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Abstract

Obesity is a highly prevalent health concern that is on the rise in Sub-Saharan Africa. Even
though genetic variation and gut microbiota have been implicated in the development of obesity
independently, the interactions between these factors have not been previously explored in a
South African cohort. This study aimed to identify possible associations between host genomes,
body mass index as a measure of obesity, and gut microbiota composition (in the form of V3-
V4 16S rRNA sequencing) in a female African cohort. Polygenic risk scores predictive of body
mass index in this cohort were generated to categorise the participants into high- and low-risk
groups. Subsequently, several statistical analyses were performed comparing gut microbiota
between these groups. High-risk participants with high body mass index had associations
identified with increased abundances of Prevotella 9 and VadinBEY97. In contrast, the low
polygenic risk and low body mass index sub-group was associated with greater Bacteroides
levels. This study acknowledges the plausible interactions between these factors in an African

cohort.

Y



Acknowledgements

Above all, I would like to thank my supervisors, Dr Ovokeraye Oduaran and Prof Scott
Hazelhurst. Thank you for the weekly check-ins and support over the last year. Thank you
both for taking time out of your busy schedules to guide and support me, specifically through
navigating the challenges of coding. Your patience with my use of the command line never

went unnoticed. | appreciate it greatly.

Thank you to Dr Tinashe Chikowore for your invaluable help and guidance on the

development and application of the polygenic risk scores.

Thank you to Dr Zané Lombard, Dr Robyn Kerr, and Monica Araujo for your words of
encouragement and motivation throughout the year. Thank you for always having your doors

open to me when [ was seeking help or advice.

Thank you to the University of the Witwatersrand for funding my studies through a

Postgraduate Merit Award.

Finally, a thank you to all the participants enrolled in the AWI-Gen and microbiome pilot

studies. This research would not have been possible without your contributions.



Contents

Declaration wi
Contribution of Candidate to the Paper )
Abstract.. v
Acknowledgements Y
Contents. Vi
List of Abbreviations and Symbols viii
List of Figures.. ix
List of Tables.... . X
A research report in the format of a “submissible” paper. 1
Abstract.. .2
1 Introduction .3
2 Materials and Methods.... .5
2.1 Study Participants 5
2.2 AWI-Gen Phase I Genotype Data 5
2.2.1  Polygenic Risk SCOre GENeration .............cceecuerverieriereeniesienieseeseeseesseesseesseesseesseesses 5
2.2.2  Separation of Participants into Deciles to Form Cases and Controls ........c..cccccecevereenene 6
23 AWI-Gen Microbiome Pilot Study Data 7
2.3.1  Data Processing and Quality COntrol............ccoecverierierieniienienienieniesee et see e seees 7
2.3.2  TaXOnOmiC ASSIZNIMENL ......cccverierrerrerrereerresressresseesseessaesseesseesseesseesseesseessessseessessseessees 7
2.3.3  Rarefaction Analysis and Richness EStmMates ..........c.ccccevvveriienienienienienieseeseeseeseeeen 7
2.3.4  Alpha Diversity ANALYSIS......ccceccerruereieriieriierienierieneeseeseeseesseesseesseesseesseesseesseessessseesses 8
2.3.5  Beta DIVersity ANALYSIS ...cceccveecierieiieniesiesiesieseeseeseeseeseesseesseesseesseessaesseesseesseenseensens 8
2.3.6  Differential Analysis of Taxonomic Abundances............cccceceeveerenirienereneesieneneneeens 8
2.3.7  Assessing the Interactions Between Polygenic Risk, Body Mass Index and Gut
Microbiota COMPOSILION .....eevieeieriieriiertierierterteseeseeseeseesseesseessaesseessnesssesssesseesssesssennns 9
3 Results...... .9
31 Study Participants 9
3.2 Polygenic Risk Score 10
33 Taxonomic Analyses 11
34 Alpha and Beta Diversity Measure Estimates 11

vi



35 Differential Taxa Abundances between High and Low Polygenic Risk Groups......... 13

3.6 Identifying Discriminative Features of the Gut Microbiome 16

3.7 Analysis of Taxa of Interest with Polygenic Risk and Body Mass Index..................... 17
4  Discussion 17

Potential Shortcomings and Study Limitations 21

Future Studies and Considerations 22
5  Conclusion 23
6  Author Contributions...... 23
7 Acknowledgements 24
8  Conflict of Interest 24
References 24
Electronic References... 26
Supplementary Material 27
Appendices 30
Appendix A: Approved Research Protocol 31
Appendix B: Ethics Clearance 51
Appendix C: Turnitin Originality Report 52
Appendix D: Frontiers Author Guidelines ..... 53

vii



List of Abbreviations and Symbols

a
APCDR
ASV
AWI-Gen
BMI
FTO
GWAS
H3Africa
HIV

HR

ID

LDA
LEfSe
LYPLALI
MAMA
MC4R
OR
PAGE
PCA
PCoA
PERMANOVA
PGS
PLDI

QC

PRS

RZ

rRNA
SNP
UKBB

alpha

African Partnership for Chronic Disease Research
amplicon sequence variant

Africa Wits-INDEPTH Partnership for Genomic Research
body mass index

fat mass and obesity-associated

genome-wide association study

Human Heredity and Health in Africa

human immunodeficiency virus

hazard ratio

identification

linear discriminant analysis

linear discriminant analysis effect size
lysophospholipase-like 1

multi-ancestry meta-analysis

melanocortin 4 receptor

odds ratio

Population Architecture using Genomics and Epidemiology

principal component analyses

principal coordinates analysis

permutational multivariate analysis of variance
Polygenic Score

phospholipase D1

quality control

polygenic risk score

coefficient of determination

ribosomal ribonucleic acid

single nucleotide polymorphism

United Kingdom Biobank

viii



List of Figures

Figure 1. Comparison of PGS001228, PGS001943 and MAMA PRS R’ coefficients and p-

Figure 2. Alpha and beta diversity measure estimates between high and low PRS groups .. 12
Figure 3. Relative taxonomic abundances at phyla level across the high and low PRS

GFOUDS ..ot ettt ettt ettt ettt a e n ettt e ettt e e nt e e e bt e e et e e enb e e nna e e nnneeennes 14
Figure 4. Taxonomic abundances comparing differential taxa abundances at a genus level for
the 15 MOSt ADUNAANE GENETA .................oceeiiiiiieieee e 15

Figure 5. Linear discriminant analysis effect size at the level of last known taxonomic rank 16

X



List of Tables

Table 1. Comparison of the three base datasets used for PRS calculations.............................. 6
Table 2. Distributions of study participants in the cohort and high PRS, low PRS and other

GFOUDS ..ottt ettt ettt a e Rt e ettt ettt e et e e e bt e e bt e e enbeeeenaeeenaeeennee 10
Table 3. Body mass index distributions of the cohort and high PRS, low PRS and other groups
.................................................................................................................................................. 10
Table 4. Comparison of PRSice results for PGS001228, PGS001943 and MAMA calculations
.................................................................................................................................................. 11
Table 5. Statistical significance (p-values) of alpha and beta diversity indicators in high
VEFSUS LOW PRS GFOUDS ...ttt et 13
Table 6. Statistical parameters of linear regression models with BMI as the dependent
variable and relative abundances of taxa of interest and PRS as independent variables ....... 17



A research report in the format of a

“submissible” paper.

This work has been written up as a paper for submission to Frontiers in Genetics. The author
guidelines adhered to can be found in Appendix D, which have been included for ease of

reference.



Exploring the Interaction of Host Genetics and the Gut

Microbiome in Obesity in an African Population

Samantha Schnell!, Ovokeraye Oduaran?, Scott Hazelhurst>*"

Division of Human Genetics, School of Pathology, Faculty of Health Science, University of
the Witwatersrand and the National Health Laboratory Services, Johannesburg, South Africa
2Sydney Brenner Institute for Molecular Bioscience, University of the Witwatersrand,
Johannesburg, South Africa

3School of Electrical and Information Engineering, University of the Witwatersrand,

Johannesburg, South Africa

*Correspondence:
Scott Hazelhurst

scott.hazelhurst@wits.ac.za

Number of words: 8,798 Number of figures: 5 Number of tables: 6

Abstract

Obesity is a highly prevalent health concern that is on the rise in Sub-Saharan Africa. Even
though genetic variation and gut microbiota have been implicated in the development of obesity
independently, the interactions between these factors have not been previously explored in a
South African context. Therefore, this study aimed to identify possible associations between
host genomes, body mass index as a measure of obesity, and gut microbiota composition in a
female African cohort. Polygenic risk scores predictive of body mass index in this cohort were
generated to categorise the participants into high- and low-risk groups. Subsequently, several
statistical analyses were performed to compare gut microbiota and microbial abundances
between the high- and low-risk groups. High-risk participants with high body mass index had
a significant association identified with abundances of Prevotella 9 and a moderate association
with VadinBE97. Conversely, the low polygenic risk, low body mass index sub-group was
moderately associated with greater levels of Bacteroides. This study acknowledges the

plausible interactions between these factors in an African cohort.

Keywords: African, obesity, host genetics, polygenic risk score, gut microbiota



1 Introduction

Obesity is a highly prevalent public health concern and gives rise to a wide variety of non-
communicable diseases. Even though the incidence of obesity appears to be declining in many
regions worldwide, in low- and middle-income countries, such as South Africa, obesity
continues to increase (Loos and Yeo, 2022). Consequently, this has led to a rise in mortality
and morbidity. Although the actiology of obesity is poorly understood, multiple driving factors
that play pivotal roles in the development of this complex disease have been identified. Genetic
and environmental influences are two such factors. However, these two factors do not entirely
account for the obesity phenotype. In more recent studies, gut microbial composition has also
been associated with the aetiology of obesity, specifically abundances of certain bacterial taxa
and imbalances in the gut microbiome, “dysbiosis” (Cuevas-Sierra et al., 2019). Even though
these driving factors have been implicated in the development of obesity, significant challenges
remain in deciphering the interactions between them. This includes interactions between host
genetics and the gut microbiome. Previously, it has been illustrated that the gut microbiome
tends to be influenced by host genetics in humans (Xu et al., 2020). However, the interaction
between host genetics and gut microbiota is a topic that has not been extensively explored in
obesity. Furthermore, the composition of gut microbiota in those genetically predisposed to

obesity is widely understudied and has not previously been investigated in African contexts.

Evidence has determined that obesity is partly heritable by an estimated 40% to 70% (Thaker,
2017; Loos and Yeo, 2022). However, genetic predispositions to obesity are often affected by
lifestyle and behaviour, such as diet, sleep patterns, physical activity, etc. The common form of
obesity is complex and polygenic in nature. Genome-wide association studies (GWASs) have
demonstrated that there are hundreds of risk loci associated with obesity. Therefore, obesity
may arise through an accumulation of many single nucleotide polymorphisms (SNPs), each
possessing small, weighted effects. However, in obese individuals of African ancestry,
significant associations have been identified in fat mass and obesity-associated (FTO) and
melanocortin 4 receptor (MC4R) genes, as reviewed by Yako et al. (2015). Furthermore, the
FTO gene remains the locus that possesses the strongest GWAS signal across multiple
ancestries (Goodarzi, 2018). Genetic contributions to obesity have been widely investigated
through GWASs of traits associated with body composition, the most common being body mass
index (BMI). Additionally, studies have suggested that genetic variation accounts for 30% of
the variance observed in BMI (Goodarzi, 2018). Body mass index is often used at a
populational-level as an anthropometric measure for obesity, as it serves as a proxy and is easily

3



measurable. Due to the polygenic nature of obesity, genetic aetiologies are best assessed with
polygenic risk scores (PRSs) using GWAS summary statistics for obesity-related traits, such as
BMI. Polygenic risk scores allow for the integration of many SNPs into a single quantitative

measure to account for the genetic liability of complex diseases (Khera et al., 2019).

Even though the role of host genetics in shaping gut microbiota composition is not well known,
it is generally hypothesised that factors of human physiology are genetics-dependent and may
impact the gut microbiome (Dabrowska and Witkiewicz, 2016). These factors include, but are
not limited to, metabolism, gut motility and energy regulation. Moreover, the gut microbiome
acts as an environmental factor, forming a dynamic ecosystem within the host. Since bacteria
maintain functions in energy harvesting and metabolism, gut microbiomes have been associated
with regulating body weight and influencing the risk of developing obesity. Consequently,
microbial communities may adversely affect human health (Dabrowska & Witkiewicz, 2016).
Through advances in metagenomics and high-throughput next-generation sequencing, the
phylogenetic composition of gut microbiota can be assessed to determine functional potential

and diversity (Dugas et al., 2016).

