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3.3. Preliminary assessment of paired data
A preliminary assessment using PCA was conducted to determine whether there was
potentially a relationship between the host genotypes and the occurrence of specific infecting
M. tb clades. Following standard genotyping QC, a PCA was performed using the infecting
clade data and genotype data that had passed through several QC filters.

3.3.1. Genotype QC
To prepare the patient genotypes for a preliminary analysis of the association with the M. tb
clades and superclades, variants lacking chromosome and/or base pair annotation were
excluded from the PLINK files for all participants. This was followed by iterative QC filters
for a maximum of 10% individual genotype missingness (--mind), 2% SNP genotype
missingness (--geno), and 5% SNP minor allele frequency (MAF; --maf) using PLINK. These
iterations alternated with a “sex” check and identification of duplicate samples at a level of
first-cousin relatedness (pi-HAT > 0.125). A Perl script written by Yekai Xiong (Chang et al.
2014; Gao et al. 2015) was used to identify one individual per related pair who needed to be
removed. This was followed by a test for excess heterozygosity in PLINK to identify
individuals with genotyping heterozygosity four standard deviations from the mean. These
individuals were removed from the dataset. PCA was performed to identify outliers in the

dataset and any separation of the genotype data based on M. th clades and superclades.

3.3.2. M. tb database quality control
3.3.2.1.  SAC cohort
Two archived in-house databases were used to retrieve information of the infecting M. tb clade
for the SAC cohort. One database contained patient records and is referred to as the “Patients
database” and is abbreviated “P”, while a second database contained spoligotyping records for
study participants from which M. tb cultures had been derived (Table 4). As the M. th database
consisted of multiple levels of information for the bacterium, it is herein referred to as the

“M. tb database” and is abbreviated “S” for “Strain”.
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Table 4: Database sources used to complete this objective

Data source Column Descriptions Number of
observations
Patients Case ID, PatientlD, Date of Birth, Gender, Clinical 3937
database Disease
(P)
M. tb database Patient ID, Culture Date, SAWC, 1S6110 3, Family, 4 583
(S) Family  Group, Type, Description, Infection,
Reactivation, Evolved
SAC cohort Family ID, Individual 1D, Sex, Phenotype 947
(extracted from PLINK .fam file)
link Case ID, Sample ID 4 408

Bash shell scripting was used to extract the Family ID, Individual ID, Sex, and Phenotype
columns for the genotyped individuals and an R script was written to link the genotyped study
participants to their corresponding M. tb infections. Once M. th clade-matched study
participants who were also genotyped were identified, QC was performed on the patient records
as follows: the first QC measure was to identify any individuals who may have had duplicate
records as a result of being genotyped more than once. If any individual had been genotyped
more than once, the raw genotype-calling quality scores of each sample was compared,
followed by the removal of the sample with the poorer quality score from the dataset. The

second QC measure was to identify and correct incorrect assignments of infection number.

3.3.2.2.  Ghanaian cohort
Host genotype data and bacterial strain data were generously provided by Dr Thorsten Thye
and Prof Stefan Niemann, and was assessed using the same QC filters as those used on the
SAC dataset.

3.3.3. Derive M. tb distributions
M. tb clade and superclade distributions were derived for subsets of the study cohort. If records
for multiple infections were available, M. tb distributions were derived for the first infection
recorded for each patient present in the database, as well as any subsequent infections.
Distributions of M. tb isolates were also computed for the subsets of study participants having

only one infection recorded in the PS database, and those having multiple infections.
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It is possible for study participants to have been sampled multiple times during the recruitment
period and a number of possibilities exist which may confound the representation of an M. tb
infection. We acknowledge that these individuals may have gone to different clinics during the
sample collection period or may have failed to return to the clinic. Thus, it is possible that a
subsequent M. tb infection may be misrepresented with regards to the true order of events or
may not be recorded in the Strain database at all. For this reason, we took the pragmatic
approach of analysing the first recorded infection for each patient during the sample collection
period. Frequency distributions of clades and superclades were reported for the first- and
second infection records, where available, as well as for study participants having only one

recorded infection in the database, and two recorded infections in the database.

3.3.4. PCA of first recorded infection
Genotypes for the samples passing the QC filters were converted to the genomic data structure
(gds) format using the gdsfmt (Zheng et al. 2012) package in R. PCA was performed on the
genotype data using the snpgdsPCA function available within the SNPRelate package (Zheng
et al. 2012). Eigenvalues generated from the PCA were plotted in a scree plot and visually
inspected to identify at which eigenvalue the variation in the data became least explicable. PCA
plots were generated by selecting paired eigenvalue columns and plotting them combined with

an overlay of either the clade, or superclade.
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3.4. Generate high-quality imputed genotype data
Prior to performing an association analysis, a critical step is to obtain high quality genotype
data by filtering for SNP genotype missingness, sample missingness and minor allele
frequency. Additionally, variants lacking chromosome or base pair information were updated
using the 1000 Genomes Phase 3! (1000GP3) reference panel and the dbSNP database. To
maximise the number of variants tested in the association analysis, the cleaned genotype data
were imputed using three different reference panels to determine which panel served the best

for the given dataset in imputing missing variants.

3.4.1. Modified Data QC for Imputation

3.4.1.1. Update variants lacking chromosome or base pair position
information

Instead of discarding unannotated SNPs as was done in 3.3.1, chromosome and base pair
position annotations were retrieved for SNPs lacking this information. To do this, the SNP
overlap between the 1000GP3 reference panel and the study dataset was calculated.
Chromosome and base pair position annotations were retrieved from the 1000GP3 and only
SNPs also found to be validated by laboratory methods in the doSNP? database were retained
and subsequently updated for their missing information. SNPs found in the 1000GP3, but not

validated according to doSNP were removed from the study dataset.

3.4.1.2. Examine the data for ambiguity in alignment to reference data

When genotype data are generated, the reference panel used in the array design may be an
outdated version of the most recently updated human reference panel (Wang et al. 2017). In
regions where the reference panel has been updated with “strand flips” or “SNP flips”, the
original genotype data may not be completely oriented in the same way as the reference
genome, and the process of genotype imputation may be erroneous. Thus, to facilitate accurate
genotype imputation and meta-analyses of datasets genotyped on different platforms, it is
essential that study data be oriented to the strand direction of the reference data (Deelen et al.
2014).

L ftp://ftp-trace.nchi.nih.gov/1000genomes/ftp/phase3/
2 ftp://ftp.ncbi.nih.gov/snp/
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A previous researcher in our group, Dr Michelle Daya, used LiftOver® to convert the
Affymetrix genotyping data for the SAC cohort from build 36 of the human genome reference
(which was used in the array design) to build 372. LiftOver updates SNP IDs (rs numbers)
and/or genomic co-ordinates (base pair positions) between the assembly on which the input
genotyping data was generated, aligned to the desired (generally, more recent) reference

genome assembly.

Using Genotype Harmonizer® (Deelen et al. 2014), genotyping data were aligned to match the
strand direction used in the 1000GP3 reference dataset. The study genotypes were entered into
Genotype Harmonizer using default parameters along with flags to update the study variant
IDs, match the study reference alleles, and to keep variants not in the reference dataset. The
linkage disequilibrium (LD) checker was kept off as default, and a maximum MAF of 0.05 was
included as a back-up filter. In instances where insufficient variants were in LD and the MAF
of a variant was less than or equal to the specified value in both study data as in the reference,

the minor allele was used as a backup for alignment.

3.4.1.3. Genotype QC
Following alignment of alleles to the 1000GP3 reference panel with Genotype Harmonizer,
genotyping QC was performed using PLINK and consisted of iterative filters for 10% sample
missingness, 2% SNP genotyping missingness, and a 5% MAF filter, until no more SNPs or
samples were removed. These three filters alternated with a “sex” check, and check for too
little, or excessive genotyping heterozygosity. Too little genotyping heterozygosity amongst
participants in the sample may be an indication of inbreeding, whereas excessive
heterozygosity may be indicative of sample contamination (Anderson et al. 2010). Related
individuals were identified but not removed from the dataset at this stage because increased
sample sizes, regardless of relatedness, have been shown to improve phasing and imputation

accuracy (Deelen et al. 2014).

L http://genome.ucsc.edu/cgi-bin/hgLiftOver
2 http://hgdownload.cse.ucsc.edu/goldenPath/hg19/chromosomes/
3 http://www.molgenis.org/downloads/GenotypeHarmonizer/GenotypeHarmonizer-1.4.20-dist.tar.gz
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3.4.2. Data preparation, Haplotype phasing, and Genotype imputation
3.4.2.1. In-house (IH) workflow
Haplotype phasing and genotype imputation was performed using five workflows as shown in
Table 5. For the In-House workflow (abbreviated as IH-1000GP3), genotypes in PLINK format
passing QC filters were phased per chromosome using ShapelTv2 (Delaneau et al. 2008). The
PHASER mode (version 2.r837) of the ShapelTv2 algorithm was kept at a default of 35
Markov Chain Montecarlo (MCMC) iterations and the effective population size was specified
as 15 000. Due to the admixed nature of the SAC population, the effective population size for
the cohort was determined as an intermediate value of those suggested on the ShapelTv2?!
website. The window-based model used 100 states per window, approximately 2 Mb in size.
When phasing the X chromosome, males and females were split and heterozygous haploid

variants were identified and removed using PLINK.

Table 5: Haplotype phasing and Genotype Imputation workflows

Workflow name Reference Abbreviation Phasing Imputation
Panel used software software
In-house 1000GP3 IH-1000GP3  ShapelTv2  IMPUTE2

Michigan Imputation Server 1000GP3 MIS-1000GP3  ShapelTv2  Minimac3

Michigan Imputation Server CAAPA* MIS-CAAPA  ShapelTv2 Minimac3

Sanger Imputation Server 1000GP3 SIS-1000GP3  ShapelTv2 PBWT?

Sanger Imputation Server AGR** SIS-AGR ShapelTv2 PBWT

* CAAPA: Consortium on Asthma among African-ancestry Populations in the Americas
**AGR: African Genome Resource

°PBWT: Positional Burrows-Wheeler Transformation

For each chromosome, a .samples and .haps file is produced following the haplotype phasing
step. The .samples file is similar to the PLINK fam file in that it contains seven columns
specifying the Individual ID in two columns, a column specifying the proportion of missing
data, a paternal and maternal ID, “sex”, and phenotype. The .haps file is a tab-delimited file in
SNP-major format where each line contains a chromosome number, SNP ID, SNP position,

encoding for allele A, and encoding for allele B.

! http://mathgen.stats.ox.ac.uk/genetics_software/shapeit/shapeit.html#gettingstarted
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IMPUTE2? version 2.3.2 (Howie et al. 2009) was used for the imputation of 1000GP3 SNP
markers into the study dataset. IMPUTEZ2 describes Panel O as being the phased reference
haplotypes, and Panel 2 as being the phased study haplotypes. The genetic map corresponding
to the chromosome being imputed was used as the source of genetic recombination rates?.
IMPUTE2 documentation recommends dividing each chromosome into approximately 5 Mb
pair chunks. Thus, for each chromosome, the last base pair position was divided by 5 Mb in
order to determine how many chunks needed to be specified per chromosome. The default
buffer region of 250 kb was used to include a specified number of SNPs on each side of the
analysis region using the -int flag. Using a buffer region is recommended by IMPUTE2 as it
prevents the deterioration of imputation quality near the edges of the chunk being analysed
(Howie et al. 2009).

