
























































































































































































































 

92 

 

between the percentage GC content in genes that contain an internal hotspot and genes that 

do not contain an internal hotspot suggesting that GC content does not influence where 

recombination hotspots occur. This is in contradiction to what has been published in 

previous literature as, to my knowledge, no previous literature has been published 

specifically on the GC content of coding regions of disease-associated genes and genes in 

the control set. However, there have been publications that support a causal relationship 

between GC-content and recombination rate in humans as well as identifying that 

recombination hotspots are associated with local increases in GC content (Fullerton et al., 

2001, Freudenberg et al., 2009). It has been proposed that this effect might result from 

biased gene conversion (BGC). In this process gene conversion, in other words, the 

copy/pasting of one allele onto the other heterozygous loci during meiotic recombination, 

is biased towards GC-alleles, and leads to an increased probability of GC-rich regions 

compared to AT-rich regions (Duret et al., 2008). This BGC should render enrichment of 

GC-content in regions of high recombination compared to regions of low recombination. 

The findings about SNP density in disease-associated genes compared to genes in the 

control set was not expected. Previous publications have confirmed the average SNP 

density as 8.33 SNPs per 10kb in the human genome and this study showed the average 

SNP density as 1.61 SNPs per 10kb within genes. The difference in these findings are due 

to the fact that the whole genome will have a higher SNP density because intergenic 

regions, in other words “non-gene DNA”, can tolerate changes much more than coding or 

gene regions and therefore there will be many more SNPs outside of gene regions. Also, 

since it is known that disease-associated genes are generally longer than genes in the 

control set logically they should have more SNPs. These results show that whilst total SNP 

count per gene is higher in disease-associated genes according to their length, there is no 
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large variation in SNP density in disease-associated genes compared to genes in the control 

set. While attempting to identify genome-wide genes likely to be involved in human 

genetic diseases Lopez-Bigas et al concluded that genes involved in disease tend to be 

situated in conserved regions of the genome exposed to strong evolutionary constraints and 

that these genes therefore had not had the opportunity to accumulate many variations 

(Lopez-Bigas et al., 2004). This finding is supported by earlier studies that have 

hypothesised that the most severe “disease” genes are human essential genes, or 

housekeeping genes, and any disruption to their function will cause fatal consequences. It 

is thus proposed that these genes are less likely to tolerate sequence changes and therefore 

will contain fewer polymorphisms (Tu et al., 2006). These findings are however, not 

supported in this study and this may be because of the SNP data used. At any point in time, 

SNP records are certainly unlikely to catalogue all known SNPs. The current data for 

human variome is continuously and rapidly expanding as many more genomes from 

diverse ethnic origins, especially in Africa, are sequenced. For this study, SNP data from 

Ensembl SNPMart 65 was used. While this database is comparatively current, SNP density 

will continue to be limited by our limited knowledge for some time yet and a real 

conclusion about SNP density in disease-associated genes and the control set cannot be 

conclusively drawn. 

Disease-associated genes appear randomly distributed across the genome, which 

corresponds with the random distribution of all genes across the genome. Similarly, when 

examining the distribution of recombination hotspots and their frequencies, a random 

distribution in seen across the genome. This relationship is illustrated in Figure 27. It 

shows where the genes lie on the chromosome as well as the distribution of hotspots and 

their frequency of recombination and that these are random distributions and not skewed 
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towards the centers or ends of the chromosome. The analysis of the distance of a gene to 

the chromosome end corroborates this finding that recombination is not facilitated more 

easily near the chromosome ends as would be suggested by the hypothesis that the integrity 

of a chromosomes tertiary structure is more flexible towards chromosome ends. This may 

be due to the telomere, a region of repetitive nucleotide sequences at the end of a 

chromosome. The telomere protects the end of the chromosome from deterioration or from 

fusion with neighboring chromosomes by maintaining a well-packed tertiary structure. 

Telomere regions deter the degradation of genes near the ends of chromosomes by 

allowing chromosome ends to shorten, which necessarily occurs during chromosome 

replication (Nachman, 2002, Maddar et al., 2001).  

On initial observation of Figure 27, it appears that on some chromosomes, gene dense 

regions seem to undergo fewer recombination events, for example on chromosome 3 at 

p21.31 and chromosome 16 at q22.1 and q22.2, and this could warrant further investigation 

in future studies.  

To summarize, this study has determined that even though disease-associated genes are 

longer than genes in the control set and more likely to contain an internal recombination 

hotspot this does not indicate that these are traits that cause disease gene status. However, 

the fact that many genes in the control set do in fact contain hotspots, does not rule out the 

possibility that these genes may be found to underlie disease in the future. In general, it is 

difficult to make definitive conclusions about the control set if genes not implicated in 

disease as genes can only be defined as such within the limits of our current knowledge. 

