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ABSTRACT 

Single nucleotide polymorphism (SNP) that occurs in an experimentally detected binding site, and 

is closely linked with a disease associated SNP, is more likely to play a biological role in the 

genome than other SNPs that occur in parts for which there is no particular known function. 

Through this work, it is found that though the associated Type 1 Diabetes-SNP (T1D-SNPs) are 

not regulatory SNPs that may influence transcription factor binding, there are other nearby non-

associated SNPs that can influence this process. Thirty-seven of these rare regulatory Transcription 

Factor Binding Sites(TFBS-SNPs) have been identified by their testing positive for SNP 

sensitivity. In addition to significantly changing the representation of their local environment, they 

are outstandingly closer in proximity to the disease-associated SNPs than the other - (TFBS-

SNPs).  
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INTRODUCTION 

The molecule, is a member of the immunoglobulin superfamily, and is expressed on the surface of 

different cell types including lymphocytes 
1
. It has five binding domains that detect and bind 

glycoprotein ligands, which mediate in 
2
 teraction between white blood cells and inflamed 

endothelial cells that line the interior surface of blood and lymphatic vessels 
3
. This interaction 

leads to a movement of leukocytes towards the site of infection or tissue damage commonly 

referred to as leukocyte excavation 
4
. The innate immune response is believed to be   resulted to 

activation of pre-inflammatory gene 
5
, However this has been linked to certain chronic 

inflammatory disorders 

RAGE gene is suspected to have an effect in inflammatory diseases including diabetic 

complications (e.g. diabetic nephropathy or retinopathy) 
5,6, 7

, because there is an enhanced level of 

RAGE ligands in diabetes. 

MATERIALS AND METHOD 

Data Normalization 

The T1D susceptibility regions vary widely in size, ranging from 45,078 bps in region 14q32.2 

(Chr14:101283661-101328739) to 3,808,585 bps in the Human Leucocytes Antigen(HLA) region 

(chr6:29690000-33498585) 8. In order to eliminate bias due to size, the data should be normalised. 

Ideally, this can be dealt with by expressing the features as proportions of the total region size. 

This would scale the sizes of features per region to values between zero and one, and add them up 

to one. However, this cannot be applied to counts of functional features because some counts are 

very small in comparison to the total susceptibility region size. Therefore, for this study, data 

normalization was achieved by a two-step vertical and horizontal scaling. 

Feature-wise (vertical) scaling 

The objects to be clustered are a data set consisting of the structural features sizes for each 

susceptibility region. The columns are the structural features whilst the rows are the susceptibility 

regions. In vertical scaling, the abundance for each structural feature (    ) are normalised 

separately, by expressing the value of that feature   as a proportion of the maximum          of 

all susceptibility regions (Figure 18).Vertical scaling yields values (   
 ) that are more comparable 

between regions but does not eliminate region size bias in the data     
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Figure 1: Vertical scaling showing how feature sizes are expressed as proportions of the 

maximum feature size 

Region-wise (horizontal) scaling 

Horizontal scaling is applied to the data to eliminate the effect of region size. This is done because 

the size range of the susceptibility regions is large (3,763,507). The differences in the sizes of 

regions will have an inherent influence on the amount of each structural feature, and possibly the 

functional features, characterizing each region. .A cluster analysis simply done on the    
  values 

would produce results reflecting the influence of region size bias regions of similar size would 

simply come together when clustered. Thus, to normalize the data and correct for this problem, 

polynomial fitting was applied to the vertically scaled observed feature values    
 . 

To do this,     
  is measured as a residual from a polynomial regression model. This is done for 

each feature separately (i.e. Intron, Intergenic, Exon etc.)   
 is plotted against the vertically scaled 

susceptibilityregion size  , then a 2
nd

 order polynomial issued to fit data for features  ̂ (          ) 

(Figure 19). Subsequently, residual values are calculated by subtraction of the expected values  ̂ 

from the scaled observed values   
 . These residualvaluesare devoid of region size bias andcanused 

for row-wise clustering of features. Polynomial regression has been chosen for data fitting in this 

work because it produces the best results for the data. This method, in comparison to linear, 

logarithmic regression, gives the best line of fit with the highest R
2
values (Table 8).The graphical 

plots from the polynomial regression are presented  below .  
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 ̂     
        ;  where,  =                    

             
     ̂   

 

Figure 2: Horizontal scaling showing how vertically scaled feature sizes are expressed as 

residuals from a regression model 

RESULTS AND DISCUSSION 

The results of this research suggest an involvement of non-coding SNPs in the aetiology of T1D, 

but they are not the disease-associated SNPs. it is shown that the associated T1D-SNPs are mostly 

(93%) non-coding SNPs and about a quarter of them are regulatory SNPs. The latter are situated 

mostly within promoter flanking regions but, none of them occur in a TFBS. Most of the 

remaining non-coding associated T1D-SNPs are found in introns of protein coding transcripts and 

in non-coding Ribonucleic acid (RNA) transcripts. Note, that although these SNPs are not in 

conventional regulatory modules, they can still affect regulation.  