The input genotype calling threshold was kept at the default of 0.9 and the MCMC iterations
were also kept at default values, along with 500 Hidden Markov Model (HMM) states for
imputation. Imputation using IMPUTEZ2 produces six files for each chunk of the chromosomes
imputed. The format of these files are shown in Table 6. A concatenated INFO file was
generated for each chromosome comprising of the info files per chunk. All genotype files

obtained per chromosome were concatenated into a single .gen genotype file.

Table 6: Standard output file format from IMPUTE2

Output file File Format
genotype file (no snp_id, rs_id. position, a0, al, three genotype probabilities for SNP per
extension) sample
_info snp_id, rs_id, position, a0, al, exp_freq_al, info, certainty, type,
info_type0, concord_type0, r2_type0
info_by sample concord_type0, r2_type0

_summary A summary of the input files, output files, and processing performed.
_warnings Any potential errors in the processing
_samples Individual ID in two columns, missingness proportion, paternal ID,

maternal ID, “sex”, and phenotype

L http://mathgen.stats.ox.ac.uk/impute/impute v2.html
2 https://mathgen.stats.ox.ac.uk/impute/1000GP_Phase3.html
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3.4.2.2.  Michigan Imputation Server (MIS) workflow
In preparation for upload to the Michigan Imputation Server! (Das et al. 2016), genotypes were
converted to variant call format (VCF) format using PLINK, sorted by ascending chromosomal
order, and checked for concordance to internal MIS specifications using the checkvcf.py?
script. As required by the MIS, individual chromosomes were compressed using bgzip and
indexed using tabix. Both packages are found within BCFtools®. The individual chromosomes
were uploaded in an unphased state and ShapelTv2 was specified for the haplotype phasing
step followed by imputation using the MIS’ tool of preference, Minimac3 (Das et al. 2016).
Per the requirements of the software, Chromosome 23 genotypes in PLINK format were

converted to be annotated as chromosome “X”.

For the first analysis of the study data on the MIS, phasing was preceded by a QC step in which
the “mixed” population option was selected when specifying the desired workflow, followed
by imputation with the 1000GP3 reference panel. In the second independent analysis on the
MIS, the Consortium on Asthma among African-ancestry Populations in the Americas
(CAAPA)* reference panel was specified along with a mandatory selection of the
“African-American” population for the QC. It is important to note that the CAAPA reference
does not have reference haplotype data to facilitate imputation of the X chromosome.

3.4.2.3.  Sanger Imputation Server (SIS) workflow
In contrast to the MIS, the SIS® required a single concatenated and compressed file in VCF
format. As advised on the SIS help page, a file check was performed on the concatenated VCF
file using the BCFtools norm -ce flag to ensure that the format met the specifications required
by the SIS. The SIS strictly does not accept a VCF file failing on the alignment to the human
reference human_glk v37.fasta® and thus if errors were returned, the fixref plugin available
from BCFtools was used. Haplotype phasing was performed on the server using ShapelT2,
followed by genotype imputation of the available reference panels using the Positional
Burrows-Wheeler Transformation (PBWT) algorithm (Durbin 2014). The first analysis of the

1 https://imputationserver.sph.umich.edu/start.ntml#!pages/home

2 https://github.com/zhanxw/check\VVCF

3 https://github.com/samtools/bcftools/releases/download/1.9/bcftools-1.9.tar.bz2

4 https://www.caapa-project.org/

5 https://imputation.sanger.ac.uk/

6 ftp://ftp.ncbi.nlm.nih.gov/1000genomes/ftp/technical/.../human_glk v37.fasta.gz
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study dataset on the SIS was performed using the 1000GP3 reference panel and the second

independent imputation made use of the African Genome Resource (AGR) reference panel.

3.4.3. Selection of high-quality imputed genotype data
Both the IH workflow using IMPUTEZ2, and the SIS workflows using the PBWT algorithm
produce an INFO metric, while the MIS workflow using Minimac3 produces an r-squared
(Rsq) quality metric. Both quality metrics are an estimation of the squared correlation between
the true, unobserved genotypes, and the imputed genotypes (Browning and Browning 2009).
The quality metric ranges from 0 to 1, where values near 1 indicate a high certainty of the
imputed SNP whereas a value near 0 is a SNP imputed with low certainty. Negative values
indicate high uncertainty in the imputation and a value of -1 is assigned when the metric cannot

be calculated for a particular marker (Marchini and Howie 2010).

For each of the imputation analyses, the INFO or Rsq values were extracted for all SNPs and
the mean quality scores were calculated per MAF bin specified as 0-5%, 5-10%, 10-20%,
20-30%, 30-40%, and 40-50%. In the case of the SIS, the MAF needed to first be calculated
using VCFtools?®. There is no universal cut-off for filtering on the quality score metric, but
generally a value between 0.3 and 0.5 is an accepted cut-off (Marchini and Howie 2010). Thus,
SNPs with an INFO or Rsq value greater than 0.45 were selected for calculating SNP density
for each workflow. Plots were also generated to compare imputation quality scores across the
defined MAF bins.

3.5. Perform an association analysis using high-quality imputed host genotype
data and M. tb superclade data

The final step in the method was to perform an association analysis using the patient genotype

and infecting M. tb data. To do so, imputed genotypes were assessed to extract only SNPs

imputed with high certainty and to determine which reference panel imputed the study dataset

with the highest quality. The association analysis was then performed using a multinomial

logistic regression framework implemented in SNPTest.

L http://vcftools.sourceforge.net/

45


http://vcftools.sourceforge.net/

3.5.1. Preparation of genotypes: Post-imputation QC
The dataset, which had the highest imputation scores per MAF bin, was filtered to exclude
monomorphic variants by selecting dosage values greater than zero and less than two. SNPs
with a quality score of greater than 0.45 were prioritised for the association analysis and filtered
iteratively for a maximum of 10% individual genotype missingness, 2% SNP genotype
missingness, and 5% SNP MAF using PLINK. Related individuals identified prior to
imputation were removed followed by a second round of iterative filters for SNP- and sample
missingness and MAF. Samples which were M. tb clade-matched were extracted from the

remaining samples which had passed all QC filters.

If the IH dataset in gen/sample format was selected as the best dataset, the first step was to
obtain a list of SNPs with high quality. To do so, the concatenated INFO file for each
chromosome was assessed in R to obtain the subset of all the SNPS from which monomorphic
SNPs and INDELS had been removed, as well as SNPs not meeting the INFO score cut-off of
0.45. Thereafter, the genotype file for each chromosome was filtered using the subset mode in

GTOOL version 0.7.51 to retain their corresponding SNPs of high quality.

The filtered genotype files were then merged into a single genotype file using the merge mode
in GTOOL. The merged genotype and sample files were copied, and the copy was converted
to PLINK PED/MAP format using the -G flag in GTOOL, incorporating a genotype calling
threshold of 0.7. Following conversion of the PLINK PED/MAP file to BED/BIM/FAM
format, the PLINK genotype files were filtered iteratively for a maximum of 10% individual
genotype missingness, 2% SNP genotype missingness, and 5% SNP MAF using PLINK.
Related individuals identified prior to imputation were removed followed by a second round
of iterative filters for SNP- and sample missingness and MAF. Trailing whitespace was
removed from the .gen file to meet the column specifications of SNPTEST? v2.5.2 (Marchini
2010) and samples which were M. tb clade-matched were extracted from the remaining samples
which had passed all QC filters.

L http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool.html
2 https://mathgen.stats.ox.ac.uk/genetics_software/snptest/snptest.html
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3.5.2. Preparation of covariables file

All available covariables were obtained for the cohort under study. These included, where
available, sex, and age at time of active TB and subsequent recruitment into the study. The first
sex-specific GWAS for TB was recently performed, and although no genome-wide significant
associations were detected, the results of the study showed strong evidence of possible
sex-specific associations for risk of developing TB (Schurz et al. 2018). In light of this finding,
we found it critical to include sex as a covariable in this analysis to reduce the risk of bias in
the association test.

As an individual ages, so does one’s general immunity decrease, and subsequently,
susceptibility to infectious illnesses, including TB, increases (reviewed in Wang 2012). Thus,
to mitigate the bias of age influencing the association analysis, age at the time of TB illness

and recruitment into the study was included as a covariable.

To correct for differences in ethnicity amongst participants, either ancestry proportions or
principal components were calculated and included as covariables. SNPTEST is unable to
include covariables when the variance in the values provided is “too small” as indicated here
https://www.jiscmail.ac.uk/cgi-bin/webadmin?A2=oxstatgen;f8f2270b.1207 . As SNPTEST is
still under development, it has not yet been established, or recorded in the software manual, to

what degree of variance covariable data will not be accepted for inclusion in the logistic
regression. For developing the method, it was established through trial and error that if the
variance was below 0.001, these covariables could not be included. Additionally, for any
samples where any of the covariables were not available, the samples were removed and not

included in the regression analysis.

3.5.3. Multinomial logistic regression
For the association analysis, SNPTEST was used to perform the multinomial logistic regression
(MLR) analysis using an additive genetic model. As opposed to a linear regression model
which assesses the relationship between a continuous dependent (response) variable and the
independent (predictor) variable(s), a standard logistic regression is performed when the
dependent variable is dichotomous. An extension of the standard logistic regression, the
multinomial logistic regression, is appropriate for testing the relationship between one
independent variable (e.g. individual SNP genotypes) and the dependent variable which has

more than two levels (e.g. multiple clades or superclades of M. tb). This method also allows
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for the adjustment of potential confounding factors. For both cohorts investigated in this study,
we were able to adjust for potential confounders such as ethnicity, sex, and age by including

these as covariables in the model.

SNPTEST tests for association using frequentist statistical methods. Two discrete variables,
namely sex and superclade, as well as continuous variables, namely age at TB onset and
ancestry proportions or principal components were included in the analysis. The phenotype
tested was specified as the M. th superclade. Thus, the MLR model specified was the
occurrence of the M. tb superclade as a function of the baseline covariables given, as well as
the genotypes supplied. The standard genome-wide significance cut-off of alpha =5 x 10® was
used when reporting significance of SNPs (The International HapMap Consortium 2005; Pe’er
et al. 2008). Odd’s ratios for the multiple phenotypes tested are calculated against a baseline
phenotype by setting the odds of that phenotype occurring, given the genotype, to 1. A baseline
phenotype may be specified by the user, or it will be determined internally by taking the first
phenotype to appear alphabetically. For this study, the baseline phenotype was specified as the
dominant superclade in the cohort, or a common superclade of intermediate frequency if more

than one cohort is being studied.

SNPs with a Likelihood Ratio Threshold (LRT) p-value of less than 5 x 10 were selected and
analysed in R and odds ratios were calculated from the beta values generated by SNPTEST.
SNPs with a standard error greater than 1.5 for their odds ratios were excluded and SNPs with
an LRT p-value less than 1 x 10 were prioritised for further investigation. As this was a
methods-development study, these thresholds were selected pragmatically for the completion
of the method.

3.5.4. Gene annotations of selected SNPs
The Variant Effect Predictor (VEP) Tool (McLaren et al. 2016) was used to retrieve gene
annotations for the SNPs of interest.
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CHAPTER FOUR

4. Results

4.1. Participant recruitment and sample collection

4.1.1. Participant recruitment
A total of 947 study participants were recruited for the SAC cohort, while 3 311 participants
were recruited for the Ghanaian cohort. All participants provided blood and sputum samples

for SNP genotyping, and M. tb isolate identification, respectively.