Recent evidence has identified associations between SNPs and gut microbiota in obesity
(Cuevas-Sierra et al., 2019). Through a GWAS, the rs4894707 variant near phospholipase D1
(PLDI) has been associated with the Akkermansia genus (Verrucomicrobiota phylum)
(Davenport et al., 2015). Furthermore, the PLD1 gene has been linked to BMI and Akkermansia
was previously regarded as an obesity-related bacterial taxon. Similarly, abundances of the
Prevotella genus (Bacteroidota phylum) have been significantly associated with rs878394 (Li
et al., 2018). This variant has also been associated with lysophospholipase-like 1 (LYPLALI),
a gene related to insulin sensitivity and body fat distribution. Furthermore, associations have
been identified between PRSs and gut microbiota. In a Spanish cohort, women with high genetic
susceptibility to obesity and high BMI were seen to possess greater abundances of the
Prevotellaceae family. Additionally, those with high polygenic risk but lower BMI had lower
abundances of the same family (Cuevas-Sierra et al., 2020). In contrast, women with low
polygenic risk possessed increased levels of Barnesiella and Alistipes genera (Bacteroidota

phylum) and Peptostreptococcaceae (Firmicutes phylum).

The Human Heredity and Health in Africa (H3Africa) initiative includes the Africa Wits-
INDEPTH Partnership for Genomic Research (AWI-Gen) Collaborative Centre, in which this

study is nested. This initiative is a combined effort to investigate genetic and environmental
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aspects of human health in African individuals, including body composition and fat distribution
(Ramsay et al., 2016). This study cohort comprises a subset of the AWI-Gen phase I South
African study population sub-sampling from the Agincourt (n =119) and Soweto (n = 50)
cohorts. Research units of the University of the Witwatersrand manage both cohorts. Host
genotype data was obtained from the 12,035 individuals genotyped in AWI-Gen phase I, with
~1.7 million SNPs genotyped using Illumina’s Infinium™ H3Africa SNP Genotyping Array
vl (Mulder et al., 2018). Gut microbiome sequencing data (the V3-V4 hypervariable regions
of the 16S ribosomal RNA (rRNA) gene) using Illumina’s MiSeq® platform was performed on
a smaller subset of the AWI-Gen phase I cohort. The samples from these participants (n = 169)
were processed for both SNP array genotyping (host genetics) as well as 16S rRNA sequencing

(microbiome composition) and made up the study cohort.

The present study aimed to identify possible associations between host genomes, using a PRS
developed for BMI as a proxy for genetic association, BMI as an anthropometric measure for
obesity, and gut microbiota composition in a female African cohort. Additionally, this study
aimed to provide further insight into the association between factors influencing obesity in
African populations. Notably, there is a paucity of genetic and gut microbiome studies in an

African context.

2 Materials and Methods

2.1 Study Participants

The 169 study participants were recruited from two areas within South Africa. The majority
were recruited from Agincourt, Bushbuckridge, in the Mpumalanga province. Bushbuckridge
is a municipality with a mixture of rural and peri-urban settlements. Other participants were
from an urban settlement in Soweto, Johannesburg, in the Gauteng province. Subsequently,
participants were categorised based on their recorded BMI (kg/m?) into lean (< 25.0 kg/m?),
overweight (25.0 - 29.9 kg/m?) and obese (> 30.0 kg/m?) categories. To reduce confounding
effects, only females who tested negative for the human immunodeficiency virus (HIV—) were
included. This study was approved by the Human Research Ethics Committee (Medical) of the
University of the Witwatersrand as an AWI-Gen sub-study (M220297), see Appendix B.

2.2 AWI-Gen Phase I Genotype Data

2.2.1 Polygenic Risk Score Generation

PRSice (v2.2.13) software (Choi and O’Reilly, 2019) was used to calculate PRS using BMI-
5



associated SNPs as a proxy for host genetic contribution to obesity. PRSice can calculate PRSs
and apply, analyse and plot the calculated PRS values (Euesden, Lewis and O’Reilly, 2015).
PRSice calculated the best-fit PRS by calculating p-values at several different thresholds. The
subset of microbiome participants (n = 169) were extracted from the AWI-Gen target genotype
file to prevent overfitting. The BMI (kg/m?) phenotypes were included as a proxy for obesity
and specified as a non-binary trait. For the PRS computation, PRSice included a full model at
a threshold of p = 1. The PRS was calculated using a direct summation of effect sizes of SNPs
and no clumping (removing weakly correlated SNPs based on linkage disequilibrium and p-
values) was performed. In addition, models were adjusted for sex, age and the first five principal
component analyses (PCAs) to account for population structure, all of which were included as

covariate information.

The PRS calculations were computed using GWAS summary statistics (base datasets
comprising SNPs, p-values and weightings) from three different studies (Table 1). PGS001228
and PGS001943 base datasets were accessed through an open database, the Polygenic Score
(PGS) Catalog (Lambert et al., 2021), and the multi-ancestry meta-analysis (MAMA) dataset
was provided by Chikowore, et al. (2022), received via private communication. The PRS most

predictive of BMI in the cohort, MAMA, was selected for downstream analysis.

Table 1. Comparison of the three base datasets used for PRS calculations

PGS001228 PGS001943 MAMA
Study Tanigawa et al., 2022 Privé et al., 2022 Chikowore, et al., 2022
PGS Catalog PGP000244 PGP000263 N/A
Publication ID
Portability-
PGS Catalog Name BE INI21001 N/A
& GBE_ PLR log BMI /
Discovery Dataset 268,856 European 391,124 European 678,661 multi-ancestry
individuals individuals individuals

Target Dataset

12,035 AWI-Gen cohort

12,035 AWI-Gen cohort

12,035 AWI-Gen cohort

Replication Dataset

149 study participants

149 study participants

149 study participants

Number of SNPs used

27,126 110,153 322,639
for PRS Calculations
Effect Weight Type Log (OR) or log (HR) Beta Beta
P-value Threshold 5x10% 5x10% 5x1038

*ID = identification; OR = odds ratio; HR = hazard ratio

2.2.2  Separation of Participants into Deciles to Form Cases and Controls
After PRS generation, 20 participants were excluded from the analysis due to insufficient

covariate information, leaving a cohort of 149 individuals. Using the PRS most predictive of
6



BMI in the remaining study cohort, participants were separated into deciles (n = 15) to form
groups of high and low polygenic risk for further downstream analysis. The first, second and
third deciles (n = 45) formed the low polygenic control risk group. The eighth, ninth and tenth
deciles (n = 44) were the high PRS case group with greater genetic predisposition to developing
obesity. The remaining fourth, fifth, sixth and seventh deciles (categorised as other) were not

included in the downstream analysis.

2.3 AWI-Gen Microbiome Pilot Study Data

2.3.1 Data Processing and Quality Control

For microbial data processing and quality control (QC), V3-V4 hypervariable sequences of the
16S rRNA gene were assessed using DADA?2 v1.14 (Callahan et al., 2016). All analyses were
performed using R statistical software (v3.6.0; R Core Team (2021)). The demultiplexed
paired-end sequences for the 149 samples included in the PRS generation were imported into
DADAZ2. Read quality profiles were inspected, and sequences were filtered and trimmed.
Filtering included truncating read lengths of 240 and 280 nucleotide bases, maximum expected
errors of 2 and 4 with minimum lengths of included sequences being 175. Post-filtering,
identical reads were dereplicated and sample inferences were applied to denoised paired-end
sequences, which were subsequently merged. Finally, an amplicon sequence variant (ASV)
table containing sequence variants identified in individual samples and a non-chimeric

sequence table were generated. The output data was exported for downstream analyses.

2.3.2 Taxonomic Assignment

The DADA2 package implemented the naive Bayesian classifier method (Wang et al., 2007)
to sequence variants for the classification of taxonomies. The naive Bayesian classifier method
can accurately classify 16S rRNA sequences into higher-order taxonomic classes from domain
to genus levels. For taxonomic classification, DADA?2 utilised formatted training FASTA files
derived from the SILVA rRNA data project (v138.1) and for species-level assignments, the
SILVA species assignment (v138.1) was applied.

2.3.3  Rarefaction Analysis and Richness Estimates

The output of DADA2, taxonomic assignments and a metadata file containing the PRSs, and
decile separation of participants was analysed using the phyloseq package (v1.30.0) in R
(McMurdie and Holmes, 2013). Samples with a read depth <34,311 were excluded for adequate
capture of observed richness to be assessed with rarefaction. Therefore, from the 149 samples,

three were removed for the alpha diversity analysis. Of the 146 samples remaining, samples
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classified as other (neither cases nor controls) were excluded to allow for a comparison of alpha
diversities between high and low polygenic risk groups. Eighty-eight samples remained, 44
high and 44 low PRS (one low PRS sample had a read depth <34,311), and the rarefied dataset

was utilised for the alpha diversity analysis.

2.3.4 Alpha Diversity Analysis

Alpha diversity metrics represent the diversity of microbial taxa within a sample, showing the
richness (the number of taxa present) and evenness (the distribution of abundances). The
observed, Chaol (Chao, 1984) and Shannon (Shannon, 1948) alpha diversity measure estimates
were calculated. Estimates were used to analyse qualitative measures of richness, estimations
of richness and quantitative measures of richness, respectively. The pairwise Wilcoxon rank
sum (Mann Whitney U) test was calculated to compare alpha diversity measures between high
and low PRS groups using p-values to determine statistical significance. Subsequently, alpha
diversity estimates, comparing the high and low polygenic risk groups, were visualised with

boxplots generated in R (v3.6.0; R Core Team (2021)).

2.3.5 Beta Diversity Analysis

Beta diversity, a form of composition analysis, measures the community differences between
samples. The Bray-Curtis dissimilarity distance matrix, a quantitative measure of dissimilarity,
was the beta diversity measure estimate used. It was assessed through a principal coordinates
analysis (PCoA) (Gower, 2005). The statistical significance between the high (n = 44) and low
(n = 45) PRS groups was assessed using the permutational multivariate analysis of variance

(PERMANOVA) package in R (Anderson, 2017).

2.3.6 Differential Analysis of Taxonomic Abundances

The phyloseq package in R (McMurdie and Holmes, 2013) was used for taxonomic analysis
with taxa plots generated for phyla abundances and the top 15 most abundant genera between
high and low PRS groups. To further explore relationships between PRS, BMI and the gut
microbiome, the high and low polygenic risk groups were subdivided based on BMI. Those
with lean BMI (< 25.0 kg/m?) were classified as having low BMI, while overweight/obese
participants (> 25.0 kg/m?) were of high BMI. The 15 most abundant taxonomic genera were
assessed between the four sub-groups: high PRS/high BMI (High/High), high PRS/low BMI
(High/Low), low PRS/high BMI (Low/High) and low PRS/low BMI (Low/Low).

The DESeq?2 package (v1.26.0) in R (Love, Huber and Anders, 2014) was utilised to further
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evaluate differences in abundances of taxa between the high and low polygenic risk groups.
The statistical significances were calculated using negative binomial generalised linear models
with raw RNA sequencing counts. The Wald statistical test was then used to determine p-values
from the regression models produced. Volcano plots were generated using DESeq?2 at different

alpha thresholds (o = 0.05, 0 = 0.1 and o = 1).

The Huttenhower Lab’s Galaxy application, linear discriminant analysis (LDA) effect size
(Segata et al., 2011), was also used for differential analysis. Linear discriminant analysis effect
size (LEfSe) assessed gut microbiota that differed between the high and low PRS groups (n =
89) and high and low BMI groups within high and low PRS groups. Linear discriminant analysis
was calculated with factorial Kruskal-Wallis tests at a = 0.05 and a logarithmic LDA score

threshold of 2.0 to identify discriminative features between the groups.

2.3.7 Assessing the Interactions Between Polygenic Risk, Body Mass Index and Gut
Microbiota Composition

Multiple linear regression models were generated with BMI as the dependent variable, and PRS
and abundances of taxa of interest as independent variables (BMI ~ PRS + abundance of taxa
of interest). Taxa of interest were identified through gut microbial analysis. Additionally, linear
regression models were performed to determine how much of the variability in taxonomic
abundance can be explained by PRS alone (taxa of interest ~ PRS). This was performed with
taxa of interest as the dependent variable and PRS as the independent variable. Statistical

analysis of the regression models was undertaken using dplyr v1.0.8 (Wickham, et al., 2022).