The T1D regions can be split into three clusters. These characteristics are attributed to the presence 

of large sized protein coding genes that contain large introns and also have multiple alternative 

coding and non-coding transcripts. The second cluster includes the Human Leucocyte Antigen 

(HLA) (largest) region and is outstanding in the sense that its susceptibility regions contain a lot of 

intergenic material. It is also the cluster with regions with the largest number of SNPs (most of 

which are in the HLA region).With respect to its features, the third cluster is quite similar to the 

first one, but differs from it by having high contents of exonic and UTR nucleotides. This is due to 

the high gene density of the susceptibility regions that make up the cluster. The susceptibility 

regions of the first and third clusters are outstanding because they contain significantly more 

markers for other autoimmune diseases than the regions in the second cluster. This is particularly 
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interesting because these regions are also enriched in intronic and non-coding transcript 

nucleotides. 

Table 1: Standardized residuals: In overlap vs not in overlap 

(O-E)/√E Associated Non- Associated 

In Overlap -0.422 0.008 

Not in overlap 0.752 -0.014 

Table 2:Gene vs Transcript vs Gene Flanking. 

Counts Associated Non-Associated Total 

Gene & Transcript Overlap 12 23809 23821 

Transcript Overlap 41 103762 103803 

Gene Flanking 9 71876 71885 

  62 199447 199509 

    
2
 = 13.19   p= 0.0013 

Table 3: Standardized residuals: Gene vs Transcript vs Gene Flanking. 

(O-E)/√E Associated Non- Associated 

Gene & Transcript Overlap 1.690 -0.030 

Transcript Overlap 1.539 -0.027 

Gene Flanking -2.822 0.050 

Table 4: Gene vs Transcript vs Gene Flanking vs ‘No’ overlap. 

Counts  Associated Non-Associated Total 

Gene & Transcript Overlap 12 23809 23821 

Transcript Overlap 41 103762 103803 

Single Genic Position 24 62769 62793 

Gene Flanking 9 71876 71885 

  86 262216 262302 

    
2
 = 13.25; p= 0.004   

Table 5: Standardized residuals: Gene vs Transcript vs Gene Flanking vs ‘No’ overlap. 

Standardized Residuals Associated Non-Associated 

Gene & Transcript Overlap 1.50 -0.03 

Transcript Overlap 1.19 -0.02 

Single Genic Position 0.75 -0.01 

Gene Flanking -3.00 0.05 
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Figure 1. Scatter plots showing data–fitting using a second order polynomial regression for 

3’ UTR, non-coding transcript and regulatory nucleotides, as well as Non-coding gene, 

protein coding gene and SNP counts. 

A SNP sensitivity test, designed for this study, was used to identify SNPs with alternate alleles that 

change the representation of the binding region in which they occur. Counter-intuitively, all SNPs 

that tested positively are non-associated SNPs (i.e. SNPs that did not appear to be significantly 

associated with T1D in Genome Wide Association Studies (GWAS). However, they occur at loci 

that are significantly closer in distance to disease-associated SNPs than SNPs that tested negative 

for sensitivity. About 60% of the SNPs that significantly change the structure of the motif in which 

they occur are from the HLA region. This is also the susceptibility region that has the strongest 
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association with T1D. Furthermore, they occur predominantly in binding motifs for the USF 

family of regulatory proteins. These proteins have been shown to be associated with other diseases 

including Type 2 Diabetes. 

Although the aetiology of T1D is not fully understood, aberrations in the regulation of certain 

susceptibility genes, like CTLA-4, PTPN22 and IFIH1, are suspected to contribute to the cause of 

disease 
9
.  

For T1D to be viewed as a disease that is caused by problems in gene regulation, the classical 

expectation would be for the disease-associated SNPs to be frequently located in regulatory 

regions and binding sites. Although this is not the case, this does not rule out the hypothesis that 

T1D is for a large part due to gene regulatory defects. The disease-associated SNPs occur the least 

often (7%) in protein coding regions; therefore, T1D cannot be described as a disease that is 

caused by disruption in protein coding alone. The findings of this research can be related to two 

current trends in the study of complex diseases. The first is centred on the function of disease-

associated SNPs in susceptibility regions. It is now widely suggested that the disease-associated 

SNPs may be no more than markers that capture the variation present at a locus associated with 

disease risk (i.e. the disease susceptibility region) 
10

. They are unlikely to be the mutations that 

underlie disease association, but rather are in linkage with other genetic variants, all of which are 

putatively causal 
10,11,12

. This recent turn in complex disease genomics has come about because 

despite a number of post GWA-studies, many of the disease associated SNPs are still yet to be 

implicated as the underlying causal variant in associated complex diseases  
13

. Recent studies now 

seek to identify other rare SNPs that are close by and in strong linkage with the disease-associated 

SNPs, which could account for the difference in phenotype that is associated with the region 