4.1.2. Sample processing
4.1.2.1. SNP genotyping

4.1.2.1.1. SAC cohort

A total of 947 participants recruited into the study were genotyped for 500 000 SNPs on the
Affymetrix 500K SNP array. Of the 500 000 SNPs on the array, 397 337 (79.4%) were
successfully genotyped for all samples. Of the 947 samples genotyped, 853 were TB cases and
516 were male. For the subset of cases used in this cohort, 55% of the individuals recruited
were male (Table 7). Ancestry proportions for the five-way admixed SAC cohort genotyped
on the Affymetrix array indicated that the study participants were predominantly of isiXhosa
ancestry (33%), followed by Khomani (31%), European (16%), South-Asian (13%), and
East-Asian ancestry (7%) (Daya et al. 2013; Chimusa et al. 2013; De Wit et al. 2010).

Table 7: Summary of patient recruitment for the SAC and Ghanaian cohorts

SAC Ghana
Cases 853 1359
Male 516 2 087
Female 431 1224
Cases + Male 469 (55%) 933 (69%)
Cases + Female 384 (45%) 426 (31%)
Total number of participants 947 3311
Total number of variants 397 337 783 338
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4.1.2.1.2. Ghanaian cohort
For the Ghanaian cohort, 3 311 participants were genotyped for 906 600 SNPs on the
Affymetrix SNP 6.0 array. Of the available SNPs, all samples were successfully genotyped for
783 338 variants. Of the samples included in this study, 1 359 were TB cases and 69% of the
participants were male (Table 7). PCA revealed that the study participants had contributing
ethnicities from the Akan, Ga-Adangbe, Exe, and several other ethnic groups in northern Ghana
(Thye et al. 2012).

4.1.2.2. Spoligotyping // 1S6110 RFLP records
41.2.2.1. SAC cohort

A Patients-Strain database (PS) was created by linking each patient’s record in the Patients
database to its corresponding M. tb isolate record from the Strain database. The PS database
could not be directly linked to the genotyping file as there were no overlapping columns
between the two databases (Table 4). Thus, using the Case ID in an intermediary file, Individual
IDs from the FAM file were matched to the Patient IDs in the PS database. The Individual 1D
was consistent with the Sample ID column in the linking file and yielded a dataset of 527

genotyped study participants matched on Sample ID to 609 M. tb records (Figure 7).

4.1.2.2.2. Ghanaian cohort
Of the 3 311 TB study participants genotyped, 1 318 of the 1 359 cases had corresponding

M. tb clade information and no samples were found to be genotyped more than once.

4.2. Defining M. tb clades and superclades
Using the SNP-based phylogeny for M. tb (Dippenaar 2014), M. tb clades were grouped into
superclades by clustering closely-related clades near a point of divergence as indicated by the
dashed red line and coloured dots in Figure 6. This point of divergence was chosen to reduce

the number of clades of low frequency into superclades with higher frequency.

Clustering based on the phylogenetic tree reduced 12 distinct clades into five closely-related
superclades. The East-African Indian (EAI) and M. africanum clades (green bracket) merged
into the “EAI afri” superclade, as did the CAS and Beijing clades into the “BeijingCAS” (red
bracket). The Low-copy Clades (LCC), Pre-Haarlem, Haarlem-like, and Haarlem clades
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merged into one superclade designated as “HaarlemsLCC” (orange bracket), while the Quebec,
LAM, T, and Lineage 7 clades remained unchanged and are indicated by black brackets Figure
6).

The SAC cohort contained seven of the 12 clades on the phylogenetic tree, namely Beijing,
CAS (represented as CAS1 in the Strain database), Haarlem, Haarlem-Like, LCC, T and
Quebec. A clade denoted as “Other” was also present in the SAC cohort but does not appear
on the phylogenetic tree (Figure 6) and consisted of 35 “Family” classifications, and thus was
kept as a distinct member during the grouping strategy. The “T” clade was excluded from

subsequent analysis due to low frequency in the cohort after clustering into superclades.

The Ghanaian cohort contained 12 clade annotations obtained from spoligotyping. The afri-181
and afri-438 clades were represented by M. africanum on the phylogenetic tree and were
subsequently grouped with EAI at the point of divergence, and named as the EAI_ afri
superclade. Beijing and CAS were merged, as were Haarlem and X into a “HaarlemX”
superclade. T and U clades were clustered as indicated on Figure 6. The “Ghana-2” clade was
kept as a distinct superclade, while LAM and CAM were grouped based on the similarity in

their spoligotyping patterns illustrated in Stucki et al. 2016.
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Figure 6: Clustering of M. tb clades produced seven distinct superclades.
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4.3. Preliminary assessment of paired data
4.3.1. Genotype QC
4.3.1.1. SAC cohort
For genotyping QC, a total of 397 337 variants and 947 individuals were loaded from the
genotype files in PLINK format. Three hundred and eighty one variants were excluded from
the genotyping data set because they had no assigned chromosome or base pair position.
Additionally, iterations of the filters for individual missingness (--mind), SNP missingness
(--geno), and MAF (--maf) removed 11 individuals, 96 876 variants, and 31 516 variants from

the dataset, respectively.

The “sex” check flagged 14 “problem” individuals in which either the “sex” in the PED file
did not match the genotypes in the MAP file, or ambiguity was detected between the SNP data
and pedigree data, and were subsequently removed from the dataset. Duplicate samples were
identified and a pairwise analysis of Identity-By-Descent (IBD) showed that the dataset
consisted of a number of related individuals. A pi-HAT threshold of 0.125 was chosen to filter
at the level of first-cousin relatedness, resulting in 189 pairs of related individuals. In order to
obtain the maximum set of unrelated individuals, the Perl script by Yekai Xiong identified 137
individuals who needed to be removed. The remaining 785 individuals were filtered
for --mind/--geno/--maf resulting in 4 273 variants being filtered out, and leaving 264 291
variants for 785 unrelated individuals. The test for excess genotyping heterozygosity resulted
in four individuals being removed, followed by the removal of 58 variants not meeting the
MAF threshold, leaving 781 individuals and 264 233 variants.

Using a file containing the Sample IDs for the 525 participants having first infection records
in the PS database, the genotype dataset of 781 unrelated individuals was filtered to extract
only the genotypes of those participants having M. tb clade information. From this subset of
samples passing QC, 439 of the 525 individuals having a record for their first infection were
retained and assessed using PCA. It is likely due to the iterative filters for poor genotyping,

sample missingness, and relatedness, that individuals having clade information were removed.

4.3.1.2.  Ghanaian cohort
For the Ghanaian cohort, genotype data was available in PLINK format for a total of 783 338

variants for 3 311 samples. No variants required annotation of chromosome number or base
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pair position. Samples were filtered iteratively for 10% individual genotype missingness, 2%
SNP genotype missingness and 5% MAF, resulting in no individuals, 73 322 variants, and
32 711 variants being removed, respectively. The “sex” check removed 24 samples, while an
additional 93 samples were identified as being closely related to at least one other sample in
the cohort. A test for excess heterozygosity resulted in an additional 47 samples being removed,
leaving a dataset consisting of 3 147 samples and 677 305 variants. Of the 1 315 clade-matched

samples, 1 273 samples were present in the dataset passing QC and were analysed using PCA.

4.3.2. M. tb database quality control
4.3.2.1. SAC cohort
The first QC measure involved assessing the dataframe for any duplicated genotypes based on
the number of Sample IDs matched to strain information in the database. This analysis showed
that three individuals were genotyped twice (Figure 7). Genotyping quality scores for each
duplicated genotype were examined and the sample genotyped with the poorer quality score

was excluded from further analysis.

Patients database (P) M. tb. database (S)

n = 3937 n = 4583
PS
n =985 n =947

\/

PS_SAC

SAC Affymetrix

No. of Patients No. of Records

527 609

} !

Remove duplicate records
527 604

: |

Remove records for low frequency
M.tb. superclades

525 602

Figure 7: Filtering of Patient-Strain database yielded 525 genotyped study participants from
the SAC cohort with information for the M. tb infection.
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The second QC measure was to identify study participants having an incorrect infection
number assigned to their record(s). This filter identified five individuals with incorrect
infection numbers assigned. Generating a table of the number of records per Patient 1D showed
that a total of 459 participants had only one M. tb record, while one individual had four records
in the PS dataframe (Table 8).

Table 8: Number of genotyped study participants with single- and multiple infections in the
database

Number of records per Patient ID in PS database Number of Study participants

1 459
2 60
3 7
4 1
Total number of study participants 527

4.3.2.2.  Ghanaian cohort
For the Ghanaian cohort, no infection number was provided with this dataset, and thus all

records were considered as the first infection for participants in this cohort.

4.3.3. Derive M. tb distributions
43.3.1. SAC cohort

Frequency distributions for clades and superclades were derived for a number of subsets of the
genotyped and clade-matched study participants. M. tb clade- and superclade distributions for
the first recorded infection in the SAC cohort are shown in Figure 8, and Figure 9, respectively.
The distribution of M. tb clades and superclades for the second recorded infection is shown in
Figure 10, and Figure 11, respectively. The first recorded infection in the database was
dominated by the LAM clade and closely followed by Beijing, whereas the second infection
was dominated by the Beijing clade and followed by LAM. There were no cases of
HaarlemLike reported for the second infection. The frequency distribution of superclades
showed similar frequencies for LAM, BeijingCAS1, and HaarlemsLCC for the first recorded
infection (Figure 9). As seen in Figure 9, LAM dominated the superclade distribution in the
first infection, but was only third in abundance in the second infection, dominated by the

BeijingCAS1 superclade (Figure 11).
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The M.tb clade- and superclade distribution amongst participants having one-, and two
infections in the database is shown in Figure 31. LAM, followed by the Beijing clade
dominated the frequency distribution for participants having only one recorded infection in the
database. In contrast, Beijing was followed by LAM in the clade distribution amongst
participants with two infections recorded in the database, while the distribution of the
remaining six clades followed the same pattern in both subsets (Figure 31 A and C). After
grouping the clades into superclades, the frequency distribution of LAM, HaarlemsLCC, and
BeijingCAS1 dominated both subsets of participants having one- and two recorded infections

while Other and Quebec superclades were in least abundance (Figure 31 B and D).

For the participants having two infections, an interesting observation was made when
stratifying the 120 records by infection number. The dominant clade for the first of two
infections was LAM followed by Beijing and Haarlem (Figure 32 A in 7.1), whereas for the
same cohort of 60 participants, records for the second of two infections were dominated by
Beijing, followed by LCC and LAM (Figure 32 C). Frequency distributions for the same cohort
based on superclade showed a combination of both distributions (Figure 32 B and D) where
the first infection of two was dominated by the HaarlemsLCC superclade, followed by LAM,
and then Beijing.