3 Results

3.1 Study Participants
Initially, the study cohort comprised 169 participants. However, during PRS calculations, 20
participants were excluded by PRSice software because of invalid phenotype information
(insufficient covariant data). This exclusion left a study cohort of 149 for further downstream
analyses. Of the remaining study participants (111 from Agincourt and 38 from Soweto),
24.83% were lean (including normal weight), 17.45% were overweight and 57.72% were obese.
After PRS calculations, the cohort was separated into groups of high PRSs (cases) and low
PRSs (controls) and other (intermediates not classified as case or control). Only high and low
PRS groups (n = 89) were used for microbiome analyses. The distribution of the cohort and
groups, separated based on PRS, are shown in Table 2, while BMI distributions are in Table 3.
9



Table 2. Distributions of study participants in the cohort and high PRS, low PRS and other groups

Number of Location BMI Group Sverveimit
Participants . Lean Obese
(n;) Soweto  Agincourt (< 25.0 kg/m?) (2?{.;)/;1122)9.9 ©30.0 ke/m?)
Cohort 149 38 111 37 26 86
High PRS 44 11 33 7 5 32
Low PRS 45 11 34 17 11 17
Other 60 16 44 13 10 37

Table 3. Body mass index distributions of the cohort and high PRS, low PRS and other groups

BMI (kg/m?)
Mean + SD Median Range
Cohort 322+£8.2 31.8 19.5-64.4
High PRS 34.6+8.2 34.7 20.6 - 52.7
Low PRS 293+6.5 27.0 19.5-42.9
Other 32.8+8.5 31.9 20.6 - 64.4

3.2 Polygenic Risk Score

GWAS summary statistics PGS001228, PGS01943 and MAMA were used to calculate PRSs
for the study cohort. The resultant PRS parameters provided by PRSice are shown in Table 4.
The R? values produced to determine the measure of predictivity were full R? (BMI ~ PRS +
age + sex + PCAs), PRS R? (full R’ — null R?) and null R’ (BMI ~ age + sex + PCAs). The PRS
R? determined how much of the measured BMI phenotype can be explained by host genetics
based on the SNPs included in each PRS calculation. MAMA produced the highest PRS R?, R’
= 0.0665. This means that approximately 6.65% of the variability in the BMI phenotype can be
explained by host genetics, using the PRS as a proxy. PGS001228 produced a PRS R’ = 0.0265
(2.65%) and PGS001943 produced a PRS R’ = 0.0067 (0.67%). Since the PGS01943 PRS R’ <
0.01, it did not explain the phenotypic variability in this cohort well and was a weak proxy for
the genetic liability. PGS001228 and MAMA calculations produced results of statistical
significance, p = 0.0475 and p = 0.0014, respectively. p < 0.05 was regarded as statistically
significant. Therefore, PRSs using the summary statistics from Tanigawa et al. (2022) and
Chikowore et al. reliably predicted BMI in the cohort. Conversely, PGS001943 summary
statistics obtained from Privé ef al., (2022) did not produce a statistically significant PRS (p =
0.3236) and was unreliable in predicting BMI. Taking both the PRS R? and the p-value into
account (Table 4, Figure 1), MAMA was most predictive and selected for decile separation and

high and low PRS assignment to be used for downstream microbiome analysis.
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Table 4. Comparison of PRSice results for PGS001228, PGS001943 and MAMA calculations

PGS001228 PGS001943 MAMA
Full R? 0.0690 0.0491 0.1167
PRS R? 0.0265 0.0067 0.0665
Null R? 0.0425 0.0425 0.0502
Coefficient 1.1534 13.9984 0.1628
Standard Error 0.5772 14.1339 0.0501
p-value 0.0475 0.3236 0.0014

0.3236

0.3

0.25

0.2

PRS R?

0.15 | p-value

Statistical Parameter

0.1

0.0665
0.05 0.0475

0.0265
0.0067
0

PGS001228 PGS001943 MAMA

Polygenic Risk Score

Figure 1. Comparison of PGS001228, PGS001943 and MAMA PRS R’ coefficients and p-values

0.0014

3.3  Taxonomic Analyses

Taxa were classified into seven taxonomic ranks (kingdom, phylum, class, order, family, genus
and species) by ASVs and taxonomies of two kingdoms, Archaea and Bacteria, were identified.
However, some taxa had not yet been classified at genus or species level. This is possibly due
to African gut microbiomes being significantly underrepresented in microbiome studies, and

consequently, in microbiome reference databases (Allali et al., 2021).

3.4  Alpha and Beta Diversity Measure Estimates

A comparison of the alpha diversity measure estimates (Figure 2A) shows that differences in
microbial richness were present between participants in the high and low polygenic risk groups.
The alpha diversity measure estimates showed that the low polygenic risk group had greater

alpha diversity. The greatest difference in alpha diversity measures between those with high
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and low PRSs was seen with the Shannon diversity index (p = 0.13). Since Shannon diversity

was higher in those with low polygenic risk, it suggests that there is greater species diversity

within low polygenic risk participants. However, differences were not statistically significant

(p > 0.05) when analysed with the non-parametric pairwise Wilcoxon rank sum test (Table 5).

Therefore, there was a lack of association between alpha diversity measures (observed, Chaol

and Shannon) and PRSs.
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Figure 2. Alpha and beta diversity measure estimates between high and low PRS groups using (A)
observed, Chaol and Shannon alpha diversity measure estimates and (B) Bray Curtis dissimilarity
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Table 5. Statistical significance (p-values) of alpha and beta diversity indicators in high versus low
PRS groups

Alpha Diversity p-values Beta Diversity p-values
Comparison
Observed p- Chaol p- Shannon p- Bray-Curtis p-value
value value value
High PRS versus Low PRS 0.29 0.57 0.13 0.079

Bray-Curtis dissimilarity was used to quantify the dissimilarity between species inhabiting the
gut microbiomes of those of high and low polygenic risk. This was visualised using PCoA plots
(illustrated in Figure 2B) and statistical significance was calculated with PERMANOVA (p =
0.079), see Table 5. The differences observed in the PCoA plots between the high and low PRS
groups are suggestive of community differences between these groups. However, with the p-
value not being statistically significant (p > 0.05), definitive conclusions cannot be drawn on

associations between beta diversity and polygenic risk.

3.5 Differential Taxa Abundances between High and Low Polygenic Risk Groups

Overall, there were 17 unique phyla identified in the study cohort. The dominant phyla across
the cohort were the Firmicutes phylum with the greatest abundance, followed by Bacteroidota
(also referred to as Bacteroidetes) and Proteobacteria. The differences in abundances at the
phylum level show participants with high polygenic risk to have greater abundances of
Proteobacteria and lesser abundances of Bacteroidota compared to their low-risk counterparts
(Figure 3). Other phyla with much lower abundances include Cyanobacteria, which had
increased abundances in the high polygenic risk group, and Actinobacteriota with greater

abundances in the low-risk participants.

Through the use of DESeq2, differences were seen in abundances of the Bacteroidota,
Cyanobacteria, Desulfobacterota, Firmicutes, Proteobacteria and Verrucomicrobiota phyla
between high and low polygenic risk groups (Supplementary Figure 1A). However, these
differences were only observed at a = 1 with a level of confidence of 0. At a = 0.1, the only
differences observed were in the abundances of the Bacteroidota and Proteobacteria phyla
(Supplementary Figure 1B). This further suggests that there are differences in Bacteroidota and
Proteobacteria abundances between PRS groups. However, at o = 0.05, no statistically
significant taxonomic differences were identified between high and low PRS groups. Therefore,

no differences in taxonomic abundances were observed in the DESeq?2 analysis at phyla level.

13



1.00

Phylum
Actinobacteriota
Bacteroidota
Campylobacterota
Cyanobacteria
Desulfobacterota
Elusimicrobiota
Euryarchaeota

Fibrobacterota

Abundance
o
8

Firmicutes
Fusobacteriota
Patescibacteria
Proteobacteria
Spirochaetota
Synergistota
Thermoplasmatota
Verrucomicrobiota

WPS-2

0.00

High Low
Polygenic_Risk

Figure 3. Relative taxonomic abundances at phyla level across the high and low PRS groups

At genus level, the 15 most abundant taxa in the high and low polygenic risk groups were also
evaluated (Figure 4A, Supplementary Table 1). Seven genera were of the Firmicutes phylum,
along with six belonging to Bacteroidota and two genera of the Proteobacteria phylum. The
three most abundant genera in the high PRS group were Prevotella 9 (Bacteroidota phylum)
at a mean abundance of 19.07%, Succinivibrio (Proteobacteria phylum) at 11.40% and
Faecalibacterium (Firmicutes phylum) at 9.28%. However, those with low polygenic risk
possessed Bacteroides (Bacteroidota phylum) at a mean abundance of 15.54%, Prevotella 9 at
13.17% and Faecalibacterium at 8.13%, as the three most abundant genera. This suggests that
there are differences between the high and low polygenic risk groups at a genus level. In
addition to there being greater abundances of Bacteroides in the low PRS group, the Alistipes
genus was also observed at higher levels. In comparison, participants with high polygenic risk

had greater abundances of the genera Prevotella 9 and Succinivibrio.

The top 15 most abundant genera were further assessed by dividing PRS groups into high and
low BMI sub-groups (Figure 4B, Supplementary Table 2). The participants with high risk and
high BMI (High/High) had the greatest abundance of Prevotella 9 (19.23%), compared to the
low risk and low BMI (Low/Low) sub-group with the lowest Prevotella_9 abundance at 8.46%.
Prevotella 9 was the predominant genus in High/High (n = 37), High/Low (n = 7) and
Low/High (n = 28) sub-groups. On the contrary, the predominant genus in the Low/Low (n =
17) sub-group was Bacteroides (18.57%), found at higher abundances than in the other sub-
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groups. In the High/High sub-group there was a mean relative abundance of Bacteroides of
7.18%. The abundances of the Prevotella 9 and Bacteroides genera across sub-groups suggest
associations between the high PRS and high BMI participants with Prevotella 9, and the low
PRS, low BMI sub-group with Bacteroides. Thus, these two genera were considered as taxa of

interest.
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Figure 4. Taxonomic abundances comparing differential taxa abundances at a genus level for the 15
most abundant genera between (A) participants of high and low polygenic risk and (B) sub-groups of
high and low BMI within the high and low PRS groups. High/High are participants with high
polygenic risk and high BMI, High/Low are high risk and low BMI, Low/High are low risk and high
BMI, and Low/Low are low risk and low BMI.
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3.6 Identifying Discriminative Features of the Gut Microbiome

When BMI was used to evaluate differences that separate lean participants from the
overweight/obese group within the high and low PRS groups (n = 89), ten discriminative
features were found (Figure 5A). This was executed at the last known level of taxonomic rank,
often at genus level. Of the 10 discriminative features found, one discriminative feature was
detected in the lean group and nine were identified in the overweight/obese group. The
LachnospiraceaeAC2044group genus (Firmicutes phylum) was the most predominant taxon in
the lean BMI group. In contrast, in the overweight/obese group, the Gammaproteobacteria class
(Proteobacteria phylum) was most dominant. Discriminative features identified in the
overweight/obese group were largely of the Enterobacterales order (Gammaproteobacteria
class) which included other discriminative features, the FEnterobacteriaceae family and
Klebsiella genus. The Succinivibrio genus, of the Succinivibrionaceae family, also within the
Enterobacterales order, was also seen at its highest abundance in the High PRS/High BMI sub-
group (11.93%) compared to the other sub-groups (Figure 4B, Supplementary Table 2).

A Il Lean W Overweight_Obese

1 2 5
LDA SCORE (log 10)
B N Case [ Control

Morganellaceae
_Eubacterium_xylanophilumy

5 -4 -3 -2 -1 0 1 2 3 4
LDA SCORE (log 10)

Figure 5. Linear discriminant analysis effect size at the level of last known taxonomic rank, between
(A) lean and overweight/obese BMI groups, where red is taxa over-represented in the lean group, and
green is taxa overrepresented in the overweight/obese group and (B) high (cases) and low (control)
PRS groups, with red representing taxa that are overrepresented in cases and green being controls. NA
is an unclassified genus within the VadinBE97 family.

Additionally, a comparison was undertaken to identify discriminative features between high
and low PRS groups. As a result, 12 significantly discriminative features were detected (Figure
5B). Nine features were overrepresented in the low PRS (control) group, compared to three
features in the high PRS (case) group. Regarding Bacteria, the Morganellaceae tamily

(Proteobacteria phylum, Gammaproteobacteria class) was the most predominant taxon in the
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low PRS group, while the Roseburia genus (Firmicutes phylum) was most predominant in the
high PRS participants. However, the low polygenic risk group was also observed to possess
discriminative abundances of Archaea, specifically the Thermoplasmatota phylum (also
referred to as Euryarchaeota). Thermoplasmatota encompasses other discriminative features

that were identified, including the Thermoplasmata class and Methanomassiliicoccales order.

Through comparison of Figure 5A and 5B, it can be deduced that VadinBE97 is overrepresented
in both the overweight/obese and high polygenic risk groups. VadinBE97 (including NA, an
unclassified genus of VadinBE97) is a family in the Verrucomicrobiota phylum (Lentisphaeria
class, Victivallales order). VadinBE97 was included at a family level. This was the last known
taxonomic rank and there has been no further classification at genus or species level. Since
VadinBE97 was a discriminative feature of both overweight/obese and high PRS groups, which

is suggestive of possible associations, it was selected as a taxon of interest.

3.7  Analysis of Taxa of Interest with Polygenic Risk and Body Mass Index

Overall, three taxa of interest were identified and selected for multiple linear regression
modelling (BMI ~ PRS + abundance of taxa of interest). The taxa of interest were the
Prevotella 9 genus, Bacteroides genus, and the VadinBE97 family. No interactions were
identified as statistically significant between polygenic risk and the taxa of interest alone (Table
6). However, a statistically significant interaction was observed for the Prevotella 9 genus
when including BMI in the regression model, p = 0.0139. Therefore, these results are suggestive
of there being an interaction between BMI, PRS and Prevotella 9, as well as suggesting that

factors, other than host genetics, influence BMI in this study cohort.