This issue is discussed in Tiffin et al., 2009 (review article). In this study I have observed 

such differences between disease-associated genes and the control set. It is not possible,
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however, to demonstrate a causal relationship between these factors within the current 

study. I propose possible relationships between disease-associated genes and the control set 

and their characteristics, but further work is necessary to test whether causal relationships 

do exist. It is possible that the increase in number of hotspots indicates more variability 

being introduced and therefore more likelihood of causing altered phenotype, including 

disease phenotype. It could also be that containing an internal recombination hotspot 

predisposes a gene to cause disease and that longer genes are more likely to contain a 

hotspot and therefore longer genes are more likely to be disease-associated genes. In order 

to prove either hypothesis, further investigation is required. 

Co-occurring traits in disease-associated genes can contribute as supporting evidence for a 

hypothesis but they do not determine causality. In order to determine causality one could, 

for example, look at different ethnicities where the distribution of hotspots differ to 

established recombinant hotspot sets which are Eurocentric and identifying if the link 

between disease and the occurrence of hotspots still holds true or whether it is in fact only 

gene length that is the defining factor.  

In conclusion, I propose that genes that are longer are more likely to be disease-associated 

genes because they have more SNPs that might have disease-associated alleles and because 

they are more likely to contain a recombination hotspot which leads to greater variation 

and consequently more chance of a disease phenotype arising. 

One should keep in mind that Next Generation Sequencing is aiding in the discovery of 

disease genes by sequencing the entire protein-coding sequence, or exome and this will 

make studies, such as the one done here, even more valuable in the future. 
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Future Direction 

This approach gives us the potential to identify “most likely” disease-associated genes in a 

population-specific manner, and to look at the effect of distance/frequency of 

recombination hotspots on aetiological genes for diseases that have varying prevalence 

between populations. Given that, to date, so much disease-associated gene research is 

conducted within the Northern Hemisphere in a predominantly Caucasian environment, 

and then translated to the African populations, this would have great implications for 

prediction and analysis of candidate disease-associated genes exclusively for indigenous 

Africans. If we can link population structure to prediction of disease-associated genes, we 

pave the way to disease-associated gene prediction specifically adapted for indigenous 

Africans, with a methodology that is equally applicable to other populations.  

African natives are the most ethnically diverse population in the world (Tishkoff et al., 

2002). This is because the African continent is regarded as the “cradle of mankind” where 

the first human remains were discovered from 200 000 years ago. For this reason 

initiatives like HapMap (URL www.hapmap.org/) and 1000 Genome Project (URL 

http://www.1000genomes.org/) have focused on African-based studies for disease-related 

genetic and genomic research. To date, the complete genomes of two individuals as well as 

the exome sequence of three individuals from indigenous populations in Southern Africa 

have been sequenced (Schuster et al., 2010). The 1000 Genome project has samples from 

~500 DNA samples from West African Ancestry while HapMap is working with ~480 

from East and West Africa. The problem is that even though there is a significant amount 

of data becoming available about African genomes, there is not a lot of information about 

genes that cause disease in Africans as well as disease prevalence in African populations. 
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Recent genetic studies on African Americans have uncovered similar methods to creating 

detailed genome maps of African American DNA and this new technique will enable 

Scientists to locate the genes that cause disease (Hinch et al., 2011). As information 

becomes known about the genetics of African diseases, it may become easier to test 

whether the increased frequency of recombination hotspots in Africans results in different 

disease-associated genes in these populations. This will, however, also require the 

assembly of reliable test sets of African-specific disease-associated genes and the 

associated control sets of non disease-associated genes. 

Additional studies surrounding known translocation breakpoints that have been identified 

in cancers could also prove an interesting avenue for further computational analysis of 

sequences. The methods used in a recent study on translocations in lymphomas and 

leukemias in humans (Hakim et al., 2012) may potentially assist with identifying other 

motifs or sequence characteristics responsible for the predisposition to translocations in 

other forms of cancer.  
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Appendix 1 

cleanup_hotspot_data.py  

This program reads through (hotspotdata.txt) file. This program was designed to extract 

the chromosome name, hotspot co-ordinates and frequency of recombination data and 

write these results into a tab delimited output file (File 2 – hotspots_data_clean.txt). 