4.3.3.2.  Ghanaian cohort
Frequency distributions were derived for clade and superclade definitions used in this cohort
and are shown in Figure 12, and Figure 13, respectively. After grouping the clades into
superclade categories, the EAI_afri and LAM_CAM superclades dominated the distribution in
the cohort with both groupings having more than 400 records (Figure 13). The Haarlem_X,
and T_U superclades had a frequency of approximately 160, and 250 in the cohort,
respectively, while the BeijingCAS and Ghana-2 superclades were in least abundance (Figure
13). All M. tb clade information available for this cohort was for one recorded infection; no

data were available regarding previous infections or multiple infections.
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Frequency Distribution of M. tb Clades
for First Recorded Infection
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Figure 8: Frequency distributions of M. tb Clades for the First infection records (n = 525) in the SAC cohort
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Frequency Distribution of M. tb Superclades
for First Recorded Infection
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Figure 9: Frequency distributions of M. tb Superclades for the First infection records (n = 525) in the SAC cohort
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Frequency Distribution of M. tb Clades
for Second Recorded Infection
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Figure 10: Frequency distributions of M. tb Clades for the Second infection records (n = 60) in the SAC cohort
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Frequency Distribution of M. tb Superclades
for Second Recorded Infection
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Figure 11: Frequency distributions of M. th Superclades for the Second infection records (n = 60) in the SAC cohort
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Frequency Distribution of M. tb Clades
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Figure 12: Frequency distributions of M. tb Clades (n= 1 318) in the Ghanaian cohort
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Frequency Distribution of M. tb Superclades
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Figure 13: Frequency distributions of M. tb Superclades (n= 1 318) in the Ghanaian cohort
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4.3.4. PCA of first recorded infection

4.3.4.1. SAC cohort
After loading the compressed PLINK files for PCA, 7 072 non-autosomal SNPs were excluded,
and the working space consisted of 439 samples and 257 161 SNPs. A scree plot consisting of
32 eigenvalues was plotted (Figure 14) and showed that 10% of the variance in the data could
be explained by the principal components generated. A cut-off was chosen at the point of
Principal Component (PC) 3, as the variation in the data became least explicable after the third
PCPC (Figure 14).

Clade, and superclade distributions and PCA plots for the 439 samples that passed genotyping
QC were generated and are shown in Figure 15 and Figure 16, respectively. The overlay of
either clade or superclade data for the first recorded infection showed no separation of the
genotypes into distinct clusters based on M. tb designations. Clade frequency distributions for
the SAC cohort showed that the first recorded infection was mostly caused by LAM and that
there were few infections caused by CAS1 or HaarlemLike (Figure 15 A). No extreme outliers

were evident from the PCAs generated for the SAC cohort.
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Scree Plot of PCA
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Figure 14: Scree plot for the First recorded infection in the SAC cohort passing genotyping
QC (n =439).
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PCA plot of SAC genotypes passing QC with M. tb Clade overlay
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Figure 15: Clade distribution (A) and PCA of 439 genotyping records with the first infection recorded in the SAC cohort. Figures B, C, and D
show PC1 and PC2, PC2 and PC3, and PC1 and PC3, respectively.
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PCA plot of SAC genotypes passing QC with M. tb Superclade overlay
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Figure 16: Superclade distribution (A) and PCA of 439 genotyping records with the first infection recorded in the SAC cohort. Figures B, C, and
D show PC1 and PC2, PC2 and PC3, and PC1 and PC3, respectively.
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4.3.4.2. Ghanaian cohort
No non-autosomal SNPs were detected and thus the working space consisted of 1 273 samples
having 677 405 variants. A scree plot consisting of 32 eigenvalues was generated and showed
that a very small proportion (2%) of the observed variance could be explained by the first three
principal components generated (Figure 17). PC plots were generated for the first three
principal components. The clade and superclade distributions for the 1 273 samples passing the
QC filters was determined and is shown in Figure 18 A and Figure 19 A. As with the SAC
dataset, the overlay of clade and superclade information showed no separation of the genotypes
into distinct clusters as shown in the PC plots in Figure 18 and Figure 19. The LAMCAM
superclade dominated the first recorded infection, while the Ghana-2 superclade was least

abundant in this cohort. Furthermore, no extreme outliers were evident from the PCA.
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Scree Plot of PCA
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Figure 17: Scree plot for the First recorded infection in the Ghanaian cohort passing genotyping QC (n =1 273). The PCA was able to account
for a maximum of 2% of the variation in the patient genotypes.
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PCA plot of Ghana genotypes passing QC with M. tb Clade overlay
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Figure 18: Clade distribution (A) and PCA of 1 273 genotyping records with the first infection recorded for the Ghanaian cohort. Figures B, C,
and D show PC1 and PC2, PC1 and PC3, and PC2 and PC3, respectively.
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PCA plot of Ghana genotypes passing QC with M. tb Superclade overlay
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Figure 19: Superclade distribution (A) and PCA of 1 273 genotyping records with the first infection recorded for the Ghanaian cohort. Figures B,
C, and D show PC1 and PC2, PC2 and PC3, and PC1 and PC3, respectively.
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4.4. Generate high-quality imputed genotype data
4.4.1. Modified Data QC for Imputation

To prepare the data for imputation, a modified QC method was designed as shown in Figure 5.
General genotyping QC steps were modified to include the updating of variants lacking base
pair or chromosome information using the doSNP database, and checking for SNP and strand
flips using Genotype Harmonizer. These steps ensured that the data being imputed were
correctly aligned to the most widely-used reference panel, the 1000GP3, and that the maximum
number of the originally genotyped variants were assessed in the genotyping QC steps that
followed. The results of this QC method are shown in Figure 20 for the SAC dataset and Figure
21 for the Ghanaian dataset.

The initial SAC dataset comprised of 947 participants genotyped for 397 337 variants. After
pre-imputation QC, imputation, and post-imputation QC, the SAC dataset consisted of 445
clade-matched participants with 7 145 406 variants after imputation with the AGR reference
panel yielding the highest quality imputed genotypes (Figure 20).These 7 145 406 variants for

445 participants were the evaluated for association using a multinomial logistic regression.

The Ghanaian dataset comprised of 3 311 participants with genotypes for 783 338 variants.
The 1000GP3 reference panel imputed using our In-House method yielded the highest quality
imputed genotypes across several MAF bins. After QC, the dataset consisted of 5275 890
variants for 1 272 clade-matched individuals, which were then assessed for association using a
multinomial logistic regression (Figure 21). The subsections to follow describe the filtering of

both datasets in greater detail.
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Figure 20: Results of filtering the SAC dataset using the modified genotyping QC method prior
to imputation
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Figure 21: Results of filtering the Ghana dataset using the modified genotyping QC method
prior to imputation
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4.4.11. Update variants lacking chromosome or base pair position

information

44.1.1.1. SAC cohort
A total of 381 SNPs from the genotype files did not have a chromosome or base pair position
assigned. Instead of immediately excluding these SNPs, as was done in 3.3.1, chromosome
number and base pair positions were retrieved, where possible, using the 1000GP3 reference
in conjunction with validation of the information in the doSNP database (Figure 20). The
percentage overlap between the study data (397 046 SNPs) and the 1000GP3 was calculated to
be 97.26 %.

Of the 381 SNPs, 91 were found in the 2000GP3. All 91 SNPs found in the 1000GP3 were also
found in the doSNP database. However, one SNP, rs41516445 located on chromosome 5 was
flagged in dbSNP as not being validated by laboratory methods, and was thus excluded from
the list of SNPs to update. The 90 variants for which chromosome number and base pair
position could be retrieved in the 1000GP3, and were verified in dbSNP, were successfully
updated in the PLINK genotype files. The 291 SNPs for which information could not be
updated were then written to file and excluded using PLINK, yielding a BIM file containing

397 046 variants with a genotyping rate of 98.6 % for 947 samples (Figure 22).

44.1.1.2. Ghanaian cohort
No variants in the Ghanaian genotype files lacked chromosome or base pair information. The
percentage overlap between the genotype data (783 338 SNPs) and the 1000GP3 reference
panel was calculated to be 99.48 %.
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Figure 22: Schema of SNP annotation update workflow for SAC cohort
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44.1.2. Examine the data for ambiguity in alignment to reference data

44.1.2.1. SAC cohort
A total of 947 samples with 397 046 SNPs were analysed using Genotype Harmonizer. Of the
SNPs loaded, the first iteration aligned 329 524 non-A/T and non-G/C (i.e. non-ambiguous)
SNPs, and swapped 317 SNPs to match the allele order of the 1000GP3. A total of 21 out of
63 429 ambiguous SNPs were swapped based on their LD patterns. A total of 40 881 variants
were excluded during the alignment phase: 2 786 due to the study variant being found in the
reference dataset, but the alleles not being comparable, and 38 095 variants being excluded due
to there not being enough non-ambiguous SNPs in LD to assess the strand based on LD. No

non-biallelic SNPs were found, leaving 947 samples with 356 165 variants.

441.2.2. Ghanaian cohort
The genotype files of 3311 samples with 783 338 SNPs were loaded into Genotype
Harmonizer. Of the SNPs loaded, the first iteration aligned 656 121 non-A/T and non-G/C
SNPs, and swapped 376 SNPs to match the allele order of the 1000GP3. A total of 36 out of
118 868 ambiguous SNPs were swapped based on their LD patterns, and a total of 70 115
variants were excluded during the alignment phase. No non-biallelic SNPs were found, leaving
3 311 samples with 713 223 variants.

44.13. Genotype QC
44131 SAC cohort
A total of 28 individuals were removed - 11 due to individual genotype missingness, 13 due to
ambiguity in the “sex” assignment, and 4 due to excess heterozygosity in their genotypes.
Furthermore, 116 553 variants were removed during the iterative process of filtering for SNP
missingness and MAF, leaving a dataset consisting of 919 individuals and 239 612 variants

that passed QC with a genotyping rate of 99.39 %.

4.4.1.3.2. Ghanaian cohort
A total of 72 individuals were removed - 24 due to ambiguity in the “sex” assignment, and 48
individuals removed due to excess heterozygosity. Furthermore, 95 814 variants were removed
during the iterative process of filtering for SNPSNP missingness and MAF, leaving a dataset

consisting of 3 239 individuals and 617 409 variants with a genotyping rate of 99.39 %.
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4.4.2. Data preparation, Haplotype phasing, and Genotype imputation

4.4.2.1. In-house (IH) workflow

No additional data preparation was required for the IH workflow using ShapelT2 and

IMPUTEZ2. For the IH workflow, a data summary is not produced as a standard output for

imputation using IMPUTE?2 software.

4.4.2.2. Michigan Imputation Server workflow

The MIS produces a data summary as shown for both cohorts in Table 9.

Table 9: Summary of data pre-processing on the Michigan Imputation Server

SAC Ghana
MIS- MIS- MIS- MIS-

1000GP3 CAAPA 1000GP3 CAAPA
Chromosomes 1-23 1-22 1-22 1-22
Samples IN 919 919 3239 3239
No. of SNPs IN 239 612 233 309 617 409 617 409
No. “sex” detected and 3 0 0 0
therefore filtered:
Alternative allele frequency > 166 0 0 0
0.5 sites:
Reference Overlap 99.49 97.94 99.55 97.23
Match 164 643 153 863 420 805 412 495
Allele Switch 74 116 68 912 176 073 172 432
Strand flip 1 0 0 0
Strand flip and allele switch 0 0 1 0
AT, C/G genotypes 6 090 5723 15 683 15 330
Filtered sites:
Filter flag set 0 0 0 0
Invalid alleles 0 0 0 0
Duplicated sites 0 0 0 0
NonSNP sites 0 0 0 0
Monomorphic sites 0 0 0 0
Allele mismatch 54 8 2051 25
SNPs call rate < 90%: 0 0 0 0
Excluded sites in total: 55 8 2 052 25
Remainingsites in total (before 239 477 228 498 612 561 600 257
imputation)
Samples OUT 916 916 3239 3239
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4.4.2.3. Sanger Imputation Server workflow

4.4.23.1. SAC cohort

The Sanger Imputation Server (S1S) does not allow for any mismatches between the reference
dataset and the study dataset. Per the recommendations of the tool, the first analysis of the
dataset through the fixref plugin indicated that 32.7% of the SNPs were mismatched to the
human reference genome (human_glk v37.fasta). After aligning alleles to the human
reference, a second run of the fixref plugin indicated 993 SNPs (0.4%) in the study dataset
were unresolved. A third alignment of the study alleles to the human reference, flagged 406
mismatch SNPs (0.2%). These 406 SNPs were removed from the dataset, leaving a total of
232 902 SNPs completely aligned to the orientation of the reference dataset. This data was
uploaded to the SIS for imputation with the 1000GP3, and AGR reference panels.

