minor as input in the

program written using PERL. The Statistics package in PERL can be used to do the analysis

studies. The two vectors are defined as set of all allele frequencies of case and control

respectively.

Correlation and covariance module in Statistics::Basic package finds correlation and covariance

between the two lists respectively. Vectors are defined as

V1=vector(1,2,3);

V2=vector(4,5,6);

Correlation is used to find the relationship among two values.

$correlation = correlation($v1, $v2)

Covariance is used to find the dis-similarity between the values.

$covariance = covariance($v1, $v2)

Results

The relationship between the 570 case and 497 control allele frequency combinations for the

breast cancer data was obtained. The table 2 shows the correlation and covariance among the

case and controls major (1), minor (2), major-major (11), major-minor (12), minor-minor (22)

allele frequencies respectively.

Table 2: Correlation and Covariance values for different combinations of Case-Control allele

frequencies.

Polymorphism

ID

Case Group Allele Frequencies

Control Group Allele Frequencies

Correlation

between Case-

Control Allele

Frequency

Covariance

beween Case-

control Allele

Frequency

Allele1

Allele2

Allele11

Allele12

Allele22

Allele1

Allele2

Allele11

Allele12

Allele22

CGA-13000001

0.2601

0.7399

0.067

0.3862

0.5467

0.2388

0.7612

0.0633

0.351

0.5857

0.995889455

0.06

CGA-13000002

0.7164

0.2836

0.5145

0.4036

0.0818

0.715

0.285

0.5219

0.3862

0.0919

0.999048552

0.04

CGA-13000003

0.6607

0.3393

0.4273

0.4668

0.1059

0.7044

0.2956

0.5083

0.3921

0.0996

0.962963946

0.04

CGA-13000004

0.2419

0.7581

0.0701

0.3435

0.5863

0.768

0.232

0.5856

0.3649

0.0495

-0.781302936

-0.05

CGA-13000005

0.9082

0.0918

0.8378

0.1408

0.0214

0.9095

0.0905

0.8272

0.1646

0.0082

0.999446457

0.15

CGA-13000006

0.6094

0.3906

0.3689

0.481

0.1501

0.6167

0.3833

0.3843

0.4649

0.1508

0.997350118

0.02

CGA-13000007

0.7851

0.2149

0.6157

0.3388

0.0455

0.8032

0.1968

0.6463

0.3137

0.04

0.998641616

0.08

CGA-13000008

0.7062

0.2938

0.4909

0.4307

0.0785

0.2907

0.7093

0.0784

0.4247

0.4969

-0.574259658

-0.03

CGA-13000009

0.4193

0.5807

0.1702

0.4982

0.3316

0.5767

0.4233

0.3415

0.4703

0.1881

0.460115926

0.01

CGA-13000010

0.623

0.377

0.3788

0.4885

0.1327

0.6571

0.3429

0.4189

0.4764

0.1047

0.989603751

0.03

CGA-13000011

0.6272

0.3728

0.3826

0.4893

0.1281

0.6508

0.3492

0.4132

0.4752

0.1116

0.993639206

0.03

CGA-13000012

0.7664

0.2336

0.5879

0.357

0.0551

0.7878

0.2122

0.6149

0.3458

0.0393

0.999394821

0.07

CGA-13000013

0.7201

0.2799

0.5241

0.3922

0.0838

0.7264

0.2736

0.5143

0.4242

0.0615

0.997212463

0.05

CGA-13000014

0.9813

0.0187

0.9644

0.0338

0.0018

0.9837

0.0163

0.9674

0.0326

0

0.999999603

0.22

CGA-13000015

0.525

0.475

0.2875

0.475

0.2375

0.4823

0.5177

0.2453

0.474

0.2807

0.944053116

0.01

CGA-13000016

0.284

0.716

0.0864

0.3952

0.5184

0.7135

0.2865

0.5042

0.4188

0.0771

-0.633291285

-0.03

CGA-13000017

0.7518

0.2482

0.5888

0.3261

0.0851

0.795

0.205

0.6232

0.3437

0.0331

0.998175702

0.07

CGA-13000018

0.8134

0.1866

0.663

0.3007

0.0362

0.8169

0.1831

0.6653

0.3033

0.0314

0.999980943

0.09

CGA-13000019

0.799

0.200

0.6399

0.3191

0.041

0.209

0.790

0.0351

0.3485

0.6165

-0.825428263

-0.06

5

5

3

7

CGA-13000020

0.9277

0.0723

0.8571

0.141

0.0018

0.9235

0.0765

0.851

0.1449

0.0041

0.999994477

0.16

CGA-13000021

0.4228

0.5772

0.1706

0.5045

0.325

0.6177

0.3823

0.3917

0.4521

0.1562

0.260496864

0.01

CGA-13000022

0.6408

0.3592

0.4046

0.4724

0.123

0.3247

0.6753

0.1079

0.4336

0.4585

-0.285527838

-0.01

CGA-13000023

0.7423