# open file and read lines into list 

directory = "C:/Students/tracey/analysis/" 

hotspots_infile = open(directory + hotspots_filename) 

hotspots_lines = hotspots_infile.readlines() 

outfile = file(directory + 'hotspots_data_clean.txt', 'a') 

# for each line, split into list at tabs 

x = 0 

print 'there are', len(hotspots_lines), 'lines in the file' 

for hotspot_line in hotspots_lines: 

# print hotspot_line 

    line_list = hotspot_line.split('\t') 

    if len(line_list) == 4 and  line_list[0].startswith('chr'): 

        print>>outfile, hotspot_line.strip() 

    else: 

        print 'line', x, 'is an exception' 

#        print hotspot_line 

    x = x+1 

outfile.close()         

_______________________________________________________________________ 
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get_gene_coordinates.py  

This program reads through multiple .ftp files stored in a single working directory and 

extracts the gene co-ordinates. This program was designed to extract the ENSEMBL gene 

ID, gene name, chromosome name, and gene co-ordinates (gene start and gene end) result 

per gene and write these results into two tab delimited output files (File 3 – 

disease_gene_coords.txt and File 4 – nondisease_gene_coords.txt). 

latest_database = "ensembl_mart_65" 

nondisease_outfile = file("nondisease_gene_coords.txt", 'a') 

disease_outfile = file(disease_gene_coords.txt", 'a') 

# END USER INPUTS 

#_______________________________________________________________ 

# collect list of disease gene IDs 

disease_genes_infile = "disease_genes.txt" 

dg_ids = [ ] 

infile = open(disease_genes_infile) 

lines = infile.readlines() 

for line in lines: 

    line = line.split('\t') 

    dg_id = line[0] 

    dg_id = dg_id.strip() 

    if dg_id not in dg_ids: 

        dg_ids.append(dg_id)  

print "there are", len(dg_ids), "IDs in the disease gene ID list" 

# connect to local Ensembl database 
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import MySQLdb as dbi 

dbc = dbi.connect(host="martdb.ensembl.org", 

                  db= latest_database, 

                  user = "anonymous", 

                  port = 5316) 

print 'connected' 

# get all records one at a time. 

x=0 

cursor = dbc.cursor() 

cursor.execute("""select distinct  stable_id_1023, display_label_1074, name_1059, 

seq_region_start_1020, seq_region_end_1020 

                  from  hsapiens_gene_ensembl__gene__main;""")                          

row = cursor.fetchone() 

while row is not None: 

#   print 'row is', row 

    ensembl_id =row[0] 

    ensembl_id.strip() 

    gene_name= row[1] 

    gene_name.strip() 

    chrom_name = row[2] 

    chrom_name.strip() 

    gene_start =row[3] 

    gene_end = row[4] 

    if ensembl_id in dg_ids: 
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    print>>disease_outfile, ensembl_id, '\t', gene_name,'\t', chrom_name,'\t', gene_start,'\t', 

gene_end 

     else: 

print>>nondisease_outfile, ensembl_id, '\t', gene_name,'\t', chrom_name,'\t', 

gene_start,'\t', gene_end 

     row = cursor.fetchone() 

    x=x+1 

    print x 

cursor.close() 

disease_outfile.close() 

nondisease_outfile.close() 

dbc.close() 
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hotspot_vs_gene_script.py  

This program reads through gene filename (disease_gene_coords.txt and 

nondisease_gene_coords.txt) files and hotspots filename (hotspots_data_clean.txt) file. 

This program was designed to extract hotspot co-ordinates per chromosome and create a 

directory for disease-associated genes and genes in the control set. Then the script 

measures the distance and frequency of recombination for each gene/hotspot combination 

on each of the chromosomes for the disease-associated gene list and non-disease gene list. 

The program then selects the top scoring hotspot data for each gene and writes these 

results into two tab delimited output files (File 5 – score_output_disease_gene_coords.txt 

and File 6 – score_output_nondisease_gene_coords.txt). 

from __future__ import division 

# define source files 

x = 0 

gene_filename =['nondisease_gene_coords.txt', 'disease_gene_coords.txt'] # 

hotspots_filename = "hotspots_data_clean.txt" 

chromosomes = ["1", "2", "3", "4", "5", "6", "7", "8","9","10","11","12", "13", 

               "14", "15", "16", "17", "18", "19", "20","21" ,"22", "X"] 

hotspots = {} 

for chromosome in chromosomes: 

    hotspots[chromosome] = [] 

print hotspots 

# Get hotspot coordinates and create dictionary 

# open file and read lines into list 
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hotspots_infile = open(directory + hotspots_filename) 

hotspots_lines = hotspots_infile.readlines() 