4.4.2.3.2. Ghanaian cohort
The first analysis of the dataset through the fixref plugin reported that 31.4% of the SNPs were
mismatched to the human reference (human_glk v37.fasta). After aligning SNPs, a second
run of the plugin indicated 0.4% of the SNPs in the study dataset were mismatched to the
reference. A third attempt was made to align the alleles but when the number of reference
mismatches remained unchanged, 2 453 SNPs were removed from the dataset, leaving a total
of 614 676 SNPs completely aligned to the reference dataset. This data was uploaded to the
SIS for imputation in two independent analyses: one using the 1000GP3 reference panel, and

the second using the AGR reference panel.

4.4.3. Selection of high-quality imputed genotype data
4.4.3.1. Comparison of SNP density obtained from each workflow
SNP densities were calculated for the proportion of SNPs with a quality score metric greater
than 0.45. For the SAC cohort, the SIS workflow using the AGR resource imputed the highest
proportion of SNPs (Table 10, Figure 23 E, Figure 24 D), whereas for the Ghanaian cohort,
the MIS workflow using the CAAPA resource imputed the greatest proportion of SNPs with a
quality metric greater than 0.45 (Table 10, Figure 25 D, Figure 26 D).
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Table 10: Percentage proportion of SNPs with a quality metric greater than 0.45

SAC GHANA
Chr1 Chr X Chr1 Chr 22
IH-1000GP3? 39 29 38 39
MIS-1000GP3? 32 18 49 45
MIS-CAAPA3 22 - 56 50
SIS-1000GP3* 36 32 41 40
SIS-AGR® 43 40 38 36

1IH-1000GP3: In-House workflow using 1000GP3 reference panel

2MIS-1000GP3: Michigan Imputation Server workflow using 1000GP3 reference panel
3MIS-CAAPA: Michigan Imputation Server workflow using CAAPA reference panel
4S1S-1000GP3: Sanger Imputation Server workflow using 1000GP3 reference panel
5SIS-AGR: Sanger Imputation Server workflow using AGR reference panel
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443.1.1. SAC cohort
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Figure 23: SNP Density plots for Chromosome 1 of the SAC cohort post imputation using the
five workflows: (A)IH with 1000GP3, (B)MIS with 1000GP3, (C)SIS with 1000GP3, (D)MIS

with CAAPA, and (E)SIS with AGR
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Figure 24: SNP Density plots for Chromosome X of the SAC cohort post imputation using
four workflows: (A)IH with 1000GP3, (B)SIS with 1000GP3, (C)MIS with 1000GP3, (D)SIS
with AGR. The MIS CAAPA workflow does not facilitate imputation of the X chromosome.
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44.3.1.2. Ghanaian cohort
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Figure 25: SNP Density plots for Chromosome 1 of the Ghanaian cohort post imputation using
the five workflows: (A)IH with 1000GP3, (B)MIS with 1000GP3, (C)SIS with 1000GP3,
(D)MIS with CAAPA, (E)SIS with AGR.
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Figure 26: SNP density plots for Chromosome 22 of the Ghanaian cohort post imputation using
the five workflows: (A)IH with 1000GP3, (B)MIS with 1000GP3, (C)SIS with 1000GP3,

(D)MIS with CAAPA, (E)SIS with AGR.
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4.4.3.2. Comparison of quality scores across MAF bins
When plotting the median quality scores obtained per MAF bin for each of the five tools, the
SIS workflow using the AGR resource was confirmed to have produced the highest quality of
imputed data for the SAC cohort whereas the 1000GP3 reference panel using any of the

workflows produced the highest quality for the Ghanaian cohort.

4.43.2.1. SAC cohort
For both chromosomes 1 and X, imputation using either the 1000GP3 or the CAAPA resource
with the MIS performed the worst for the SAC dataset (Figure 27 A and B) with the maximum
median quality score only reaching 0.82 at a MAF of 50%. In comparison, the SIS-AGR
workflow outperformed all other workflows, and the result correlated with the AGR imputing
the highest SNP density for chromosome 1 (Figure 23 E) and chromosome X (Figure 24 E).

4.4.3.2.2. Ghanaian cohort
For the Ghanaian cohort, despite the CAAPA resource imputing the greatest SNP density
(Figure 26 D), the IH workflow using the 1000GP3 reference panel imputed the highest quality
of SNPs per MAF bin but was very closely followed by the other workflows and reference
panels from the 20-30% MAF bin upwards (Figure 28 A and B).
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Figure 27: Median quality scores across MAF bins for Chromosome 1 and X for the SAC cohort, using the five workflows for chromosome 1 and
four workflows for the X chromosome
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Figure 28: Median quality scores across MAF bins for Chromosome 1 and 22 for the Ghanaian cohort, using the five workflows
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4.5. Perform an association analysis using high-quality imputed host genotype
data and M. tb superclade data
4.5.1. Preparation of genotypes: Post-imputation QC
45.1.1. SAC cohort

The data obtained from the SIS, imputed with the AGR reference panel was selected as the
dataset with the highest imputation quality across all those assessed. After removal of
monomorphic sites and filtering on an INFO score of 0.45, 28 566 283 SNPs for 919 samples
remained. After removing the 136 related individuals identified prior to imputation, and
filtering for SNP- and sample missingness, and MAF, a dataset of 7 145 406 variants for 783
participants remained. Of the 525 clade-matched participants, 445 were extracted from the

dataset of samples passing QC and used in the association analysis.

45.1.2. Ghanaian cohort
The In-house dataset, imputed with the 1000GP3 reference panel was selected as the best
dataset. After filtering out monomorphic SNPs, INDELS, and variants not reaching the INFO
score cut-off, 25 968 622 SNPs remained for 3 239 samples. After filtering for MAF, SNP- and
sample missingness, and removal of 93 related individuals identified pre-imputation, the
dataset comprised of 5 275 890 variants for 1 273 clade-matched samples. One sample was

removed due to there not being covariable data for that sample.

4.5.2. Preparation of covariables file

45.2.1. SAC cohort

For the SAC cohort, the covariables age, “sex”, and ethnicity in the form of ancestry
proportions were available for all samples. Available ancestry proportions were for the
European, African, San, South-Asian, and East-Asian ancestries. Of the 445 samples which
were clade-matched and passed QC after imputation, ancestry proportions were available for
357 samples as generated previously using the Affymetrix genotype data for this cohort and
ADMIXTURE software. For the remaining 88 samples, ancestry proportions were obtained
from a run of ADMIXTURE using genotype data from the MEGA array.

The East-Asian ancestry being the smallest contributing ancestry proportion was not included

as a covariable in the analysis. Variances were calculated for each of the four remaining
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ancestry proportions and determined to be 0.027 (San), 0.035 (African), 0.014 (European), and
0.009 (South Asian). As the variances were greater than the minimum cut-off (determined
through trial and error) of 0.001, they were included as covariables in the analysis. No
“missing” proportion was available for this cohort, and thus a column denoting this data as

“NA” was added to meet the specifications of SNPTEST.

45.2.2. Ghanaian cohort
For the Ghanaian cohort, age, “sex”, and ethnicity in the form of principal components was
available as covariables. One sample passing QC filters did not have one of the covariables and
was thus excluded from the dataset leaving 1 272 samples for the association analysis. The
variance in the PCs provided for the cohort was calculated to be 0.0002 (PC1), 0.0003 (PC2),
and 0.0004 (PC3) and thus determined to be insufficient for inclusion in the analysis as

covariables.

4.5.3. Multinomial logistic regression

45.3.1. SAC cohort
A multinomial logistic regression was run on the 445 clade-matched samples using SNPTEST
under an additive model. All results were reported using the LAM superclade as the baseline.
A total of 4 631 SNPs had an LRT p-value less than 0.0005 and eleven SNPs had an LRT
p-value less than 1 x 10%. A single SNP, rs9389610, located on chromosome 6, had a p-value
of 1.60 x 10", Odds ratios are reported in Table 11 and standard errors of the odds ratios are

shown in Figure 29.

Individuals with the A allele of this SNP were twice as likely to be infected with a member of
the BeijingCASL1 superclade, than to be infected with either the HaarlemsLCC or LAM
superclades. Results from the logistic regression at this SNP also reported that individuals with
the A allele were only slightly more at risk of being infected with a member of the ‘Other’
superclade, when compared to the BeijingCAS1 superclade, and were very unlikely to be

infected with a member of the Quebec superclade.

For the four SNPs located on chromosome 5, individuals with the risk allele were two to three
times more at risk of being infected with the HaarlemsLCC or BeijingCAS1 superclade as

compared to the reference LAM superclade. The risk allele also doubled the chances of being
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infected with the Quebec superclade while halving the risk of being infected with a member of
the “Other” superclade (Table 11).

Standard errors of Odds Ratios
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Figure 29: Standard errors of odds ratios calculated for each superclade against the reference
LAM superclade for the SAC cohort.

For the six SNPs located on chromosome 17, the risk allele was shown to double the risk of
being infected with a member of the LAM superclade than with the HaarlemsLCC superclade.
Individuals with the risk allele of these six SNPs were also equally at risk of being infected
with a member of the BeijingCAS1 or LAM superclade and were twice as likely to be infected
with the Other superclade when compared to the BeijingCASL1 superclade (Table 11).
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Table 11: Top 11 SNPs identified by MLR to be associated with different M. tb superclades in the SAC cohort

Chr SNP ID Reference Risk OR LAM BeijingCAS1 HaarlemsLCC Other Quebec LRT_p_valu
allele allele (Reference) OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI) e
5  rs17458866 C T 1 0.34 (0.19-0.61) 0.44 (0.26-0.76)  0.46 (0.23-0.95)  1.99 (1.07-3.68) 10e-07
5 rs13355101 G A 0.31(0.17-0.57)  0.46 (0.27-0.79) 0.47 (0.23-0.96) 2 (1.08-3.7) 6.43e-07
5 rs12518239 C A 1 0.29 (0.15-0.56) 0.39 (0.22-0.7) 0.51 (0.25-1.05) 1.91 (1.01-3.62) 9.41e-07
5 rs28769614 C T 1 0.27 (0.13-0.53)  0.37 (0.2-0.68) 0.48 (0.23-1.01) 1.92 (1-3.66) 3.03e-07
6 rs9389610 G A 1 2.19 (1.35-3.55) 1.07 (0.64-1.76) 2.78 (1.52-5.08) 0.25 (0.08-0.73) 1.60e-07
17 rs78022196 G A 1 1.04 (0.6-1.8) 0.59 (0.32-1.09) 1.96 (1.03-3.73) 5.31(2.44-11.57) 5.13e-07
17 rs72843143 C T 1 0.98 (0.57-1.69) 0.57 (0.31-1.04) 1.89 (1-3.58) 4.81 (2.26-10.25) 8.18e-07
17 rs8071332 A G 1 0.94 (0.55-1.6)  0.59 (0.33-1.06)  2.03(1.08-3.81)  4.77 (2.22-10.28) 6.54e-07
17 rs10438776 T C 1 0.99 (0.58-1.71) 0.55 (0.3-1.01) 1.94 (1.02-3.69) 4.99 (2.3-10.85) 3.93e-07
17 rsl17682747 G A 1 0.98 (0.57-1.68)  0.56 (0.31-1.03) 1.9 (1.01-3.58) 4.85 (2.27-10.33) 5.93e-07
17 rs7208461 T C 1 0.94 (0.55-1.61) 0.54 (0.3-0.98) 1.77 (0.94-3.34) 4.68 (2.17-10.1) 8.64e-07
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45.3.2. Ghanaian cohort
A multinomial logistic regression was run on the 1272 clade-matched samples using
SNPTEST under an additive model. All results were reported using the LAM_CAM superclade
as the baseline. A total of 32 SNPs had an LRT p-value less than 1 x 10 (Table 12). Standard

errors for the odds ratios are shown in Figure 30.
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Figure 30: Standard errors of odds ratios calculated for each superclade against the
reference LAM superclade for the Ghanaian cohort
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Table 12: Top 32 SNPs identified by MLR to be associated with different M. tb superclades in the Ghanaian cohort