0.2577

0.5533

0.3779

0.0687

0.2474

0.7526

0.0585

0.3779

0.5637

-0.741595079

-0.04

CGA-13000024

0.4244

0.5756

0.1749

0.4991

0.326

0.4112

0.5888

0.1649

0.4926

0.3425

0.996570523

0.02

CGA-13000025

0.5

0.5

0

1

0

0.1761

0.8239

0.0362

0.2797

0.6841

-0.035877237

0

CGA-13000026

0.7305

0.2695

0.5337

0.3936

0.0727

0.7561

0.2439

0.5717

0.3689

0.0594

0.997105514

0.05

CGA-13000027

0.2805

0.7195

0.0743

0.4124

0.5133

0.7428

0.2572

0.5473

0.3909

0.0617

-0.681008527

-0.03

CGA-13000028

0.4621

0.5379

0.2187

0.4868

0.2945

0.445

0.555

0.1772

0.5356

0.2872

0.989776181

0.02

CGA-13000029

0.758

0.242

0.5625

0.3911

0.0464

0.7958

0.2042

0.6396

0.3125

0.0479

0.984810046

0.07

CGA-13000030

0.542

0.458

0.275

0.5339

0.1911

0.5476

0.4524

0.3002

0.4948

0.205

0.992254398

0.02

CGA-13000031

0.4991

0.5009

0.2505

0.4973

0.2523

0.5218

0.4782

0.2599

0.5239

0.2162

0.985625994

0.02

CGA-13000032

0.5916

0.4084

0.3483

0.4865

0.1652

0.5498

0.4502

0.305

0.4896

0.2054

0.968783432

0.02

CGA-13000033

0.2162

0.7838

0.0569

0.3185

0.6246

0.7931

0.2069

0.6154

0.3555

0.0291

-0.818042154

-0.06

CGA-13000034

0.3913

0.6087

0.1396

0.5035

0.3569

0.6103

0.3897

0.3443

0.532

0.1237

0.272777748

0.01

CGA-13000035

0.7806

0.2194

0.611

0.3393

0.0497

0.7624

0.2376

0.5764

0.3719

0.0517

0.997172365

0.07

CGA-13000036

0.8818

0.1182

0.7782

0.2073

0.0145

0.8836

0.1164

0.7817

0.2037

0.0146

0.999989075

0.13

CGA-13000037

0.8032

0.1968

0.6418

0.3227

0.0355

0.7547

0.2453

0.5637

0.382

0.0543

0.990200325

0.07

CGA-13000038

0.692

0.308

0.4655

0.4531

0.0814

0.7018

0.2982

0.4857

0.4324

0.082

0.997727475

0.04

CGA-13000039

0.5135

0.4865

0.2567

0.5135

0.2298

0.5103

0.4897

0.2567

0.5072

0.2361

0.999636901

0.02

CGA-13000040

0.8496

0.1504

0.7189

0.2616

0.0196

0.8528

0.1472

0.7219

0.2618

0.0164

0.999996751

0.11

CGA-13000041

0.6551

0.3449

0.4332

0.4439

0.123

0.618

0.382

0.3747

0.4865

0.1387

0.973407298

0.03

CGA-13000042

0.0783

0.9217

0.0053

0.1459

0.8488

0.9143

0.0857

0.8408

0.1469

0.0122

-0.781426359

-0.12

CGA-13000043

0.7346

0.2654

0.5414

0.3862

0.0723

0.7362

0.2638

0.5358

0.4008

0.0634

0.99942811

0.05

CGA-13000044

0.8561

0.1439

0.7282

0.2558

0.016

0.8645

0.1355

0.7515

0.2259

0.0226

0.998977446

0.11

CGA-13000045

0.2655

0.7345

0.0675

0.3961

0.5364

0.7413

0.2587

0.5298

0.423

0.0472

-0.687155462

-0.04

CGA-13000046

0.7227

0.2773

0.5277

0.39

0.0823

0.6887

0.3113

0.4722

0.433

0.0948

0.988397094

0.04

CGA-13000047

0.6078

0.3922

0.3763

0.4629

0.1608

0.6166

0.3834

0.3763

0.4806

0.1431

0.998828727

0.02

CGA-13000048

0.4938

0.5062

0.2402

0.5071

0.2527

0.5133

0.4867

0.2684

0.4898

0.2418

0.988222052

0.01

CGA-13000049

0.8528

0.1472

0.7252

0.2553

0.0195

0.8552

0.1448

0.729

0.2526

0.0185

0.999991868

0.11

CGA-13000050

0.8464

0.1536

0.7123

0.2682

0.0195

0.8422

0.1578

0.7047

0.2749

0.0204

0.999943546

0.1

CGA-13000051

0.2019

0.7981

0.0353

0.3333

0.6314

0.7857

0.2143

0.6143

0.3429

0.0429

-0.821552942

-0.06

CGA-13000052

0.367

0.633

0.1436

0.4468

0.4096

0.6056

0.3944

0.3808

0.4498

0.1695

-0.027684975

0

CGA-13000053

0.773

0.227

0.6095

0.3269

0.0636

0.214

0.786

0.037

0.3539

0.6091

-0.806835582

-0.06

CGA-13000054

0.773

0.227

0.6099

0.3262

0.0638

0.2127

0.7873

0.0368

0.3517

0.6115

-0.807726498

-0.06

CGA-13000055

0.1705

0.8295

0.0321

0.2768

0.6911

0.8413

0.1587

0.7075

0.2676

0.0249

-0.840685552

-0.08

CGA-13000056

0.5009

0.4991

0.2415

0.5188

0.2397

0.5124

0.4876

0.2515

0.5216

0.2268

0.996951474

0.02

CGA-13000057

0.7111

0.2889

0.5152

0.3918

0.093

0.7276