Table 6. Statistical parameters of linear regression models with BMI as the dependent variable and
relative abundances of taxa of interest and PRS as independent variables

Multiple R’ Adjusted R’ p-value
Prevotella_9 Abundance ~ PRS 1.19¢® -0.0116 0.9745
BMI ~ PRS + Prevotella_9 Abundance 0.0957 0.0744 0.0139
Bacteroides Abundance ~ PRS 0.0081 -0.0034 0.4040
BMI ~ PRS + Bacteroides Abundance 0.0974 0.0762 0.0697
VadinBE97 Abundance ~ PRS 0.0006 -0.0110 0.8240
BMI ~ PRS + VadinBE97 Abundance 0.0173 0.0128 0.0911

4 Discussion

There is a paucity of studies exploring the interactions between host genetics and the gut
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microbiome in obesity. This dearth of study data is especially true for African populations
where this topic has not previously been investigated. Therefore, this study aimed to identify
possible associations between host genomes, using a PRS predictive of BMI in this study
cohort, and gut microbiota in a female African population. To achieve this, PRS generation and
assessment was performed on the AWI-Gen phase 1 genotype data, and gut microbiome
analysis was carried out on the corresponding AWI-Gen microbiome pilot study 16S rRNA

sequence data.

The genetic contribution to obesity has been widely studied, including identifying SNPs
associated with obesity and obesity-related traits (Cuevas-Sierra et al., 2020). However,
developing PRSs that are transferable across different ancestries (including those for obesity-
related traits, such as BMI) need to include discovery datasets of diverse populations (Cavazos
and Witte, 2021). Therefore, as expected, the PRS found to be the most predictive of BMI
measures in the study cohort was the PRS generated with MAMA summary statistics, R? =
0.0665 and p = 0.0014 (Table 4, Figure 1). The MAMA PRS included a discovery dataset of
participants from the United Kingdom Biobank (UKBB), the Japan Biobank, the African
Partnership for Chronic Disease Research (APCDR) initiative and the Population Architecture
using Genomics and Epidemiology (PAGE) Consortium. Thus, MAMA included cohorts of

European, Asian, African and multi-ethnic descent, respectively.

PGS001228 (Tanigawa et al., 2022) was also predictive of BMI, while PGS001943 (Privé et
al., 2022) had a poor predictive performance. Both the PGS001228 and PGS001943 PRS had
discovery datasets of only European participants from the UKBB. Tanigawa et al. (2022)
pointed out that PGS001228 suffered limited transferability in African cohorts for quantitative
traits, such as BMI. Out of the four cohorts that transferability was assessed on, the African
cohort had the lowest transferability of PGS001228, y = -0.145x (Tanigawa et al., 2022).
Similarly, Privé ef al. (2022) assessed the transferability of PGS001943 on nine ancestral
groups included in the UKBB, including an African ancestral group from Nigeria. It was found
that the PRS was least predictive in the African cohort when compared to other ancestries, with
a predictive performance of ~ 18% (Privé et al., 2022). Factors that greatly influence the
predictability and transferability of PRSs across ancestries include, but are not limited to,
populational differences in linkage disequilibrium, SNP selection for the PRS calculations,
populational allele frequencies, and different causal variants across populations. With regard to
BMI, European-based PRSs with accuracies of 70-80% have been unable to predict BMI

accurately in African cohorts (Cavazos and Witte, 2021), accounting for the lack of
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transferability of PGS001943 in this study. These findings show that PRSs with discovery
datasets from multiple ancestries are better predictors of BMI in an African cohort. Therefore,

MAMA was more predictive and allowed for more accurate downstream analyses.

Unlike the well-documented evidence supporting genetic variation as a driver for obesity, many
associations identified between gut microbiota and obesity remain inconclusive (Cuevas-Sierra
et al., 2020) and inconsistent. Within this study cohort, at phylum level, the participants with
high PRS exhibited higher levels of Proteobacteria and decreased abundances of Bacteroidota
compared to the low polygenic risk group (Figure 3). Proteobacteria is one of the four most
predominant phyla in the gut microbiome and has been the phylum most consistently associated
with obesity, as reviewed by Xu et al. (2022). Additionally, Proteobacteria has been proposed
as a microbial signature of dysbiosis (Rizzatti et al., 2017). This phylum is divided into six
classes, one of which being Gammaproteobacteria, a discriminative feature identified in
overweight/obese study participants (Figure 5A). One of the other four most populous phyla,
Bacteroidota, has been largely associated with leanness (Xu et al., 2022). However, this phylum
encompasses genera of microbial taxa that have been both obesity- and lean-associated,

including two taxa of interest, Prevotella 9 and Bacteroides.

An inverse relationship in the abundances of Prevotella and Bacteroides was revealed when
comparing phyla between high and low PRS groups (Figure 4A). Interestingly, Prevotella has
been previously associated with diets high in carbohydrates and fiber, while Bacteroides have
been reported to be predominant in individuals with a protein-rich Western diet (de Filippis et
al., 2016; Hjorth et al., 2019). Study participants from Agincourt are more likely to have the
former diet dominated by carbohydrates and fibers due to rural and peri-urban lifestyles.
Conversely, Soweto participants are more likely to be influenced by Western diets. Therefore,
it could be assumed that environmental differences, such as diet, are confounding factors
influencing taxonomic abundances at a genus level. However, both the low and high PRS
groups have an equal number of Soweto participants (n = 11) and approximately the same
number of Agincourt recruits (n = 33 and 34, respectively). Therefore, it is suggested that

Prevotella and Bacteroides abundances may be affected by factors other than diet.

The Prevotella 9 genus was found to have significant associations with the High PRS/High
BMI sub-group (n = 37). Additionally, Prevotella 9 was the predominant genus in three sub-
groups: High/High (with a mean abundance of 19.23%), High/Low (18.22%) and Low/High
(15.87%), see Supplementary Table 2. The Low PRS/Low BMI sub-group had a significantly
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lower mean abundance of Prevotella 9 (8.46%) when compared to the other sub-groups. This
evidence suggests a non-additive interaction between these factors, in addition to the significant
association identified, p = 0.0139 (Table 6). However, host genetics does not seem to be driving
the interaction demonstrated, as the association only becomes significant when adjusted for
BMI. Additionally, high BMI seems to be associated with increased Prevotella 9 abundance,
as indicated by Oduaran et al. (2020). In line with these findings, the Prevotellaceae tamily
(including the Prevotella genus) has previously been associated with women possessing high
PRSs and high BMI (Cuevas-Sierra et al, 2020). In the aforementioned study, it was
demonstrated that the PRS proposed by the authors interacted with Prevotellaceae.
Additionally, abundances of Prevotellaceae and Prevotella have also previously been
associated with obesity and there have been reports of host genetics influencing abundances of
Prevotella_7 and Prevotella 9 (Wells et al., 2020). Even though this relationship between host
genetics and Prevotella has been observed previously, causality could not be ascertained in this

study, which may be due to gut microbiome construction or small sample size.

On the other hand, the Bacteroides genus has been reported to have contradictory associations
to lean and obese cohorts (Xu et al. (2022)). There was a mean Bacteroides abundance of
18.57% in the Low PRS/Low BMI sub-group, compared to 7.18% in High/High participants
(Supplementary Table 2). Additionally, the High/Low and Low/High sub-groups possessed
intermediate mean abundances of 9.66% and 13.82%, respectively. As the polygenic risk and
the BMI of participants increases, there appears to be a steady decrease in the abundance of
Bacteroides, possibly suggesting an additive effect. Additionally, the results of the multiple
linear regression suggest that there is a moderate association between Bacteroides with low
polygenic risk and low BMI participants (n = 17). However, this association is moderate and
not of statistical significance, p = 0.0697 (Table 6), which may be due to small sample size and
subsequent loss of power. Therefore, PRS and abundances of Bacteroides are likely
independent factors with an additive effect on BMI, which is not suggestive of an interaction

between these factors.

Linear discriminant analyses of the lean versus overweight/obese groups (Figure SA) revealed
that the Gammaproteobacteria class and Enterobacterales order were most predominant in the
overweight/obese group. The Enterobacteriaceae family within the Enterobacterales order,
including the Klebsiella genus, were also discriminant features of high BMI (overweight/obese)
participants. Additionally, the Succinivibrio genus of the Succinivibrionaceae family, in the

same order, was also seen at a greater abundance in participants with high PRS (Figure 4A).

20



Previous studies have supported that gram-negative bacteria, including Enterobacterales order,
are associated with obesity (Narayanan et al., (2021)). Additionally, LEfSe results identified
the VadinBE97 family (Verrucomicrobiota phylum) as a discriminative feature of both the high
PRS cases and the overweight/obese group (see Figure SA and 5B). This resulted in VadinBE97
being included as a taxon of interest as there were possible interactions between high PRS, high
BMI and VadinBE97. This family has not previously been associated with host genetics or
obesity; however, this study found moderate associations with high PRS and high BMI
participants, p = 0.0911 (Table 6). Another taxon within the Verrucomicrobiota phylum, the
Akkermansia genus, has previously been associated with obesity and linked to host genetics,
specifically the rs4894707 variant (Davenport ef al., (2015)). On the contrary, this association
has been contradicted by findings that have categorised this taxon as lean-associated (Xu et al.,
2022), highlighting the need for more research investigating gut microbiota and obesity

associations.

Overall, the findings of this study provide support that there are gut microbial differences
between high and low polygenic risk groups in an obese female African cohort. Furthermore,
this study supported the idea that African females with high BMI and high polygenic risk are
significantly associated with Prevotella 9, which was only observed when incorporating BMI
into the regression model. Additionally, high BMI and high-risk individuals were moderately
associated with VadinBE97. By contrast, the low BMI and low polygenic risk sub-group was
moderately associated with greater Bacteroides levels. However, these findings must be further

explored in much larger sample sizes to form robust associations.

Potential Shortcomings and Study Limitations

The most pertinent limitation of this study is that of the sample size and the study, consequently,
not being sufficiently powered. Due to the small sample size of 149 participants in the cohort
and the 89 participants included in the combined high and low polygenic risk groups, the study
was not adequately powered to pick up robust associations. Therefore, the interactions
identified would need to be further explored with a larger sample size for novel associations to
be discovered. Additionally, it is important to note that the four sub-groups did not have an
equal distribution of study participants. The High PRS/High BMI subgroup was the largest sub-
group, comprising 37 participants. The Low PRS/High BMI sub-group had 28 participants, the
Low PRS/Low BMI sub-group had 17 and High PRS/Low BMI sub-group was
underrepresented with seven participants, ranking in as the smallest sub-group. This may have

influenced the findings of this study. Therefore, there should also be an attempt, when
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increasing the cohort, to have equal or similar numbers of stratified participants, particularly

for the microbiome analysis.

Although the PRS was predictive of BMI in the population, there are limits to the ability of a
PRS to include all BMI-associated SNPs, specifically in populations of African ancestry that
have been significantly understudied. Furthermore, African populations are underrepresented
in human microbiome studies and much less is known about gut microbiota associations with
obesity in individuals of African ancestry. The study participants came from two distinct types
of settlements, the transitioning rural and peri-urban settlement of Agincourt and the urban
settlement of Soweto. These environmental differences, as well as dietary intake, were not
considered and left a potential for confounding differences between rural and urban gut
microbiota. Obesity is also influenced by other environmental factors and can be measured by
anthropometric measures other than BMI, which were not accounted for in this study. Finally,
major time constraints hindered other analyses from being performed on the genotype and
microbial data, including exploring other avenues of gut microbial analysis. This includes, but
is not limited to, confirming findings with the AWI-Gen microbiome pilot study’s metagenomic
shotgun sequencing data, as shotgun sequencing data is more comprehensive than 16S rRNA
sequencing. Furthermore, due to time constraints, other statistical analyses were not performed

to further assess the interactions between PRS, BMI and taxa of interest.

Future Studies and Considerations

Since a larger sample size is required for robust associations to be demonstrated between host
genetics and gut microbiota composition, this study could be extended to larger cohorts. This
will allow for higher-powered studies and the identification of more robust associations. To
possibly pick up stronger associations with host genetics, this study could be expanded to a
cohort comprising children and adolescents, as the environmental impact would be less
pronounced. This may be valuable in understanding the progression of obesity. Additionally,
other anthropometric measures of obesity, other than BMI, and health metrics that influence
obesity could be included for a more holistic analysis. Whole shotgun metagenomic sequencing
could be used in conjunction with, or in place of, 16S rRNA sequencing for microbiome
analysis. This would allow for a more comprehensive taxonomic characterisation (Brewster et
al., 2019), as shotgun sequencing can better identify less abundant taxa and enhance the
prediction of taxonomic content. Furthermore, this study could be extended to assess previously
identified associations between SNPs and abundances of taxa of interest, such as rs4894707

and Akkermansia or rs878394 and Prevotella, in the AWI-Gen microbiome pilot study cohort.
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Both the rs4894707 and rs878394 variants were included on the Illumina’s Infinium™
H3Africa SNP Genotyping Array vl used for genotyping in AWI-Gen phase 1. Additionally,
these associations were identified in a German founder population of European ancestry and a
cohort of Asian ancestry, respectively (Davenport et al., 2015; Li et al., 2018), and have not

been investigated in individuals of African ancestry.