Chr SNP ID Reference Risk OR_LAMCAM BeijingCAS  EAI_afri Ghana2 OR_HaarlemX OR_TU LRT

allele (Reference) OR OR OR OR OR p-value
(95%Cl) (95%Cl) (95%Cl) (95%Cl) (95%Cl)

6 rs529920 A 0.4 0.69 1.04 11 1.24 1.86e-07
(0.22-0.7)  (0.57-0.84)  (0.6-1.8) (0.84-1.44) (0.98-1.56)

12 rs73418916 A 0.3 34.15 1.38 0.76 0.88 2.31e-97
(0.11-0.81)  (20-58.33)  (0.64-2.96) (0.51-1.12) (0.63-1.22)

12 rs138396290 T 0.32 4.59 131 0.87 0.91 3.32e-62
(0.13-0.77)  (3.63-5.82)  (0.73-2.37) (0.63-1.19) (0.7-1.19)

12 rs75717431 T 2.46 0.98 3.3 0.95 0.59 8.55e-09
(1.4-4.35)  (0.78-1.24)  (1.88-5.82) (0.69-1.31) (0.44-0.8)

12 rs77428482 G 2.56 1.01 3.2 0.95 0.6 1.93e-08
(1.45-452)  (0.81-1.28)  (1.81-5.64) (0.69-1.32) (0.45-0.81)

12 rs77562721 G 25 1.04 3.12 0.93 0.6 2.53e-08
(1.42-4.41)  (0.82-1.3)  (1.77-5.5) (0.68-1.29) (0.45-0.81)

12 rs41524146 C 2.38 1 3.19 0.97 0.61 2.62e-08
(1.36-4.18)  (0.8-1.26)  (1.82-5.58) (0.71-1.34) (0.45-0.81)

12 rs7299395 G 2.16 0.99 3.12 0.93 0.64 2.50e-07
(1.22-382)  (0.8-1.24)  (1.77-5.52) (0.69-1.27) (0.48-0.84)

12 rs74550821 G 2.59 1.05 3.2 1.01 0.63 2.89e-08
(1.47-457) (0.84-1.32)  (1.82-5.63) (0.74-1.39) (0.47-0.84)

12 rs144335343 C 2.33 1.08 3.63 1 0.69 9.15e-08
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(1.32-411) (0.87-1.35)  (2.05-6.41) (0.73-1.36) (0.52-0.92)

12 rs6582329 A 2.58 1.07 3.42 1.04 0.67 6.00e-08
(1.46-457)  (0.85-1.34)  (1.94-6.02) (0.76-1.43) (0.5-0.9)

12 rs12296167 T 2.42 2.03 3.33 1.03 141 2.02e-09
(1.25-4.7)  (1.6-259)  (1.71-6.48) (0.74-1.42) (1.07-1.85)

12 15544003050 A 05 472 1.42 0.75 0.74 4.17e-40
(0.24-1.05)  (3.47-6.43)  (0.68-2.98) (0.52-1.07) (0.54-1)

12 rs58262822 C 0.58 85 0.75 0.81 0.93 1.96e-124
(0.34-0.99) (6.29-11.48)  (0.47-1.2) (0.65-1.01) (0.78-1.11)

12 511108508 T 1.09 6.61 133 0.71 1.11 1.04e-112
(0.56-2.09)  (5.26-8.32)  (0.73-2.44) (0.48-1.05) (0.85-1.46)

12 rs41472447 A 2.56 0.97 2.94 0.92 0.59 5.70e-09
(1.48-4.41)  (0.78-121)  (1.71-5.08) (0.68-1.26) (0.44-0.79)

13 15549053537 A 0.63 551 1.23 0.86 0.91 8.12e-79
(0.41-0.96)  (4.12-7.39)  (0.83-1.82) (0.71-1.04) (0.78-1.07)

13 rs73497904 C 134 65.39 1.2 0.96 1.23 2.23e-244
(0.69-259)  (40.67- (0.6-2.39) (0.67-1.39) (0.92-1.65)

105.13)

13 159524738 G 1.88 0.31 1.32 1.34 1.16 2.67e-52
(0.86-4.14)  (0.26-0.38)  (0.68-2.55) (0.97-1.84) (0.9-1.5)

15  rs551641937 G 0.52 275.89 0.52 0.39 111 3.61e-236
(0.07-397)  (152.64-  (0.07-3.98) (0.14-1.14) (0.59-2.08)

498.69)
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15 rs35799802 C 0.76 3.08 0.89 1.09 1.19 3.94e-15
(0.36-1.62)  (2.29-4.13)  (0.42-1.88) (0.75-1.59) (0.87-1.64)
15 rs55747528 C 0.53 28.58 1.47 0.72 0.79 1.49e-69
(0.24-1.15)  (15.28-  (0.66-3.25) (0.49-1.05) (0.57-1.08)
53.45)
16 rs577800201 C 0.31 93.05 0.87 0.67 1.01 1.20e-167
(0.07-133)  (54.17-  (0.32-2.36) (0.4-1.13) (0.68-1.5)
159.85)
16 rs187181146 C 0.64 8.65 0.94 0.83 0.92 9.77e-152
(0.35-1.17)  (6.61-11.31)  (0.59-1.49) (0.66-1.06) (0.76-1.12)
16  rs35868343 G 0.72 10.65 1.01 0.91 0.92 1.90e-93
(0.46-1.11) (7.14-15.87) (0.66-1.55) (0.74-1.12) (0.77-1.1)
17 rs143309838 G 0.57 9.38 0.93 0.84 0.99 2.08e-165
(0.28-1.17)  (7.2-12.23)  (0.57-1.53) (0.65-1.08) (0.81-1.21)
17 rs144224512 C 0.36 220.49 05 0.42 0.74 1.21e-215
(0.05-2.69)  (118.29-  (0.08-3.13) (0.17-1.01) (0.4-1.36)
411.01)
17 rs374315920 C 3.52 548.96 111 0.85 0.93 1.68e-255
(0.94-13.13)  (270.65-  (0.14-8.79) (0.27-2.63) (0.37-2.36)
1113.45)
17 rs77139740 A 0.34 44.94 0.97 0.73 0.89 3.74e-120
(0.12-1.01) (26.85-75.2) (0.43-2.22) (0.48-1.12) (0.63-1.26)
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17 rs77641928 G 1.24 57.29 0.46 0.67 0.94 4.98¢-282
(0.37-4.17)  (33.69-  (0.06-3.62) (0.3-1.49) (0.53-1.67)
97.42)
22 rs553728019 A 0.51 23.66 1.05 0.76 0.79 2.83e-55
(0.23-1.09) (12.1-46.25) (0.47-2.33) (0.52-1.11) (0.57-1.09)
22 rs60153275 C 0.93 61.01 0.93 0.7 0.98 7.19e-281
(0.32-271)  (36.66-  (0.32-2.71) (0.38-1.28) (0.63-1.51)
101.54)
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4.5.4. Gene annotations of selected SNPs

454.1. SAC cohort

The VEP tool was used to retrieve gene annotations for SNPs of interest. While these SNPs are
unlikely to have a direct effect on the gene expression itself, the SNP may be in LD with other
nearby SNPs which do have a direct effect on the gene. For the SAC cohort, the most
significantly associated SNP was rs9389610 (g.139039029G>A), located on chromosome 6.
This SNP is an imputed SNP and its two closest directly genotyped SNPs were rs4896385
(0.139011266G>T), and rs7742202 (g.139074280A>G). The rs4896385 SNP located in
NHSL-1, while the rs7742202 SNP is located in GVQW?2. Neither of these genes have been
previously shown to be involved in the pathogenesis of TB. The four SNPs located on
chromosome 5 (Table 11) were annotated to the StAR Related Lipid Transfer Domain
Containing 4 gene (STARD4) using the VEP tool, while the six SNPs located on chromosome
17 were annotated to the TANC2 gene.

45.4.2. Ghanaian cohort
Given the prevalence of TB caused by M. africanum strains in West-African countries,
including Ghana, the most significant results for this cohort were that of several SNPs located
on chromosomes 15, 16, and 17. The risk allele of one SNP located on chromosome 15,
rs551641937 (g.62385889G>A), was determined by the MLR to increase the risk of TB caused
by the EAI/AFRI superclade by 276 times, when compared to the LAMCAM reference
superclade. The VEP tool, however, did not have any gene annotation listed for this SNP in the

database.

The risk allele of the SNP rs577800201 (g.20476046C>T) was shown to increase the risk of
being infected with the EAI/AFRI superclade by 93 times, compared to the LAMCAM
superclade, and was annotated by the VEP to map to ACSM2A. Lastly, the risk allele of SNP
rs374315920 (9.38496435C>T) located on chromosome 17, was found to increase an
individual’s risk of being infected with the EAI/AFRI superclade by more than 500 times, as
compared to the LAMCAM reference superclade, and the MLR specific for this SNP was
highly significant with an LRT p-value of 1.68x10-2%°, This SNP was also annotated by the
VEP to lie within the retinoic acid receptor alpha (RARA) gene.
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CHAPTER FIVE

5. DISCUSSION

5.1. Overview
TB is a highly infectious disease affecting millions of people each year. The genetic
susceptibility of the host to develop the disease has been extensively studied using a number
of study designs, including linkage analysis, candidate gene, and GWAS. Furthermore, a
number of selected genes have been investigated for their contribution to genetic susceptibility
of the host to different strains of M. th. To date, no workflow has been established to perform

a genome-wide scan of genetic markers affecting susceptibility to different M. tb strains.

The aim of the present study was to use one cohort to develop a bioinformatics workflow which
facilitates a test for association of genome-wide SNP markers to multiple strains causing TB.
Once established, a second cohort was used to independently verify the method developed. The
study included host genotype and pathogen isolate data from two ethnically distinct cohorts
and using several reference panels, imputation was performed to obtain a significantly larger

number of genotypes than previously available in the raw genotype dataset.

After imputation of the study dataset, imputation quality was assessed using marker density,
and quality score in MAF categories as indicators. Following the selection of the study dataset
that had been imputed with the highest accuracy, an association analysis between the host
genotypes and the infecting M. tb superclade was performed using the MLR functionality
available within SNPTEST.