# for each line, split into list at tabs 

x = 0 

print 'there are', len(hotspots_lines), 'lines in the file' 

for hotspot_line in hotspots_lines[27:]: 

    x = x+1 

    hotspot_line = hotspot_line.split('\t') 

    chrom = hotspot_line[0] 

    chrom = chrom.strip('chr') 

    chrom = chrom.strip() 

    hp_position = hotspot_line[1] 

    hp_rate = hotspot_line[2] 

    if chrom in chromosomes: 

        hotspots[chrom].append((hp_position,hp_rate)) 

for gene_file in gene_filename: 

    print 'gene_file is', gene_file 

    genes = {} 

# Get gene coordinates and create dictionary 

    gene_infile = open(directory + gene_file) 

    score_outfile = file(directory + "score_output_" + gene_file, 'a') 

    print>>score_outfile, 

"gene_ensembl_id\tmax_score\thp_position\thp_frequency\tdistance\tgene_chrom\tgene_n

ame\tgene_start\tgene_end" 

    gene_lines = gene_infile.readlines() 
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    for gene_line in gene_lines: 

        gene_line = gene_line.split('\t') 

        gene_ensembl_id = gene_line[0] 

        gene_ensembl_id = gene_ensembl_id.strip() 

        gene_name = gene_line[1] 

        gene_name = gene_name.strip() 

        gene_chrom = gene_line[2] 

        gene_chrom = gene_chrom.strip() 

        gene_start = int(gene_line[3]) 

        gene_end = int(gene_line[4]) 

        if gene_chrom in chromosomes: 

            hotspot_list = hotspots[gene_chrom] 

            scores = {} 

            for item in hotspot_list: 

                hp_position = int(item[0]) 

                hp_frequency = float(item[1]) 

                if hp_position < gene_start: 

                    distance = gene_start - hp_position 

                if hp_position > gene_end: 

                    distance = hp_position - gene_end 

                if hp_position > gene_start and hp_position <gene_end: 

                    distance = 0.1 

                hotspot_gene_score = float(hp_frequency/distance) 

                scores[hotspot_gene_score] = (hp_position, hp_frequency, distance) 
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            max_score = max(scores) 

            values = scores[max_score] 

#            print gene_name, gene_chrom, gene_start, max_score, values 

            hp_position = values[0] 

            hp_frequency = values[1] 

            distance = values[2] 

print>>score_outfile, gene_ensembl_id,'\t', max_score,'\t', 

hp_position,'\t',hp_frequency,'\t',distance,'\t', gene_chrom, '\t', gene_name, '\t', 

gene_start, '\t', gene_end 

    score_outfile.close()           

__________________________________________________________________        
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get_all_snp_info.py  

This program reads through multiple .ftp files stored in a single working directory and 

downloads the SNP co-ordinates and chromosome name. This program was designed to 

extract the SNP ID, chromosome name, and SNP position result per gene and write these 

results into separate tab delimited output files (snp_coords_(chrom_x).txt). 

latest_database = "snp_mart_65" 

# END USER INPUTS 

#________________________________________________________________ 

# connect to local database 

import MySQLdb as dbi 

dbc = dbi.connect(host="martdb.ensembl.org", 

                  db= latest_database, 

                  user = "anonymous", 

                  port = 5316) 

print 'connected' 

# create directory of all data 

chromosomes = ["1", "2", "3", "4", "5", "6", "7", "8","9","10","11","12", "13", 

              "14", "15", "16", "17", "18", "19", "20","21" ,"22", "X", "Y"] 

# get all records one at a time. 

for chrom_x in chromosomes: 

    outfile = file("snp_coords_" + chrom_x + ".txt", "a") 

    x=0 

    print 'chrom', chrom_x 
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    cursor = dbc.cursor() 

    cursor.execute("""select distinct variation_name_2026, name_1059, 

seq_region_start_2026 

                      from  hsapiens_snp__variation_feature__main 

                      where name_1059 = '%s';""" % chrom_x)                          

    row = cursor.fetchone() 

    while row is not None: 

        snp_id = row[0] 

        chrom_name = row[1] 

        snp_pos =row[2] 

        print>>outfile, snp_id, "\t", chrom_name, "\t", snp_pos   

        x =x + 1 

        row = cursor.fetchone() 

    print 'completed for chromosome', chrom_x,"; there are", x, " snps" 

    cursor.close() 

dbc.close() 

outfile.close() 

__________________________________________________________________ 
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split_genes_by_chrom.py  

This program reads through gene filename (disease_gene_coords.txt) and 

(nondisease_gene_coords.txt) files and separates the disease-associated gene and genes in 

the control set by chromosome name and writes these results into separate tab delimited 

output files (filename[disease_gene/nondisease_gene]_gene_chrom.txt). 