0.2724

0.5408

0.3735

0.0857

0.998168087

0.05

CGA-13000058

0.5822

0.4178

0.3463

0.4717

0.182

0.4469

0.5531

0.2102

0.4735

0.3163

0.553783346

0.01

CGA-13000059

0.2931

0.7069

0.0959

0.3943

0.5098

0.73

0.27

0.5462

0.3676

0.0862

-0.675886422

-0.03

CGA-13000060

0.7411

0.2589

0.5357

0.4107

0.0536

0.708

0.292

0.5

0.416

0.084

0.998019296

0.05

CGA-13000061

0.6929

0.3071

0.4903

0.4053

0.1044

0.7173

0.2827

0.5143

0.4061

0.0796

0.998915512

0.04

CGA-13000062

0.4533

0.5467

0.2125

0.4817

0.3059

0.4781

0.5219

0.2229

0.5104

0.2667

0.977524997

0.02

CGA-13000063

0.3397

0.6603

0.1304

0.4185

0.4511

0.3168

0.6832

0.0766

0.4803

0.4431

0.989044528

0.03

CGA-13000064

0.4703

0.5297

0.2234

0.4937

0.2829

0.492

0.508

0.2254

0.5332

0.2414

0.980595452

0.02

CGA-13000065

0.6781

0.3219

0.4568

0.4424

0.1007

0.6353

0.3647

0.405

0.4607

0.1343

0.986259493

0.03

CGA-13000066

0.8122

0.1878

0.6565

0.3113

0.0322

0.8316

0.1684

0.6899

0.2834

0.0267

0.998760664

0.09

CGA-13000067

0.8549

0.1451

0.7327

0.2442

0.023

0.8466

0.1534

0.7178

0.2577

0.0245

0.999797623

0.11

CGA-13000068

0.833

0.167

0.6933

0.2795

0.0272

0.8151

0.1849

0.6529

0.3244

0.0227

0.996816176

0.09

CGA-13000069

0.2054

0.7946

0.0432

0.3243

0.6324

0.7734

0.2266

0.5842

0.3784

0.0374

-0.810125473

-0.06

CGA-13000070

0.1047

0.8953

0.0072

0.195

0.7979

0.9193

0.0807

0.8509

0.1366

0.0124

-0.796906043

-0.12

CGA-13000071

0.704

0.296

0.4856

0.4368

0.0776

0.7431

0.2569

0.5433

0.3996

0.0571

0.990860953

0.05

CGA-13000072

0.5879

0.4121

0.3388

0.4982

0.163

0.6268

0.3732

0.3784

0.4969

0.1247

0.984044751

0.02

CGA-13000073

0.589

0.411

0.3399

0.4982

0.1619

0.6247

0.3753

0.3753

0.499

0.1258

0.986993774

0.02

CGA-13000074

0.6616

0.3384

0.4393

0.4446

0.1161

0.317
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0.1125

0.409

0.4785

-0.43615649

-0.01
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0.3488
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0.3703
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0.997815785

0.03

Figure 1: The graph between the correlation and covariance values of different case and control

allele frequencies.

The figure 1 shows that the case and control alleles are highly correlated to each other and the

covariance values are even very low showing less dis-similarity among the alleles of case and

control. In some polymorphisms the alleles in case and control are even anti-correlated to each

other.

Discussion

Single nucleotide polymorphisms (SNPs) are unique genetic differences between individuals that

contribute in significant ways to the determination of human variation including physical

characteristics like height and appearance as well as less obvious traits such as personality,

behavior and disease susceptibility. The informative set of SNPs will make the Genome wide

association studies much easier and less extensive. Studying the correlation within the SNPs will

allow us to find the relationship between the SNPs and to find the co-existence of SNPs which

lead to disease state. SNPs can also significantly influence responses to pharmacotherapy and

whether drugs will produce adverse reactions. The development of new drugs can be made far

cheaper and more rapid by selecting participants in drug trials based on their genetically

determined response to drugs. Testing for the appropriate drug response SNPs in a patient

requiring treatment would enable individualized therapy with the right drug and dose

administered correctly the first time. Many pharmaceutical companies are also interested in

identifying SNPs associated with polygenic traits so novel therapeutic targets can be discovered.