The downstream action of studies such as this, would primarily provide mechanistic insights
into the knowledge of associations between host genetics and gut microbiota. This will deepen
understandings of gut microbiota associated with obesity, specifically in an African context.
Therefore, it could lead to a greater comprehension of which microbes to reduce or eliminate
in disease states, such as obesity. Furthermore, data collected in this field could aid in alleviating
the public health burden of obesity on the African continent and contribute to possible

therapeutics and targeted healthcare intervention strategies.

5 Conclusion

This study informed the interaction between host genetics and gut microbiota, explored using
SNP array genotyping and 16S rRNA microbiota data. Firmicutes was identified as the
dominant phylum in both high and low polygenic risk groups. However, low PRS participants
were found to possess greater abundances of the Bacteroidota phylum, while the high PRS
group had greater levels of Proteobacteria. Although limitations in sample size hindered the
identification of robust associations between these two driving factors of obesity, interactions
were identified. These included a significant association and potential interaction between the
high polygenic risk and high BMI participants with Prevotella 9 and a moderate association
between the low polygenic risk and low BMI sub-group and the Bacteroides genus.
Additionally, VadinBE97 was found to be a discriminative feature in overweight/obese and
high polygenic risk groups. Overall, there were no associations detected between mean
abundances of the taxa of interest, Prevotella 9, Bacteroides and VadinBE97, with PRS alone.
However, due to the small sample size and subsequent lack of robust associations identified,
this study should serve as a model for future research exploring relationships between host

genetics and gut microbiota.
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Supplementary Figure 1. Volcano plots generated using DESeq2 to compare differential
abundance between case and control sub-cohorts at (A) o = 1 and (B) o = 0.1
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Supplementary Table 1. Taxonomic abundances (%) for the top 15 most abundant taxa between high
and low polygenic risk groups

Taxonomic Abundances of Top 15 Genera in PRS Groups (%)

G High PRS Low PRS
enus

(n=44) (n=45)
Alistipes 0.91 3.63
Bacteroides 7.57 15.54
Christensenellaceae R-7 group 2.74 2.99
Faecalibacterium 9.28 8.13
Lachnospiraceae NK4A4136 1.79 1.38
group
Parabacteroides 1.31 2.18
Prevotella 2.16 1.71
Prevotella 9 19.07 13.18
Rikenellaceae RC9 Gut Group 2.00 2.22
Ruminococcus 2.26 1.28
Subdoligranulum 1.51 1.68
Succinivibrio 11.40 4.97
Sutterella 1.61 1.69
UCG-002 4.43 4.75
UCG-005 3.57 1.96
Total % of Gut Microbiota 71.61 67.29

Composition Accounted For
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Supplementary Table 2. Taxonomic abundances (%) for the top 15 most abundant taxa between high
and low body mass index participants within the high and low polygenic risk groups

Taxonomic Abundances of Top 15 Genera in Sub-Groups (%)

High PRS/High  High PRS/Low  Low PRS/High  Low PRS/Low

Genus

BMI (n = 37) BMI (n=7) BMI (n = 28) BMI (n=17)
Alistipes 0.82 1.36 2.72 5.22
Bacteroides 7.18 9.66 13.82 18.57
Christensenellaceae R-7 group 2.74 2.73 3.27 2.51
Faecalibacterium 9.29 9.24 9.21 6.25
Lachnospiraceae NK44136 1.90 1.22 1.33 1.45
group
Parabacteroides 1.20 1.90 2.14 2.25
Prevotella 2.26 1.64 1.75 1.65
Prevotella 9 19.23 18.22 15.87 8.46
Rikenellaceae RC9 Gut Group 2.00 1.99 2.71 1.36
Ruminococcus 2.03 3.48 1.48 0.92
Subdoligranulum 1.31 2.53 2.02 1.07
Succinivibrio 11.93 8.60 4.11 6.48
Sutterella 1.60 1.67 2.20 0.78
UcaG-002 4.32 5.00 4.59 5.04
UcG-005 3.46 4.14 2.04 1.83
Total % of Gut Microbiota 71.27 73.38 69.26 63.84

Composition Accounted For
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SYNOPSIS OF RESEARCH CONTINUED:

Introduction:

The rapid increase in obesity worldwide has resulted in a need to better understand the aetiologies of
this public health burden, including factors such as single nucleotide polymorphisms (SNPs) within
host genetics, specifically those in FTO, MC4R and SEC16B genes, and gut microbial taxa like
Bacteroidetes and Firmicutes. Associations between obesity- and body mass index (BMI)-related
SNPs and the gut microbiome (GM) do exist and need to be evaluated further, specifically in African
populations. This is because few associations have been found to be statistically significant at a
genome-wide level and little is known about this interaction and the GM in an African context.
Therefore, the aim of this study is to evaluate associations between BMI-related SNPs and gut
microbial composition in an African population, with the research question of whether BMI-related
SNPs show a pattern of association to gut microbial composition.

Justification for Study:

Although previous studies have been undertaken to determine the association between BMI-related
SNPs and microbial taxa within the GM, many associations have not been found to be statistically
significantat a genome-wide level. Furthermore, the interaction of host genetics and the GM is largely
understudied in African populations. Research has independently implicated BMI-related SNPs, as
well as abundances of certain bacterial taxa inhabiting the GM in the development of obesity.
Therefore, the relationship between these two factors needs to be explored further. Identifying
potential interactions will provide further insight into understanding the aetiology of obesity, which
will improve precision medicine interventions.

Aim:
To evaluate the interaction between BMI-related SNPs within host genomes and gut microbial
compositions in a female African population to identify possible associations.

Proposed Methodology:

1. Construct a genetic risk score using BMI as a continuous phenotypic trait based on an approach
trained and validated on the AWI-Gen dataset, excluding the samples used in this study, and to
apply it to the genotype data of the study participants.

2. Stratify the participants based on low- and high- genetic risk scores (GRS) and use a linear
discriminant analysis effect size (LEfSe) to compare categories of microbial taxa present
between the groups.

3. Use zero-inflated Gaussian analyses (metagenomeSeq) to assess microbial taxa that differ
significantly in abundance between the low- and high-GRS samples.

4. Use general linear regression (GLR) to evaluate potential interactions between microbial
taxa of interest and low- and high- GRS constructed using BMI as a continuous trait, as well
as between microbial taxa of interest and BMI

Expected Outcome/s:

Through the data obtained from this study, knowledge of the association between host genetics and
the GM will be improved. This, in turn, will provide a greater insight into the genetics of African
populations. Furthermore, Africans will benefit from the study against the public health burden of
obesity, as this study will contribute to more targeted healthcare intervention strategies in the future.

i
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1. Background Literature Analysis and Critique
1.1.  Introduction

Obesity is a public health burden that is dramatically increasing worldwide. The incidence of
obesity was believed to be primarily prevalent in developed countries; however, it has since
been found to be a growing problem in the developing world. In Southern Africa, a region that
is heavily affected by this epidemic, the rise in obesity has adversely influenced mortality and
morbidity through the increased incidence of non-communicable diseases. This rapid increase
in obesity has been reflected in the rise in body mass index (BMI) (Cois & Day, 2015), which
serves as one of the many anthropometric measures used to assess obesity. The aetiologies
influencing obesity are complex and not well understood, but multiple driving factors have
been implicated, including environmental factors, such as unhealthy diet and lifestyle choices,
as well as genetic factors (Cuevas-Sierra et al., 2019). Single nucleotide polymorphisms
(SNPs) form part of the genetic aetiology, whereby predispositions to obesity and weight gain
have been linked to the accumulation of variants in many different genes, including fat mass
and obesity-associated (F70) and melanocortin 4 receptor (MC4R) genes. Furthermore, the
gut microbiome (GM) has been implicated in obesity, where dysbiosis, a disruption in the
homeostasis of the microbiome, has been observed in affected individuals (Hall et al., 2017).
Through genome-wide association studies (GWAS) and analyses of gut microbiota, it has been
demonstrated that there are differences between gut microbial composition and genetic
variation in overweight and obese individuals, compared to their underweight, lean, or normal
weight counterparts. However, few of these associations between obesity and BMI-related
SNPs and gut microbial taxa have been found to be statistically significant at a genome-wide
level (Cuevas-Sierra et al., 2020). Subsequently, there is a large discrepancy in the number of
studies, such as these, undertaken in African populations. Therefore, these associations need to

be further evaluated, specifically in an African context.
1.2.  Polymorphisms Present in Host Genetics Implicated in Obesity

Obesity is a complex and multifactorial disease that is influenced by environmental, genetic
and epigenetics factors, as well as microbial determinants (Thaker, 2017). Large-scale studies,
such as GWAS, have been used to identify host genetic variants that are common in cases of
childhood and adult obesity. Although well-documented, the frequency of many of these
variants are not sufficient in explaining the observed prevalence of obesity within the general
population (Schlauch et al., 2019). Some SNPs are located near genes that have uncertain roles

in obesity while others are associated with genes that influence biological pathways implicated
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in metabolism and dietary behaviour. As such, it is known that the genetic contribution to the
common obesity phenotype is highly polygenic and heritable in nature (Khera et al., 2019).
Therefore, there is limited ability to predict obesity through analysing single variants, as the
accumulation of multiple SNPs at different loci interact to produce an additive effect, where
each SNP partially contributes to the total risk of developing obesity based on their effect size.
This makes the calculation of a polygenic risk score (PRS) or genetic risk score (GRS) useful
in determining genetic predispositions to obesity (Chalazan et al., 2021).

1.2.1. Obesity and BMI-Related SNPs found in Literature

Genome-wide association studies for anthropometric measures, such as BMI, adiposity, and
hip-to-waist ratio have identified more than 300 SNPs to be associated with obesity, as
reviewed by Goodarzi (2018) (see Figure A1 for the genes found to be associated with obesity-
related traits). In research undertaken by Chalazan et al. (2021), 26 variants significantly
associated with BMI and obesity in individuals of European ancestry were genotyped to
identify associations in African Americans. In this study, it was found that a variant in the F70O
gene, rs8050136, was associated with obesity in that population. However, once the p-values
were corrected for multiple testing using the Bonferroni correction, the SNP was no longer
significant. Additionally, in a study done by Cuevas-Sierra et al. (2020) on a Spanish cohort,
95 SNPs that related obesity and high BMI predisposition were selected and genotyped. These
SNPs were identified through an exhaustive literature review and spanned over 54 genes,
including variants from the F70O, MCR4 and SECI6B genes. The SNPs found to most

statistically associated with BMI in this Spanish cohort were then used to construct a GRS.
1.2.2. African-Specific Obesity/BMI-Related SNPs

As discussed in a review by Yako et al. (2015), more than 300 polymorphisms located in 42
different genes have been evaluated in African populations using candidate gene approaches.
However, using GWAS, only SNPs detected in FTO and MC4R genes were identified as
significantly associated with obesity in South African, Nigerian, and Ghanaian individuals of
African ancestry (Yako et al., 2015). The FTO gene is one of the genes that has been most
strongly associated with obesity in humans, specifically SNPs positioned within the first and
second introns. The association between FTO variants and obesity has been confirmed in
multiple studies, both in independent studies and large GWAS, as reviewed by Zarza-Rebollo
et al. (2021). The SNP that has been studied in the greatest depth is 1s9939609, an alternative
A allele, which has been associated with weight gain and obesity. Variants that are present in

the MC4R gene influence the functioning of the MC4R protein, which is a transmembrane
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protein that is expressed in high levels in the hypothalamus, the region of the brain that controls
appetite (Thaker, 2017). These MC4R variants have been found to influence early-onset
obesity. In addition, associations between the anthropometric measure of body composition
and the SEC16 homolog B, endoplasmic reticulum export factor (SEC16B) gene have been
made, where the rs543872 variant has been linked to increased percentage body fat. In South
African individuals of African ancestry, intergenic variants upstream of the SECI/6B locus,
such as the rs6664269 SNP, were found to have suggestive associations to body composition
(Sahibdeen et al., 2018). Unfortunately, the studies that have been undertaken have proven to
be insufficient in establishing the true nature of obesity-related SNPs in African populations,
and more GWAS need to be performed (Yako et al., 2015).

1.2.3. Genetic Risk Scores Associated with BMI

Due to the multigenic nature of obesity, a polygenic predictor such as GRS, can be utilised to
quantify disease susceptibilities as a single quantitative measure (Khera et al., 2019). Based on
the study done by Cuevas-Sierra et al. (2020), a GRS was calculated using 10 SNPs determined
to be strongly associated with obesity and BMI. SNPs were summed depending on which “risk”
or “non-risk” alleles participants possessed using an unweighted approach (Cuevas-Sierra et
al., 2020). However, other methods of GRS construction, such as using the aggregation of risk
alleles from thousands of candidate SNPs with corresponding effect sizes calculated from
GWAS, have great utility in quantifying susceptibility to obesity and BMI. A method of GRS
calculation incorporating the latter approach will be used for the purpose of this study.