disease_genes = [disease_gene_coords.txt", 'disease_genes'] 

nondisease_genes  = [nondisease_gene_coords.txt", 'nondisease_genes'] 

files = [disease_genes, nondisease_genes] 

for filename in files: 

    infile = open(filename[0]) 

    lines = infile.readlines() 

    for line in lines: 

        line = line.strip() 

        linedata = line.split('\t') 

        gene_chrom = linedata[2].strip() 

        outfile = file("filename[1] + "_" + gene_chrom + ".txt", 'a') 

        print>>outfile, line 

        outfile.close() 

________________________________________________________________ 
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get_gene_snp_count.py  

This program reads through gene filenames (disease_gene_coords.txt and 

nondisease_gene_coords.txt) files. This program was designed to extract the ENSEMBL 

gene ID, gene name, chromosome name, gene co-ordinates and SNP count per gene and 

write these results into separate tab delimited output files 

(snp_count_disease_genes_chrom_(x).txt). 

gene_coords_dg = ("disease_genes_", 'disease_genes') 

gene_coords_ndg = ("nondisease_genes_", 'nondisease_genes') 

outfile1 = file("snp_count_disease_genes.txt", 'a') 

print>>outfile1, 

"ensembl_id\tgene_name\tgene_chrom_name\tgene_start\tgene_end\tsnp_count" 

outfile2 = file(snp_count_nondisease_genes.txt", 'a') 

print>>outfile2, 

"ensembl_id\tgene_name\tgene_chrom_name\tgene_start\tgene_end\tsnp_count" 

outfile1.close() 

outfile2.close() 

# END USER INPUTS 

#_________________________________________________________________ 

# create directory of all data 

print "creating directory of all snps" 

chromosomes = ["1", "2", "3", "4", "5", "6", "7", "8","9","10","11","12", "13", 

              "14", "15", "16", "17", "18", "19", "20","21" ,"22", "X", "Y"] 

for chrom in chromosomes: 

    infile_name = "snp_coords_" + chrom + ".txt" 

    print 'chrom is', chrom 

    snp_ids = [] 
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    snp_data = [] 

# get all records one at a time from file 

    infile = open(infile_name) 

    print 'infile open for chrom ', chrom 

    lines = infile.readlines() 

    print 'there are', len(lines), 'lines' 

     for line in lines[:100000]: 

        #print 'line is', line 

        snp_coords = line.split("\t") 

        snp_id = snp_coords[0] 

        snp_id = snp_id.strip() 

        chrom_name = snp_coords[1] 

        chrom_name = chrom_name.strip()     

        snp_pos =snp_coords[2] 

        snp_pos = int(snp_pos) 

        if snp_id not in snp_ids: 

            snp_ids.append(snp_id) 

            snp_data.append((snp_id, snp_pos)) 

    print 'there are', len(snp_ids), 'in snp_ids' 

#_________________________________________________________________ 

# Get gene coordinates and find snps that fall in the coordinate 

    print "Processing gene coordinates" 

    gene_coords = [gene_coords_dg, gene_coords_ndg] 

    for item in gene_coords: 

        outfile = file(snp_count_" + item[1].strip() + ".txt", 'a') 
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        #print>>outfile, 

"ensembl_id\tgene_name\tgene_chrom_name\tgene_start\tgene_end\tsnp_count" 

        for chromosome in chromosomes: 

            infile_genes = open(item[0] + chromosome + '.txt' ) 

            lines_genes = infile_genes.readlines() 

            print 'there are', len(lines_genes),'gene lines' 

            for line_genes in lines_genes: 

               line_genes = line_genes.split("\t") 

               ensembl_id = line_genes[0].strip() 

               gene_name = line_genes[1].strip() 

               gene_chrom_name = line_genes[2].strip() 

               gene_start = line_genes[3].strip() 

               gene_start = int(gene_start) 

               gene_end = line_genes[4].strip() 

               gene_end = int(gene_end) 

                if gene_chrom_name == chrom: 

                    snp_count = 0 

                    for data in snp_data: 

                        snp_pos = int(data[1]) 

                        if snp_pos >= gene_start and snp_pos <= gene_end: 

                            snp_count = snp_count +1 

                            #print data, snp_count 

                    print>>outfile, ensembl_id,"\t", gene_name,"\t",  gene_chrom_name,"\t",  

gene_start,"\t",  gene_end,"\t",  snp_count 

       infile_genes.close()   

        outfile.close() 

       dbc.close() 
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