The MLR functionality within SNPTEST enabled the genome-wide investigation of genetic
markers for association to a number of M. tb superclades which were defined by clustering of
clades using a SNP-based phylogenetic tree. Results showed that none of the genotype-M. th
relationships passed the GWAS p-value cut-off of 5x 108 for the SAC cohort. For the
Ghanaian cohort however, 32 SNPs passed the GWAS cut-off and may be considered as
potential targets for further investigation of HDTs suitable for individuals of West-African

ancestry.
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5.2. Review of the method
5.2.1. Paired sample collection and SNP genotyping

The foundation of the association analysis method developed in this study lies in the
significance of paired sample collection. As with a standard case-control GWAS in which
genetic associations to a disease are evaluated, whole blood was necessary for the extraction
of sufficient volumes of DNA from which genotypes of common SNPs could be derived. In
addition to whole blood, the collection of sputum from the same participants provided the
necessary bacterial samples for the determination of the infecting M. tb isolate. The blood and
sputum samples were collected as part of separate studies, and data were archived for future
analyses. In the present study, two independently collected, yet biologically related, datasets
were brought together in a novel way to explore the relationship between the affected human

host and the pathogenic bacterium, for two geographically distinct cohorts.

For the SAC cohort, we had access to an extensive database of M. tb isolates. Of the 527
genotyped participants with M. tb isolate information, 68 individuals had records for multiple
infections. While it is possible for participants to have been sampled multiple times throughout
the recruitment period, we acknowledge that a number of confounding factors may have
affected the correct sequential representation of an M. tb infection: participants may have gone
to different clinics during the sample collection period, or may simply have failed to return to
the clinic. Thus, subsequent M. tb infections may have been incorrectly represented with
regards to the true order of events or may not have been recorded at all. In light of this, the
decision to only analyse the ‘first recorded infection’ available for each patient in the cohort

was taken, and may have minimised the confounding effect of these uncontrollable events.

5.2.2. Imputation performance
The more admixed a population is, the greater the heterogeneity in their haplotype block
structure. This genetic complexity requires large reference panels with suitable ancestry to
facilitate accurate genotype imputation. While several reference panels exist to facilitate
genotype imputation, most of these panels focussed on representing populations of European
ancestry, and little representation was made for African populations. Therefore, the present
study focussed on evaluating the quality of imputation attainable for the five-way admixed
SAC population and the Ghanaian cohort using the 1000GP3, AGR, and CAAPA reference

panels.
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The five-way admixed SAC population contains genetic contributions from Bantu-speaking
Africans, Europeans, KhoeSan, and South- and East-Asians (Daya et al. 2013; De Wit et al.
2010). While imputation has previously been performed on this population, it was done so
using the 1000 Genomes Phase 1 (The 1000 Genomes Project Consortium 2012) and the
HapMap3 release 2 (The International HapMap 3 Consortium 2010) reference panels, the latter
has since been deprecated and in addition, represented mostly individuals of European ancestry
(Chimusa et al. 2014). To assess recently released reference panels which promised to be of
greater suitability for the admixed African ancestry of the SAC, we tested the AGR, and the
CAAPA reference panels, as well as the most recent release of the 1000 Genomes reference

panel for imputation quality.

Haplotype phasing followed by genotype imputation was carried out using five methods which
were compared for their imputation quality prior to association analysis (Table 5). Regarding
ease of use, the Michigan Imputation Server was more user-friendly than the Sanger Imputation
Server, as the latter required uploading of data via Globus! and numerous authentications via
email. However, given that the AGR is not yet publicly available, the SIS is a valuable tool to

consider for genotype imputation using this reference panel.

The 1000GP3 Version 5 (Sudmant et al. 2015) is publicly accessible, consists of 2 504 samples
and covers 81 027 987 autosomal markers as well as 3 209 655 markers for the X chromosome.
Spanning 26 populations across the world, the 1000GP3 offers one of the most diverse
reference panels to have been compiled to date by including samples sourced from African,
American, European, South- and East-Asian countries. Continental African populations
contributing to the reference panel include individuals from the Esan ethnic group in Nigeria,
Luhya in Kenya, the Yoruban people, as well as participants from The Gambia. Additionally,
African-American participants were recruited in the United States and Barbados. The 1000GP3

panel was used for genotype imputation in the IH, MIS, and SIS methods used in this study.

The AGR is comprised of 4 956 samples and covers 93 421 145 sites across the autosomes and
3 583 058 sites on the X chromosome. Approximately half of the resource is comprised of
samples from the 1000GP3, while around 2 000 samples were sourced from regions in the

East-African country of Uganda. Around 100 samples were sourced from several regions in

! https://www.globus.org/globus-connect-server
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Ethiopia, as well as from Egypt, the Zulu people in South Africa, and the Nama/Khoesan
people in Namibia. With twice the number of samples, and the addition of a tremendous amount
of new genetic material of African ancestry, the AGR promised to be the best resource for
imputing untyped genetic markers in both the SAC and Ghanaian cohorts, when compared to
the 1000GP3 reference panel.

The CAAPA resource (Mathias et al. 2016) consists of 883 individuals, amounting to
approximately one third of the samples on the 1000GP3 and just over a fifth of the number of
samples on the AGR reference panel. The resource includes individuals self-reporting as
having African ancestry and were recruited from nine cities in the United States, four
populations in the Caribbean, four in Central- and South America, and two populations
representing West Africa. In contrast to the 1000GP3 and the AGR reference panels which
facilitated imputation of the X chromosome, imputation of the X chromosome with the

CAAPA resource via the Michigan Imputation Server was not possible.

Three of the five workflows performed imputation of the 1000GP3 reference panel, while two
methods made use of the AGR, or the CAAPA reference panel. The differences between the
three methods using the 1000GP3 was the imputation software used, as well as additional strict
QC filters that were imposed on the study dataset by the MIS and SIS methods. For all five
workflows, SHAPEIT2 was chosen for haplotype phasing to maintain consistency in the
haplotype phasing software. Although some studies have reported that pre-phasing reduces
imputation accuracy (Roshyara et al. 2016), it is known to significantly speed up the
computationally intensive process of genotype imputation (Kanterakis et al. 2015; B. Howie et
al. 2012).

For the IH method, imputation was performed using the IMPUTE2 software, while the MIS
uses minimac3, and the SIS uses the PBWT algorithm. IMPUTE2 reports an information
(INFO) metric while the minimac software and PBWT algorithm produce an Rsg metric. Both
forms of quality metrices range from 0 to 1 with higher values indicating better imputation

qualities.

Our results show that the SAC dataset was imputed with the highest quality using the AGR and
this outcome was only a slight improvement on the imputation of the 1000GP3 using the IH

method (Figure 27). In contrast to the results obtained using the AGR, imputation of either the
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1000GP3 or the CAAPA panels performed by the MIS had the lowest imputation quality scores
for the SAC.

Where the SIS tool with AGR reached a median quality score of 0.93 for SNPs with an MAF
ranging between 40 and 50% (Figure 27 A), the MIS only managed to impute the CAAPA and
1000GP3 to a median quality score of 0.69 and 0.79, respectively. Although the cut-off for
imputation quality ranges from a score of 0.3 to 0.5, the trend of having lower quality scores
across the MAF bins further emphasises the selection of the dataset imputed with the highest
quality, which was the dataset imputed with the AGR. The MIS also performed significantly
worse than the other tools when imputing rare SNPs with an MAF below 5%, as the median
quality score obtained did not even reach 0.1 which is far lower than the chosen cut-off of 0.45.
This was likely in part due to the CAAPA reference panel being the most inappropriate resource
for imputation of the admixed SAC as the individuals contained on the panel are of African
ancestry but reside in cities in the United States of America (Mathias et al. 2016), and thus may
have recent admixture from American ancestors. Unlike the CAAPA resource, both the
1000GP3 and the AGR contain haplotypes of individuals from continental African countries
and were therefore better representatives for the ancestry proportions present in the SAC
population, making either of these two reference panels better than the CAAPA resource for

imputation of the SAC cohort.

The difference in imputation quality between the IH-1000GP3 and MIS-1000GP3 methods
may have also been as a result of the imputation tool used, as SHAPEIT was used in both
methods for haplotype phasing, and the same version of the 1000GP3 reference panel was used.
Thus, it is possible that the imputation tool, which differed in the two methods, influenced the
imputation quality achieved, although a recent simulation study has reported similar accuracies
for imputation of common variants using a range of reference panels and comparing the
performance of minimac3, IMPUTE2 and Beagle 4.1 (Das et al. 2016). A comparison of the
three most commonly used imputation tools, minimac, BEAGLE and IMPUTEZ2, found that
minimac and IMPUTE2 outperformed usage with BEAGLE (Liu et al. 2015). Another study
found that minimac3, which is based on the same mathematical formula as minimac, performed
only slightly better than IMPUTE2 (Das et al. 2016).

When evaluating the Ghanaian cohort, we found that although imputation of the 1000GP3

reference panel with the IH method performed the best, there was very little difference in the
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median quality scores for the different workflows seen for SNPs with an MAF of 10-50%
(Figure 28). For rare variants (MAF 0-5%) however, the IH method outperformed all others
with a median quality score above 0.75, whereas both analyses with the MIS produced a median
score below the cut-off of 0.45. Thus, for the Ghanaian cohort, all reference panels and methods
tested could be considered viable options for imputing common variants with an MAF of 10-

50%, but should be considered carefully for variants with an MAF below 10%.

In contrast to the AGR which contains no individuals recruited from West-African countries,
the CAAPA resource contains 88 individuals recruited from the West-African country of
Nigeria (Mathias et al. 2016). We found that the CAAPA resource performed well when
imputing SNPs with a MAF above 10% (). From an MAF of 20-50%, the CAAPA resource
performed similarly to the other four resources and may thus be considered suitable for
imputing cohorts of West-African ancestry, such as the Ghanaian cohort used in this study
(Figure 28).

5.2.3. Multinomial Logistic Regression
To explore the relationship between the genetics of the host and the infecting bacterium, we
used a logistic regression modelling approach. To make use of the MLR function in SNPTEST,
it was necessary to define the reference superclade against which beta values for each other
superclade would be calculated. For this method, the LAM superclade was selected as the
reference due to it having an intermediate to high frequency in both cohorts (Figure 16 A and
Figure 19 A).

5.2.4. SNP-based phylogenetic clustering of M. tb clades
To reduce the number of phenotype groups of low frequencies being tested in the multinomial
logistic regression, the many M. tb strains were clustered into “clades” and furthermore into
“superclades”. For a logistic regression, it is generally recommended that a minimum of ten
samples be included per group (in this case, superclade) being tested for association. In this
study, superclades which did not have the minimum of ten samples were excluded, and this

exclusion was only necessary for the SAC cohort.

For the SAC cohort, eight clades were reduced to five superclades (Figure 8 and Figure 9), and

for the Ghanaian cohort, 12 clades were grouped into six superclades (Figure 12 and Figure
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13). For the SAC cohort, there was an unbalanced contribution of Beijing and CAS1 when
grouping as BeijingCAS1 (Figure 8). Although the Haarlem and HaarlemLike frequencies
were noticeably different, their biological similarity (Figure 2) may have compensated for this
difference, and was subsequently grouped with LCC which occurred at a similar frequency to
Haarlem (Figure 9). The LAM, Other, and Quebec clades were reclassified as superclades after
clustering, with the latter two superclades having the lowest frequencies (n=60 and n=40,
respectively) in the SAC cohort. Furthermore, prior to grouping into superclades, the clade
distribution of the selected samples included in this study correlated with the distribution
described in the most recent epidemiological study performed on the same population and thus
demonstrated that the SAC study cohort included in the association analysis was a suitable
representation of the strain distribution seen at the time of sample collection (van der Spuy et
al. 2009).