1.3. The Human Gut Microbiome and Obesity

The GM is composed of microbial bacteria, archaea, fungi, and viruses that reside mainly in
the large intestine (including the colon, rectum, and anus). The microorganisms have many
functional roles, which include energy extraction from carbohydrates, vitamin production,
prevention of pathogen colonisation in the gut and immune system homeostasis (Hall et al.,
2017). Alterations in the composition of gut microbial taxa and GM dysbiosis have been
associated with pathogenesis in various organ systems, including cancers, metabolic diseases,
and obesity. Since the GM has been proven to affect the progression of obesity, it has been
suggested that it may be a vital component in weight control, balancing energy homeostasis
and regulating host metabolism (Cuevas-Sierra et al., 2019; Kim et al., 2019). It has also been
suggested that gut microbiota influence how nutrients are harvested and digested in the gut and
affect inflammation and the functioning of intestinal barriers, which could contribute to the

development of obesity.
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1.3.1. The Biology of the Gut Microbiome

Gut microbiota have a commensal and mutually symbiotic relationship with human hosts, for
whom homeostatic balance is highly beneficial (Cuevas-Sierra et al., 2019). Conversely, when
there is dysbiosis in gut microbial composition, there is a drastic imbalance between the
beneficial and harmful microbial taxa present in the gut. This may result in disease due to either
loss of beneficial microbial taxa, excessive growth of potentially harmful bacteria or a decrease
in microbial diversity. In healthy individuals with a normal GM, the primary microbial phyla
that inhabit the gut are Actinobacteria, Bacteroidetes and Firmicutes, with phyla including
Cyanobacteria, Fusobacteria, Proteobacteria and Verrucomicrobia being less abundant
(Chakraborti, 2015; Kim et al., 2019).

1.3.2. Microbial Taxa Previously Identified in Obese Individuals

Gut microbiota in models of obesity tend to show decreased microbial diversity. In the GM of
obese individuals, studies have shown a reduction in the abundance of Bacteroidetes and a
proportional increase in Firmicutes, resulting in a greater Firmicutes/Bacteroidetes ratio. This
promotes energy storage in adipose tissues within the host, because Firmicutes are actively
involved in the metabolism of glucose and lipids (Kim et al., 2019; Stephens et al., 2018).
Furthermore, an increased level of Actinobacteria and decreased levels of Bifidobacterium
have been identified in obese individuals (Chakraborti, 2015; Kim et al., 2019). Cuevas-Sierra
et al. (2020) discovered in the Spanish cohort that Prevotellaceae, including the Prevotella
genus, was the most predominant bacterial taxon in individuals with high GRS. In contrast,
individuals with a low GRS had greater abundances of members of the Bacteroides phylum.

1.3.3.  Gut Microbiome Research in Africa

Research on the human microbiome, including the GM, have been covered extensively in
populations in developed countries; however, there are large knowledge gaps regarding human
microbiomes in African populations, as reviewed in Allali et al. (2021). Through studies being
undertaken in collaborations such as the H3Africa consortium’s AWI-Gen project, which
includes this study, increased knowledge, and a greater understanding of gut microbial
composition in Africans will be achieved. H3Africa includes a project, H3ABioNet, which has
set in motion many initiatives allowing African scientists to conduct microbiome studies
focusing on African populations (Allali et al., 2021).

In many understudied populations, with the AWI-Gen study population in South Africa serving
as an example, there is an epidemiological transition from rural to peri-urban and urban, in

which diet and geographical location is influencing the GM of the population. Oduaran et al.
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(2020) analysed the same datasets as those that will be used in this study, using collected stool
samples from 170 HIV-negative African women to generate 16S ribosomal RNA (rRNA)
datasets to characterise and profile their gut microbial composition. The 16S rRNA gene is a
highly conserved collection of 9 hypervariable regions that can be used to identify, and
subsequently quantify different microbial taxa inhabiting the GM (Di Segni et al., 2018). In
both rural and urban populations, Prevotella was found to be associated with obesity, as it had
a higher relative abundance (Oduaran et al., 2020). Strains of Prevotella have been linked to
several human diseases due to bacteria’s abilities to promote chronic inflammation. Therefore,
Prevotella could potentially be a pathobiont. However, it has been suggested that its effect is
beneficial or detrimental, depending on diet and lifestyle (Oduaran et al., 2020).

1.4. Exploring Interactions Between Host Genetics and the Microbiome

Genome-wide association studies using microbiome variation as a complex trait have identified
genes that are associated with microbe-polymorphism interactions (Luca et al., 2018). The
traits of microbial taxa have been found to affect the host physiology and is often considered
as a form of environmental exposure, as it can elicit regulatory responses within the host
organism and alter host gene regulation. Subsequently, studies performed on mice have shown
that the genotypes of hosts have important roles in the regulation of microbial composition
(Abdul-Aziz et al., 2016). Expression quantitative trait loci (eQTL) have been connected to the
microbiome as eQTLs may be implicated in gene regulation modified by host-microbiome
relationships (Luca et al., 2018). Additionally, studies on the co-evolution of the microbiome
and the human genome using ancient DNA have shown that the changes in interactions over
generations can be analysed to determine the extent of host genetics in shaping the GM (Abdul-
Aziz et al., 2016). An extensively documented example of an interaction between host genetics
and the GM, that is unrelated to obesity, is the lactase (LCT) gene and Bifidobacterium
(Cuevas-Sierra et al., 2020). LCT affects lactase persistence and enables lactose consumption,
which has been associated with abundances of Bifidobacterium, an inheritable bacterial taxon

that correlates to host LCT genotypes.
1.5.  Previously Identified Interactions Between SNPs and the Gut Microbiome

Human beings are more than 99% similar in their genomic makeup, but their overall microbial
composition varies by approximately 80-90% (Stephens et al., 2018). The host genetics of an
individual affects the chemical and physical makeup of the GM; therefore, genetic variation
partly accounts for the dramatic differences in the GM between individuals, as reviewed by

Hall et al. (2017). Several studies support that host genetics are involved in shaping the GM as
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it influences GM structure, diversity, and composition. Through a GWAS undertaken by
Davenport et al. (2015), an association was identified between a variant (rs4894707) located
near the phospholipase D1 (PLDI) gene and obesity-related microbial genus, Akkermansia.
Furthermore, the rs4894707 variant has been associated with BMI. Similarly, an abundance in
the Prevotella genus has been found to have significant association to the rs878394 variant in
the lysophospholipase-like 1 (LYPLALI) gene, which is involved in the distribution of body
fat (Cuevas-Sierra et al., 2019). However, even though some SNPs, such as variants detected
in the FTO gene, have been associated with an abundance of microbial taxa, few associations
such as this, have been identified as significant at a genome-wide level (Cuevas-Sierra et al.,
2020). Therefore, the aim of this study is to evaluate associations between obesity-related SNPs
and gut microbial composition in an African population, with the research question of whether

BMI-related SNPs show a pattern of association to gut microbial composition.
2. Aim and Objectives
2.1. Aim

To evaluate the interaction between BMI-related SNPs within host genomes and gut microbial
compositions in a female African population to identify possible associations.
2.2. Objectives

1) To construct a GRS based on a method trained and validated on the AWI-Gen dataset,
excluding the samples used in this study, and to apply it to the genotype data of the
study participants.

2) To analyse the 16S rRNA sequence dataset to determine GM compositions in samples
stratified as low- and high-GRS and based on BMI measurements to identify taxa of
gut microbiota present.

3) To evaluate potential interactions between microbial taxa of interest and GRS, as well
as microbial taxa of interest and BMI, using general linear regression (GLR) models.

3. Methods

3.1.  Study Participants and Sites of Study

The study cohort comprises 170 African females that were previously recruited for the AWI-
Gen I and microbiome pilot studies. A cohort subset of 119 individuals were recruited from
Bushbuckridge located in Mpumalanga (24.8398°S, 31.0464°E), a community encompassing
a collection of transitioning rural and some peri-urban settlements. This cohort is managed by
the Rural Public Health and Health Transitions Research Unit of the Medical Research Council
and the University of the Witwaterstrand (MCR/Wits Agincourt Unit). The other subset were
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51 individuals from Soweto (26.2485°S, 27.8540°E), an urban settlement in Johannesburg.
This cohort is managed in Gauteng by the SAMRC/Wits Developmental Pathways for Health
Research Unit (DPHRU). The study participants had blood drawn for genotyping in the AWI-
Gen I study, and their stool samples were collected and underwent gut microbial analysis
during the microbiome pilot study. Sample collection was done by the Agincourt Health and
Demographic Surveillance Site (HDSS) and the DPHRU.

3.1.1. Inclusion and Exclusion Criteria

Study participants within the Bushbuckridge and Soweto communities that were included in
this study were recruited in the forementioned AWI-Gen studies. To minimise confounding
effects, such as sex, all the samples used were collected from African females. Subsequently,
samples obtained from individuals that tested positive for HIV and two samples with collection
irregularities were excluded from this study. The cohort age (years) demographics and

anthropometric indicator, BMI (kg/m?), used for this study, are visualised in Table 1.

Table 1. The age (years) and BMI (kg/m?) distributions of the cohorts (Oduaran et al., 2020).

Cohort Mean + Standard Deviation Median Range
Bushbuckridge 55.10+7.77 55 43 -72
Age Soweto 54.10 + 5.86 54 43 - 64
Bushbuckridge 32.60 +7.95 31.17 21.23 - 58.97
BMI Soweto 36.05+9.23 36.52 20.43- 58.62

3.1.2. Control and Case Participants

The control participants are the study participants that have BMI in the underweight and lean
categories (< 25.0 kg/m?), which includes 30 individuals. Conversely, the case participants are
those that are of overweight (25.0-29.9 kg/m?) and obese (> 30.0 kg/m?) BMI categories. 34
individuals are classified as overweight, and 106 individuals are classified as obese.

3.2.  Design of the Study

The design of this study is a retrospective data analysis of the AWI-Gen pilot gut microbial
dataset, obtained from stool samples, and the corresponding genotype data from the AWI-Gen
I study, sequenced from DNA extracted from venous blood samples. The DNA of the study
participants previously underwent genome-wide genotyping with the H3Arica SNP array and
GM analysis using 16S rRNA sequencing was performed on the stool samples. The AWI-Gen
research project has three broad objectives, one being to investigate interactions between the
human genome with contributions to body composition and fat distribution, as they contribute

to non-communicable diseases, such as obesity (Ramsay et al., 2016). Therefore, to investigate
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the interactions between the human genome and gut microbial composition and their
contributions to obesity development, the objectives of this study will be used to investigate
interactions between host genetics and the GM in obese African females.

4. Data Analysis
Both the genotype dataset from the AWI-Gen I study and the microbial dataset from the AWI-

Gen microbiome pilot study must be analysed to determine if there are any interactions
occurring between identified microbial taxa of interest and host genetics.

4.1. Genotype Data Analysis: Construction of the Genetic Risk Score

The GRS of study participants will be calculated using PRSice software. Three published GRSs
that have previously been trained and validated will be used as discovery datasets for the
computing of GRS calculations specific to BMI (Tanigawa et al., Privé et al. and Chikowore
et al.). The predictive performance of each GRS on BMI will then be evaluated in the AWI-
Gen target dataset, which will then be replicated in the microbiome pilot study dataset. See

Figure 1 for the schematic representing the forementioned approach.

Discove PGS001228 PGS001943(portability- Multi-ancestry
Yy (GBE_INI21001) PLR log BMI) meta-analysis
PGP000244 PGP000263 (MAMA)
Tanigawa, et al. Privé, et al. Chikowore, et al.
27126 SNPs 110153 SNPs 322639 SNPs
Target Validgtion and tra.inirllg. on thq AWI—Qen gqnotypq dataset
Excluding the 170 individuals in the microbiome pilot study
Replication Microbiome pilot study dataset
N=170

Figure 1. Schematic representing the approached used to develop the GRS for BMI, using
the genotype data obtained from the microbiome pilot study participants.

Post-GRS generation and the retrieval of the most predictive GRS calculated in the microbiome
pilot dataset, the mean BMI of the microbial pilot study participants will be plotted against
GRS deciles (participants will be stratified into deciles of 17), to determine associations
between GRS and BMI.

4.2. Microbial Data Analysis

The protocol visualised in Figure 2 represents the statistical analysis approaches that will be

used to analyse the microbial datasets to assess potential interactions in association with the
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GRSs generated. To identify which microbial taxa are associated with low- and high-GRS,

study participants must be stratified according to GRS deciles. For the GLR models that will

be used in the microbial analysis, a minimum of 30 samples is required, therefore, the top two

deciles (N = 34) will form the high-GRS category, while the low-GRS category comprises the

bottom two deciles (N = 34).

1.

Stratify study participants into deciles to determine whether they possess low- or
high-GRS using calculations in 4.1.

Use a linear discriminant analysis effect size (LEfSe) to compare categories of
microbial taxa present between groups and visualise the comparison as taxonomic bar
charts.

Utilize zero-inflated Gaussian analysis (using R package, metagenomeSeq) to assess
microbial taxa that differ significantly in abundance between the low- and high-GRS
samples.