10,11,12
. The concept presents an important challenge in the sense that there are usually numerous 

variants linked with the associated SNPs. For instance, the susceptibility regions for T1D contain 

well over 200,000non-associated SNPs. Therefore, if the notion that disease-associated SNPs are 

markers is true, then is has been quite significant to be able to reduce the number of non-

associatedT1D-SNPs to 37 putatively causal regulatory candidates that test positive for SNP 

sensitivity. Furthermore, it has been important to find that these 37 regulatory SNPs have a 

significantly shorter mean distance to close-by disease associated SNPs in the region than the 

SNPs that tested negative for SNP sensitivity. One can then theories that the associated SNPs are 

markers for these rare SNPs that affect regulation. Further studies could reveal that the target genes 

activated by TF binding to the affected TFBSs, could be implicated in the aetiology of T1D.  
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The introns have long been thought to be extraneous nucleotides that are usually spliced out from 

the primary mRNA transcript of a gene to produce the mature mRNA transcript that guides the 

production of proteins. However, introns are now known to be crucial in the regulation of gene 

expression as well as influencing molecular evolution 
14

. They contain a splice site consensus 

motifs (a sequence of DNA that has a similar structure and function in different organisms) at the 

intron-exon junctions, which are bound by a protein complex known as the splice some during the 

alternative splicing process. The enzymes involved induce cleavage of the intron from the flanking 

exons and then joins the two flanking exons by what is called a phosphodiester bond A SNP that 

occurs in these motifs can disturb alternative splicing by altering recognition of the splice site or 

by altering splicing patterns 
15

. Mis-splicing can result in exon skipping, intron retention or the 

activation of a cryptic splice site 16, 17. Rs698 is an associated T1D-SNP that occurs at intronic 

splice sites in two overlapping genes, INS and INS-IGF2 on chromosome.  The INS gene encodes 

insulin, a hormone which decreases blood glucose concentration and increases cell permeability to 

monosaccharides, amino acids and fatty acids. Research has shown that the protective allele of this 

SNP (homozygous “T”) is associated with increase in age of disease onset . This mutation is 

associated with production of anti-insulin autoantibodies, but how the SNP affects the INS gene 

locus has not been fully described 
18

. Medical research has demonstrated that mutation in splicing 

can play important roles in disease including hereditary diseases, neuro-degenerative disorders and 

cancers 
15,19

. Some diseases found to be caused by problems in splicing include Familial 

Dysautonomia (FD) 
20

, atypical cystic fibrosis , Menkes disease 
21

 and Frasier Syndrome 
22

. Yet, 

intronic mutations are quite often ignored as possible causes of human disease. Also, an intronic 

SNP can affect regulation if it occurs in a regulatory region that overlaps the intron (gene-

associated regulatory region). If it is within a binding site it could distort the binding signal as 

demonstrated with SNP sensitivity, thus affect binding of regulatory proteins. However, no 

disease-associated TFBS-SNP occurs in a gene-associated binding site. 

The afore-mentioned SNP, just like 23 other associated SNPs, occurs in non-coding transcripts of 

the same susceptibility gene or in transcripts of a second overlapping gene. These non-coding 

transcripts include NMD transcripts, retained introns as well as RNA gene transcripts. NMD decay 

of a transcript, functions to detect and degrade transcripts harbouring premature signals for the 

termination of translation. An estimated one-third of inherited genetic disorders and many forms of 

cancer are thought to be caused by a nonsense or frame shift mutation which results in the 

generation of premature termination codons. The majority of these nonsense transcripts are 

recognized and degrade by the cell by the NMD pathway. However, a mutation can lead to a gain 
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of function mutation that decreases the efficiency of NMD and causes the stability of nonsense 

transcripts. NMD mutations are implicated in diseases including the blood disorder Beta 

thalassemia. 

There is robust evidence that rs941576 in the maternally expressed MEG2gene,is associated with 

paternally inherited risk of T1D. It is hypothesized that this SNP may affect regulation of three 

other paternally expressed genes (DLK1, RTL1 and DIO3) that lie within the regionDLK1has the 

strongest functional candidacy, as it is highly expressed in the pancreatic islets (T1D is 

characterized by attack on pancreatic islet beta cells). In this study, rs941576 was also found to be 

in an enhancer region within a regulatory module, but not in a binding site. From the foregoing, it 

is clear that mutations occurring in the non-coding parts of the genome are just as important as 

coding mutations in the causation of diseases.  

Another significant outcome of this research is that the analyses done (classification of SNPs and 

susceptibility regions) and methods developed(the SNP-sensitivity test) can be applied for other 

diseases, especially complex diseases for which the contributing genetic factors have already been 

discovered. These methods can be applied to genomic data that has been made available for these 

diseases by dedicated research consortiums. This way, regulatory mutations that may contribute to 

the disease mechanism can be identified for further testing. In fact, comparing results from 

different diseases, especially mutations coming from pleiotropic susceptibility regions, may lead to 

isolation of particularly interesting mutations. These may include SNPs that have a common 

occurrence for more than one disease but yet affect a different process in the aetiology of each 

diseases because of the mere fact that SNPs intersect multiple transcripts and genes 
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