For the Ghanaian cohort, only one of the 12 clades - the U clade - had a frequency of below 10
(Figure 12), and was clustered with the T clade (Figure 13) which had a significantly larger
number of cases (n=235). A largely unbalanced frequency was also observed when clustering
LAM and CAM cases, with the latter clade having a frequency 13 times more than LAM. This
was also seen when clustering the two M. africanum clades, “afri181” and “afri438”, with EAI
(Figure 13). The frequency of the Haarlem clade was twice as large as the X clade, while the
Beijing and CAS clades had a similar frequency prior to grouping (Figure 12). This grouping
strategy, and the frequencies of the contributing clades need to be carefully considered when
interpreting the odds ratios obtained from the multinomial logistic regression, as they may

inflate the effect predicted for the smaller contributing clade.

The genome-wide significance cut-off of 5 x 10 is the widely accepted threshold for GWAS
studies and aims to prevent inflating the occurrence of type | errors on a genome-wide scale
(Durbin 2014). Unless the sample size is large enough to obtain sufficient power for the
phenotype being tested, this very low threshold reduces the probability of correctly identifying
SNPs having a small effect size (Stringer et al. 2011). When assessing the standard errors of
the odds ratios obtained for the MLR, we found that the smallest superclades in both cohorts
had the largest variation in their standard errors (Figure 29 and Figure 30). This further
demonstrated the need for sufficient sample sizes in each phenotype (superclade) being tested

for genetic associations, as well as justifying the clustering of clades into superclades.
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5.2.5. Human genome-wide associations with M. tb superclades
Although none of the SNPs passed the GWAS p-value cut-off of 5 x 10 in the SAC cohort,
the most significant associations are reported in Table 11. It is likely due to the small sample
size, with a subsequent reduction in statistical power, that none of the SNPs passed the p-value
cut-off for the SAC cohort. In contrast, 30 SNPs were reported to be significantly associated
with the superclade phenotypes tested for the Ghanaian cohort (Table 12). None of the SNPs
with an LRT p-value less than 0.0005 in either cohort were found in the other, demonstrating
the potentially population-specific association of SNPs with the different M. tb superclades,
which has been previously shown in the investigation of TLRs and their association with cases

of TB in populations of different ethnicities (Schurz et al. 2015).

For the Ghanaian cohort, 30 SNPs with significant LRT p-values for their MLRs were
identified as being associated with the M. th superclades investigated (Table 12). Nine of the
SNPs located on chromosome 12 were mapped to PDZRNA4. For these nine SNPs, the risk allele
increased the chances of individuals being infected with the BeijingCAS superclades 2.5 times,
and in the region of 3 times for the Ghana2 superclade, while the risk allele halved the chances
of being infected with the TU superclade. Due to the low frequencies of the BeijingCAS and
Ghana2 superclades observed for this cohort (Figure 13), it is possible that these odds ratios
had been inflated by small sample sizes. Thus, the best interpretation for this cohort is that
individuals with the risk alleles for these SNPs were at equal risk for having TB caused by the
LAMCAM, EAI/AFRI, and HaarlemX superclades.

Sparse literature exists describing the direct influence of M. tb infection on the STARD4 and
RARA genes, and no studies have investigated the outcomes of infection with different M. tb
strains on these genes. The literature currently available are described in the paragraphs to

follow.

525.1. STARD4
Cholesterol is essential for the maintenance of mammalian cell walls, and is a precursor for
vitamin D, bile acids, and steroid hormones (Reviewed in Cruz et al. 2013). While cholesterol
can be produced endogenously from acetate, the presence of excess concentrations of low
density lipoprotein (LDL) cholesterol is known to be a serious health risk (Colpo 2005). The
STARD4 gene encodes the StAR-related lipid transfer protein which plays a crucial role in the
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transmembrane trafficking of lipids (such as cholesterol) - an important energy source (Soccio
et al. 2002).

Differential transcriptional responses have been observed when mouse bone marrow derived
macrophages were infected with two strains of M. th. Infection with the HN878 strain was
reported to have upregulated more host genes involved in lipid metabolism including the
STARD4 gene, than infection with CDC1551 (Koo et al. 2012). The H37Rv M. tb strain
reportedly induced a significantly upregulated expression of 386 genes in response to a
lipid-rich environment, with those genes being implicated in efflux systems, sulphur reduction

processes, and the capturing of iron (Aguilar-Ayala et al. 2017).

Infection of macrophages with pathogens such as M. th stimulates the process of lipid droplet
formation (Daniel et al. 2011). It has been hypothesised that M. tb initiates this process in an
attempt to secure a reliable source of carbon to fuel bacterial growth (Brzostek et al. 2009). In
addition to lipids being an energy source, the accumulation of cholesterol in the bacterial cell
wall was shown to drastically reduce the permeability of the cell wall, subsequently reducing
the penetrating capability of the anti-TB drug RIF (Brzostek et al. 2009). However, a recent
study has contradicted the notion that lipid droplet formation is a bacteria-driven process.
Instead, it was proposed that the formation of lipids is an immune system-activated process,
and does not occur as a result of direct stimulation by M. th, but rather via the IFN-y,

H1F-a-dependent pathway of the host immune system (Knight et al. 2018).

525.2. RARA
All-trans retinoic acid, the active form of Vitamin A, plays an essential role in the normal
functioning of the adaptive and innate immune systems. The oral administration of retinoic
acid to rats resulted in inhibition of the M. tb growth, following in vitro infection (Yamada et
al. 2007).

The results of this study have highlighted several SNPs which possibly significantly increased
the risk of individuals with Ghanaian ethnicity to being infected with the endemic TB strain of
M. africanum. Given the burden of disease, and the dominance of M. africanum strains in
Ghana, it may be a worthwhile expedition to explore the functional effect of these SNPs on the

biological processes described.
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5.3. Method validation in secondary cohort
The SAC cohort used to develop the method provided a platform of numerous challenges,
enabling a thorough examination of the data and potential problems which may be encountered
in other datasets. These challenges including dealing with missing data, incorrect infection
assignments, and multiple infections. The SAC cohort is also a highly admixed population, not
adequately represented in most of the currently publicly available reference panels. This degree
of admixture provided another challenge which enabled the investigation of the suitability of
different reference panels for imputation in the study dataset. Once the study cohort could be
determined as having being imputed with a high quality, it was deemed sufficient for the
association test using multinomial logistic regression. Although sample size likely impeded
our statistical power to determine significant genome-wide associations to M. tb strains in the
SAC dataset, we were able to demonstrate the use of the method and obtain SNPs near GWAS

significance.

Replication of the method in the Ghanaian dataset was remarkably easier as only one infection
was recorded in the database provided, with no missing data, making the Strain database QC
easier in this dataset than in the SAC dataset. Furthermore, the principal components provided
for the cohort to account for differences in ethnic contributions showed that the Ghanaian
cohort was significantly less admixed than the SAC cohort. Individuals from West-Africa are
also well-represented in the 1000GP3 and thus, it was not surprising that the 1000GP3
reference panel provided the highest quality of imputed genotype data.

Where whole-genome sequencing is not possible due to cost, genotype imputation of
haplotypes from reference panels is a valuable solution to inferring untyped SNP markers to
be used in GWAS. The use of the MIS and SIS aided the development of this method
tremendously as the computational burden is split between an in-house server and two off-site
servers. Both off-site servers are publicly accessible and require no payment for imputation

service, making it a feasible option for resource-restricted institutions and research groups.

5.4. Limitations of the method
Obtaining a suitable sample size is a problem inherent of GWA studies making use of logistic

regression modelling. Furthermore, the many phenotypes being analysed in this study,
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demanded a sufficient number of cases for each class. The frequency of each M. tb clade
however, is dependent not only on the host, but is also affected by the virulence of the
bacterium. Thus, with all these considered, the sample sizes included in the MLR should be
sufficient for inclusion in the analysis but will likely also reflect the distribution in the

population.

Another limitation of the study is that at the time of analysis, the AGR reference panel was not
publicly available for download to a local machine. Thus, its use in this study could only be
facilitated via the SIS, a freely accessible online imputation server. Through this, we were able
to obtain high-quality imputed data for the SAC, but it was necessary to be mindful when

drawing comparisons as the other workflows made use of different imputation software.

5.5. Recommendations for future studies
This study would not have been possible were it not for the collection of paired samples of
blood and sputum from study participants. Thus, future studies will require that both samples
be collected from participants in order to perform this association analysis. In order to prevent
the reduction in statistical power of the association test, we chose to exclude low frequency
M. tb cases at the superclade level. However, this may have brought in a weakness in
interpretation of the odds ratios derived from the model. Therefore, in further applications of
this method, it may be advisable to exclude low frequency clades prior to clustering, as opposed
to the superclades used in this study. Lastly, Bayesian analysis of this data should be explored
as it allows for the inclusion of priors such as strain prevalence which could not be included
using the current method. Future studies may also assess imputation accuracy obtained from
other combinations of software and reference panels, such as the AGR when it becomes
publicly available, along with the IMPUTEZ software. The candidate genes identified in both

cohorts might also be explored as possible targets for HDTs.

5.6. Concluding remarks
The main output of this study is the method developed which facilitates the association analysis
of genome-wide SNP markers to the M. tb clades causing disease in humans. From the study
we were able to identify the AGR as the best resource for imputing the admixed SAC
population, as well as the 1000GP3 as the best resource for imputing cohorts of West-African

ancestry. In contrast to another study that aimed to perform a genome-wide association analysis
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with Beijing- and non-Beijing M. th clades, we developed a method that could assess the
potential associations between SNPs and more than two phenotype classes. Furthermore, the
SNPs obtained from the MLR showed that with a large cohort (as in the Ghanaian cohort), we
were able to identify SNPs with highly significant LRT p-values for association to M. th

superclade.

With the current trajectory of the TB epidemic, novel methods are needed to augment current
anti-TB therapies and combat the disease. This study provides the groundwork for future
genome-wide association studies wishing to investigate the relationship between the host and
the many strains of M. tb causing disease. Furthermore, the SNPs identified in this study may

be evaluated in functional studies to assess their viability as targets for host-directed therapies.
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7. Appendix I: Extended M. tb clade and superclade distributions in the

SAC cohort having multiple infection records

7.1. Distributions of Clades and Superclades for One and Two infection

participants in the SAC cohort
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Figure 31: Frequency distributions for records of participants having one infection (n = 459) and the two infections (120 records for 60
participants) in the SAC cohort matched to M. tb clade. Figures A and B show the distribution for participants with one infection while figures C
and D show the distribution for participants having two infections.

126



A Frequency Distribution of M. tb Clades B Frequency Distribution of M. tb Superclades
_ for Patients with Two Infections: Infection 1 for Patients with Two Infections: Infection 1

8 8 -
w w
o o
g g- g g
S ]
g o g w©
= 1
[*™ 'S
2 2
N . N
Beijiing CAS1 Haarlem HaarlemLike LAM LCC Other Quebec BeijingCAS1 HaarlemsLCC LAM Other Quebec
M. th Clades M. tb Superclades
Frequency Distribution of M. tb Superclades
Frequency Distribution of M. tb Clades § ‘:J ti ‘; ith Two Infecti o|Pf tion 2
- c for Patients with Two Infections: Infection 2 - or Fatients with Two Intections: Intection
® 7] ® 7]
w w |
o o
Z X g 8
] &
g 2 g ©
o a
L~ L=
[*™ e
2 2
w - w -
o e - o -
Beijing CAS1 Haarlem LAM LCC Other Quebec BeijingCAS1 HaarlemsLCC LAM Other Quebec
M. th Clades M. tb Superclades

Figure 32: Frequency distributions for records for each of the infections listed for the genotyped participants having two infections recorded in
the database. Figures A and B show the clade- and superclade distributions for the first infection, while figures C and D show the clade and
superclade distributions for the second of the two infections.
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