Use GLR to evaluate potential interactions between microbial taxa of interest and the
low- and high- GRS constructed using BMI as a continuous trait.

o Assess the microbial taxa present in the top and bottom two percentiles.

Repeat the GLR but using microbial taxa of interest and BMI using PRS as a
covariant to further any assess potential interactions.

Figure 2. A flow diagram for the statistical methods used to analyse the microbial dataset.

5.

Timing

This study will be undertaken over a ten-month period in 2022 (see Figure 3).

Feb | Mar | Apr | May | Jun | Jul | Aug| Sep | Oct | Nov

Literature Reviews

Ethics Application

Protocol Write-up

Protocol Assessment

Data Analysis

Research Write-up

Research Assessment ‘ ‘ ‘ ‘ ‘ ‘ ‘

Figure 3. A Gantt chart representing time allocations for the proposed study.

6.

Funding

No funding will be required for this study as it is retrospective and will be using genotype and

microbial datasets that have already been generated in previous AWI-Gen studies.
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7.

Ethics

AWI-Gen sub-study ethics clearance was submitted to the Human Research Ethics Committee

(Medical) of the University of the Witwaterstrand on the 2nd of March 2022. Ethics clearance

was granted conditionally on the 18th of March 2022 (ethics application reference number:

M220297).

8.

Possible Problems and Study Limitations

To identify robust genetic associations between genetic variations and obesity and high
BMI phenotypes, a larger sample size is required, as there are limitations regarding
discovering novel associations with small or modest effect sizes (Ramsay et al., 2016).
Furthermore, many associations that are identified between SNPs and microbial taxa
are deemed to be no longer statistically significant once multiple testing is corrected for
(Rothschild et al., 2018).

GRSs are an effective method to quantify disease susceptibilities as a single measure,
but it remains limited in its ability to capture the entire genetic loading of all variants
affecting the susceptibility of complex multigenic disorders (Lewis & Vassos, 2020).
Additionally, many other methods could be used to determine GRS, but due to the time
constraints of this study, only one approach will be used.

Based on the study participants included, all participants are female, which will limit
confounding factors such as sex, but may result in generalized gender-biased findings.
Subsequently, since the study participants from Bushbuckridge are from rural
settlements, while those in Soweto are from peri-urban and urban settlements, there is
potential for the confounding of rural versus urban microbiomes. The case and control
study participants included also are not at an equal 1:1 ratio, which would be optimum.
Instead, the ratio is approximately 5:1, based on which individuals were willing to
participate in the microbiome pilot study.

The 16S rRNA sequencing data generated in the microbiome pilot study will be
analysed. It is cost-effective but can be adversely impacted by amplification bias and is
not as comprehensive as metagenomic shotgun sequencing data, which will not be
analysed due to time constraints (Brewster et al., 2019).

Investigations like this that analyse interactions between host genetics and the GM are
complicated. This is because the gut microbial composition is also influenced by
environmental factors, such as lifestyle, exercise, diet as well as medication and

antibiotic use, which are not accounted for in this study. Additionally, BMI will be the

10
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only anthropometric measure that will incorporated in this study, as it is the only data
that is available. Therefore, other possibly more informative anthropometric measures

and their association with the human genome and gut microbiome will not be assessed.
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Appendix One

Waist-to-hip ratio or waist
circumference adjusted for BMI
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Figure Al. Genes identified to be associated with obesity-related traits through GWAS
(Goodarzi, 2018).
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Article Types

Original Research

Original Research articles report on primary and unpublished studies. Original Research may
also encompass confirming studies and disconfirming results which allow hypothesis
elimination, reformulation and/or report on the non-reproducibility of previously published
results. Original Research articles are peer-reviewed, have a maximum word count of 12,000
and may contain no more than 15 Figures/Tables. Authors are required to pay a fee (A-type
article) to publish an Original Research article. Original Research articles should have the
following format: 1) Abstract, 2) Introduction, 3) Materials and Methods, 4) Results, 5)
Discussion.

Author Guidelines
General standards
Article type

Frontiers requires authors to select the appropriate article type for their manuscript and to
comply with the article type descriptions defined in the journal's 'Article types' page, which
can be seen from the 'For authors' menu on every Frontiers journal page. Please pay close
attention to the word count limits.

Templates

If working with Word please use our Word templates. If you wish to submit your article as
LaTeX, we recommend our LaTeX templates.

For LaTeX files, please ensure all relevant manuscript files are uploaded: .tex file, PDF, and
.bib file (if the bibliography is not already included in the .tex file).

During the interactive review, authors are encouraged to upload versions using track changes.
Editors and reviewers can only download the PDF file of the submitted manuscript.

Manuscript length

Frontiers encourages the authors to closely follow the article word count lengths given in the
'Article types' page of the journals. The manuscript length includes only the main body of the
text, footnotes, and all citations within it, and excludes the abstract, section titles, figure and
table captions, funding statement, acknowledgments, and references in the bibliography.
Please indicate the number of words and the number of figures and tables included in your
manuscript on the first page.

Language editing

Frontiers requires manuscripts submitted to meet international English language standards to
be considered for publication.

For authors who would like their manuscript to receive language editing or proofreading to
improve the clarity of the manuscript and help highlight their research, Frontiers recommends
the language-editing services provided by the following external partners.
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Note that sending your manuscript for language editing does not imply or guarantee that it
will be accepted for publication by a Frontiers journal. Editorial decisions on the scientific
content of a manuscript are independent of whether it has received language editing or
proofreading by these partner services or other services.

Editage

Frontiers recommends the language-editing service provided by our external partner Editage.
These services may be particularly useful for researchers for whom English is not the primary
language. They can help to improve the grammar, syntax, and flow of your manuscript prior
to submission. Frontiers authors will receive a 10% discount by visiting the following link:
editage.com/frontiers.

The Charlesworth Group

Frontiers recommends the Charlesworth Group's author services, who has a long-standing
track record in language editing and proofreading. This is a third-party service for which
Frontiers authors will receive a 10% discount by visiting the following link:
www.cwauthors.com/frontiers.
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10% FIHRE R/ 2 : www.cwauthors.com.cn/frontiers.

Language style

The default language style at Frontiers is American English. If you prefer your article to be
formatted in British English, please specify this on the first page of your manuscript. For any
questions regarding style, Frontiers recommends authors to consult the Chicago Manual of
Style.

Search engine optimization (SEO)

There are a few simple ways to maximize your article's discoverability and search results.
e Include a few of your article's keywords in the title of the article
e Do not use long article titles
e Pick 5-8 keywords using a mix of generic and more specific terms on the article
subject(s)
e Use the maximum amount of keywords in the first two sentences of the abstract
e Use some of the keywords in level 1 headings

CrossMark policy
Title
The title should be concise, omitting terms that are implicit and, where possible, be a

statement of the main result or conclusion presented in the manuscript. Abbreviations should
be avoided within the title.
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Witty or creative titles are welcome, but only if relevant and within measure. Consider if a
title meant to be thought-provoking might be misinterpreted as offensive or alarming. In
extreme cases, the editorial office may veto a title and propose an alternative.
Authors should avoid:
o titles that are a mere question without giving the answer
e unambitious titles, for example starting with "Towards," 'A description of,' 'A
characterization of' or 'Preliminary study on'
e vague titles, for example starting with 'Role of', 'Link between', or 'Effect of' that do
not specify the role, link, or effect
¢ including terms that are out of place, for example the taxonomic affiliation apart from
species name.
For Corrigenda, General Commentaries, and Editorials, the title of your manuscript should
have the following format.
e 'Corrigendum: [Title of original article]'
e General Commentaries:
'Commentary: [Title of original article]'
'Response: Commentary: [Title of original article]'
o 'Editorial: [Title of Research Topic]'
The running title should be a maximum of five words in length.

Authors and affiliations

All names are listed together and separated by commas. Provide exact and correct author
names as these will be indexed in official archives. Affiliations should be keyed to the
author's name with superscript numbers and be listed as follows:

e Laboratory, Institute, Department, Organization, City, State abbreviation (only for
United States, Canada, and Australia), and Country (without detailed address
information such as city zip codes or street names).

Example: Max Maximus1
1 Department of Excellence, International University of Science, New York, NY, United
States.

Correspondence

The corresponding author(s) should be marked with an asterisk in the author list. Provide the
exact contact email address of the corresponding author(s) in a separate section.

Example: Max Maximus*

maximus@iuscience.edu

If any authors wish to include a change of address, list the present address(es) below the
correspondence details using a unique superscript symbol keyed to the author(s) in the author
list.

Equal contributions

The authors who have contributed equally should be marked with a symbol (1) in the author
list of the doc/latex and pdf files of the manuscript uploaded at submission.
Please use the appropriate standard statement(s) to indicate equal contributions:

e Equal contribution: These authors contributed equally to this work

¢ First authorship: These authors share first authorship
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e Senior authorship: These authors share senior authorship

e Last authorship: These authors share last authorship

e Equal contribution and first authorship: These authors contributed equally to this
work and share first authorship

e Equal contribution and senior authorship: These authors contributed equally to
this work and share senior authorship

e Equal contribution and last authorship: These authors contributed equally to this
work and share last authorship

Example: Max Maximus 11, John Smith2{ and Barbara Smith1
tThese authors contributed equally to this work and share first authorship

Consortium/group and collaborative authors
Consortium/group authorship should be listed in the manuscript with the other author(s).

In cases where authorship is retained by the consortium/group, the consortium/group should
be listed as an author separated by a comma or 'and'. The consortium/group name will appear
in the author list, in the citation, and in the copyright. If provided, the consortium/group
members will be listed in a separate section at the end of the article.

For the collaborators of the consortium/group to be indexed in PubMed, they do not have to
be inserted in the Frontiers submission system individually. However, in the manuscript
itself, provide a section with the name of the consortium/group as the heading followed by
the list of collaborators, so they can be tagged accordingly and indexed properly.

Example: John Smith, Barbara Smith and The Collaborative Working Group.

In cases where work is presented by the author(s) on behalf of a consortium/group, it should
be included in the author list separated with the wording 'for' or 'on behalf of.' The
consortium/group will not retain authorship and will only appear in the author list.
Example: John Smith and Barbara Smith on behalf of The Collaborative Working Group.

Abstract
As a primary goal, the abstract should render the general significance and conceptual advance
of the work clearly accessible to a broad readership. In the abstract, minimize the use of

abbreviations and do not cite references, figures or tables.

For Clinical Trial articles, please include the Unique Identifier and the URL of the publicly
accessible website on which the trial is registered.

Keywords
All article types require a minimum of five and a maximum of eight keywords.

Text
The entire document should be single-spaced and must contain page and line numbers in

order to facilitate the review process. The manuscript should be written using either Word or
LaTeX. See above for templates.
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Nomenclature

The use of abbreviations should be kept to a minimum. Non-standard abbreviations should be
avoided unless they appear at least four times, and must be defined upon first use in the main
text. Consider also giving a list of non-standard abbreviations at the end, immediately before

the acknowledgments.

Equations should be inserted in editable format from the equation editor.

Italicize gene symbols and use the approved gene nomenclature where it is available. For
human genes, please refer to the HUGO Gene Nomenclature Committee (HGNC). New
symbols for human genes should be submitted to the HGNC here. Common alternative gene
aliases may also be reported, but should not be used alone in place of the HGNC symbol.
Nomenclature committees for other species are listed here. Protein products are not italicized.

We encourage the use of Standard International Units in all manuscripts.

Chemical compounds and biomolecules should be referred to using systematic nomenclature,
preferably using the recommendations by the International Union of Pure and Applied
Chemistry (IUPAC).

Astronomical objects should be referred to using the nomenclature given by the International
Astronomical Union (IAU) provided here.

Life Science Identifiers (LSIDs) for ZOOBANK registered names or nomenclatural acts
should be listed in the manuscript before the keywords. An LSID is represented as a uniform
resource name (URN) with the following format:
urn:lsid:<Authority>:<Namespace>:<ObjectID>[:<Version>]

For more information on LSIDs please see the 'Code' section of our polices and publication
ethics.

Sections

The manuscript is organized by headings and subheadings. The section headings should be
those appropriate for your field and the research itself. You may insert up to 5 heading levels
into your manuscript (i.e.,: 3.2.2.1.2 Heading Title).

For Original Research articles, it is recommended to organize your manuscript in the
following sections or their equivalents for your field.

Introduction

Succinct, with no subheadings.

Materials and methods

This section may be divided by subheadings and should contain sufficient detail so that when
read in conjunction with cited references, all procedures can be repeated. For experiments
reporting results on animal or human subject research, an ethics approval statement should be
included in this section (for further information, see the 'Bioethics' section of our polices and

publication ethics.)

Results
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This section may be divided by subheadings. Footnotes should not be used and must be
transferred to the main text.

Discussion

This section may be divided by subheadings. Discussions should cover the key findings of
the study: discuss any prior research related to the subject to place the novelty of the
discovery in the appropriate context, discuss the potential shortcomings and limitations on
their interpretations, discuss their integration into the current understanding of the problem
and how this advances the current views, speculate on the future direction of the research,
and freely postulate theories that could be tested in the future.

For further information, please check the descriptions defined in the journal's 'Article types'
page, in the 'For authors' menu on every journal page.

Acknowledgements

This is a short text to acknowledge the contributions of specific colleagues, institutions, or
agencies that aided the efforts of the authors. Should the content of the manuscript have
previously appeared online, such as in a thesis or preprint, this should be mentioned here, in
addition to listing the source within the reference list.

Contribution to the field statement

When you submit your manuscript, you will be required to briefly summarize in 200 words
your manuscript's contribution to, and position in, the existing literature in your field. This
should be written avoiding any technical language or non-standard acronyms. The aim should
be to convey the meaning and importance of this research to a non-expert.

While Frontiers evaluates articles using objective criteria, rather than impact or novelty, your
statement should frame the question(s) you have addressed in your work in the context of the
current body of knowledge, providing evidence that the findings — whether positive or
negative — contribute to progress in your research discipline. This will help the chief editors
to determine whether your manuscript fits within the scope of a specialty as defined in its
mission statement; a detailed statement will also facilitate the identification of the editors and
reviewers most appropriate to evaluate your work, ultimately expediting your manuscript's
initial consideration.

Example statement on: Markram K and Markram H (2010) The Intense World Theory — a
unifying theory of the neurobiology of autism. Front. Hum. Neurosci. 4:224. doi:
10.3389/fnhhum.2010.00224

Autism spectrum disorders are a group of neurodevelopmental disorders that affect up to 1 in
100 individuals. People with autism display an array of symptoms encompassing emotional
processing, sociability, perception and memory, and present as uniquely as the individual. No
theory has suggested a single underlying neuropathology to account for these diverse
symptoms. The Intense World Theory, proposed here, describes a unifying pathology
producing the wide spectrum of manifestations observed in autists. This theory focuses on the
neocortex, fundamental for higher cognitive functions, and the limbic system, key for
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processing emotions and social signals. Drawing on discoveries in animal models and
neuroimaging studies in individuals with autism, we propose how a combination of genetics,
toxin exposure and/or environmental stress could produce hyper-reactivity and hyper-
plasticity in the microcircuits involved with perception, attention, memory and emotionality.
These hyper-functioning circuits will eventually come to dominate their neighbors, leading to
hyper-sensitivity to incoming stimuli, over-specialization in tasks and a hyper-preference
syndrome. We make the case that this theory of enhanced brain function in autism explains
many of the varied past results and resolves conflicting findings and views and makes some
testable experimental predictions.

Figure and table guidelines
CC-BY license

All figures, tables, and images will be published under a Creative Commons CC-BY license,
and permission must be obtained for use of copyrighted material from other sources
(including re-published/adapted/modified/partial figures and images from the internet). It is
the responsibility of the authors to acquire the licenses, follow any citation instructions
requested by third-party rights holders, and cover any supplementary charges.

For additional information, please see the 'Image manipulation' section of our polices and
publication ethics.

Figure requirements and style guidelines

Frontiers requires figures to be submitted individually, in the same order as they are referred
to in the manuscript; the figures will then be automatically embedded at the end of the
submitted manuscript. Kindly ensure that each figure is mentioned in the text and in
numerical order.

For figures with more than one panel, panels should be clearly indicated using labels (A), (B),
(C), (D), etc. However, do not embed the part labels over any part of the image, these labels
will be replaced during typesetting according to Frontiers' journal style. For graphs, there
must be a self-explanatory label (including units) along each axis.

For LaTeX files, figures should be included in the provided PDF. In case of acceptance, our
production office might require high-resolution files of the figures included in the manuscript
in EPS, JPEG or TIF/TIFF format.

To upload more than one figure at a time, save the figures (labeled in order of appearance in
the manuscript) in a zip file and upload them as 'Supplementary Material Presentation.'

Please note that figures not in accordance with the guidelines will cause substantial delay
during the production process.

Captions
Captions should be preceded by the appropriate label, for example 'Figure 1.' Figure captions

should be placed at the end of the manuscript. Figure panels are referred to by bold capital
letters in brackets: (A), (B), (C), (D), etc.
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Image size and resolution requirements

Figures should be prepared with the PDF layout in mind. Individual figures should not be
longer than one page and with a width that corresponds to 1 column (85 mm) or 2 columns
(180 mm).

All images must have a resolution of 300 dpi at final size. Check the resolution of your figure
by enlarging it to 150%. If the image appears blurry, jagged, or has a stair-stepped effect, the
resolution is too low.

The text should be legible and of high quality. The smallest visible text should be no less than
eight points in height when viewed at actual size.

Solid lines should not be broken up. Any lines in the graphic should be no smaller than two
points wide.

Please note that saving a figure directly as an image file (JPEG, TIF) can greatly affect the
resolution of your image. To avoid this, one option is to export the file as PDF, then convert
into TIFF or EPS using a graphics software.

Format and color image mode

The following formats are accepted: TIF/TIFF (.tif/.tiff), JPEG (.jpg), and EPS (.eps) (upon
acceptance). Images must be submitted in the color mode RGB.

Chemical structures

Chemical structures should be prepared using ChemDraw or a similar program. If working
with ChemDraw please use our ChemDraw template. If working with another program please
follow the guidelines below.

e Drawing settings: chain angle, 120° bond spacing, 18% width; fixed length, 14.4 pt;
bold width, 2.0 pt; line width, 0.6 pt; margin width, 1.6 pt; hash spacing, 2.5 pt. Scale
100% Atom Label settings: font, Arial; size, 8 pt

e Assign all chemical compounds a bold, Arabic numeral in the order in which the
compounds are presented in the manuscript text.

Table requirements and style guidelines

Tables should be inserted at the end of the manuscript in an editable format. If you use a
word processor, build your table in Word. If you use a LaTeX processor, build your table in
LaTeX. An empty line should be left before and after the table.

Table captions must be placed immediately before the table. Captions should be preceded by
the appropriate label, for example 'Table 1.' Please use only a single paragraph for the

caption.

Ensure that each table is mentioned in the text and in numerical order.
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Large tables covering several pages cannot be included in the final PDF for formatting
reasons. These tables will be published as supplementary material.

Tables which are not according to the above guidelines will cause substantial delay during the
production process.

Accessibility

We encourage authors to make the figures and visual elements of their articles accessible for
the visually impaired. An effective use of color can help people with low visual acuity, or
color blindness, understand all the content of an article.

These guidelines are easy to implement and are in accordance with the W3C Web Content
Accessibility Guidelines (WCAG 2.1), the standard for web accessibility best practices.

Ensure sufficient contrast between text and its background

People who have low visual acuity or color blindness could find it difficult to read text with
low contrast background color. Try using colors that provide maximum contrast.

WC3 recommends the following contrast ratio levels:
e Level AA, contrast ratio of at least 4.5:1
e Level AAA, contrast ratio of at least 7:1
You can verify the contrast ratio of your palette with these online ratio checkers:
e WebAIM
e Color Safe

Avoid using red or green indicators

More than 99% of color-blind people have a red-green color vision deficiency.

Avoid using only color to communicate information

Elements with complex information like charts and graphs can be hard to read when only
color is used to distinguish the data. Try to use other visual aspects to communicate

information, such as shape, labels, and size. Incorporating patterns into the shape fills also
make differences clearer; for an example please see below:
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Supplementary material

Data that are not of primary importance to the text, or which cannot be included in the article
because they are too large or the current format does not permit it (such as videos, raw data
traces, and PowerPoint presentations), can be uploaded as supplementary material during the
submission procedure and will be displayed along with the published article. All
supplementary files are deposited to figshare for permanent storage and receive a DOL.

Supplementary material is not typeset, so please ensure that all information is clearly
presented without tracked changes/highlighted text/line numbers, and the appropriate caption
is included in the file. To avoid discrepancies between the published article and the
supplementary material, please do not add the title, author list, affiliations or correspondence
in the supplementary files.

The supplementary material can be uploaded as:

data sheet (Word, Excel, CSV, CDX, FASTA, PDF or Zip files)

presentation (PowerPoint, PDF or Zip files)

image (CDX, EPS, JPEG, PDF, PNG or TIF/TIFF),

table (Word, Excel, CSV or PDF)

audio (MP3, WAV or WMA)

video (AVI, DIVX, FLV, MOV, MP4, MPEG, MPG or WMV).

Technical requirements for supplementary images:
e 300 DPIs
e RGB color mode.

For supplementary material templates (LaTeX and Word), see our supplementary material
templates.
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Frontiers' journals use one of two reference styles, either Harvard (author-date) or Vancouver
(numbered). Please check our help center to find the correct style for the journal to which you
are submitting.

e All citations in the text, figures, or tables must be in the reference list and vice-versa

e The names of the first six authors followed by et al. and the DOI (when available)
should be provided

e Given names of authors should be abbreviated to initials (e.g., Smith, J., Lewis, C.S.,
etc.)

e The reference list should only include articles that are published or accepted

e Unpublished data, submitted manuscripts, or personal communications should be
cited within the text only, for article types that allow such inclusions

e For accepted but unpublished works use 'in press' instead of page numbers

e Data sets that have been deposited to an online repository should be included in the
reference list. Include the version and unique identifier when available

e Personal communications should be documented by a letter of permission

e Website URLs should be included as footnotes

¢ Any inclusion of verbatim text must be contained in quotation marks and clearly
reference the original source

e Preprints can be cited as long as a DOI or archive URL is available, and the citation
clearly mentions that the contribution is a preprint. If a peer-reviewed journal
publication for the same preprint exists, the official journal publication is the
preferred source. See the preprints section for each reference style below for more
information.

Harvard reference style (author-date)

Many Frontiers journals use the Harvard referencing system; to find the correct reference
style and resources for the journal you are submitting to, please visit our help center.
Reference examples are found below, for more examples of citing other documents and
general questions regarding the Harvard reference style, please refer to the Chicago Manual
of Style.

In-text citations

e For works by a single author, include the surname, followed by the year

e For works by two authors, include both surnames, followed by the year

e For works by more than two authors, include only the surname of the first author
followed by et al., followed by the year

e For humanities and social sciences articles, include the page numbers.

Reference list examples

Article in a print journal

Sondheimer, N., and Lindquist, S. (2000). Rnql: an epigenetic modifier of protein function in
yeast. Mol. Cell. 5, 163-172.

Article in an online journal
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Tahimic, C.G.T., Wang, Y., Bikle, D.D. (2013). Anabolic effects of IGF-1 signaling on the
skeleton. Front. Endocrinol. 4:6. doi: 10.3389/fendo.2013.00006

Article or chapter in a book
Sorenson, P. W., and Caprio, J. C. (1998). "Chemoreception," in The Physiology of Fishes,
ed. D. H. Evans (Boca Raton, FL: CRC Press), 375-405.

Book
Cowan, W. M., Jessell, T. M., and Zipursky, S. L. (1997). Molecular and Cellular
Approaches to Neural Development. New York: Oxford University Press.

Abstract

Hendricks, J., Applebaum, R., and Kunkel, S. (2010). A world apart? Bridging the gap
between theory and applied social gerontology. Gerontologist 50, 284-293. Abstract retrieved
from Abstracts in Social Gerontology database. (Accession No. 50360869)

Website
World Health Organization. (2018). E. coli. https://www.who.int/news-room/fact-
sheets/detail/e-coli [Accessed March 15, 2018].

Patent

Marshall, S. P. (2000). Method and apparatus for eye tracking and monitoring pupil dilation
to evaluate cognitive activity. U.S. Patent No 6,090,051. Washington, DC: U.S. Patent and
Trademark Office.

Data

Perdiguero P, Venturas M, Cervera MT, Gil L, Collada C. Data from: Massive sequencing of
Ulms minor's transcriptome provides new molecular tools for a genus under the constant
threat of Dutch elm disease. Dryad Digital Repository. (2015)
http://dx.doi.org/10.5061/dryad.ps837

Theses and dissertations

Smith, J. (2008) Post-structuralist discourse relative to phenomological pursuits in the
deconstructivist arena. [dissertation/master's thesis]. [Chicago (IL)]: University of Chicago
Preprint

Smith, J. (2008). Title of the document. Preprint repository name [Preprint]. Available at:
https://persistent-url (Accessed March 15, 2018).

Vancouver reference style (numbered)

Many Frontiers journals use the numbered referencing system; to find the correct reference
style and resources for the journal you are submitting to, please visit our help center.

Reference examples are found below, for more examples of citing other documents and
general questions regarding the Vancouver reference style, please refer to Citing Medicine.

In-text citations
e Please apply the Vancouver system for in-text citations
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e In-text citations should be numbered consecutively in order of appearance in the text
— identified by Arabic numerals in the parenthesis (use square brackets for physics
and mathematics articles).
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Article in a print journal
Sondheimer N, Lindquist S. Rnql: an epigenetic modifier of protein function in yeast. Mol
Cell (2000) 5:163-72.

Article in an online journal
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and Cutting Device and Positioning Tool Assembly. United States patent US 20020103498
(2002).
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