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Abstract 

 Bacterial communities are dynamic biological systems with complex metabolic 

interactions that influence ecological functions across a broad range of microbiome 

environments. Bacterial community 16S rRNA gene amplicon sequencing is an approach 

to microbiome exploration that profiles community composition, structure, and dynamics 

across environmental conditions. In this thesis, 16S rRNA gene amplicon sequencing is 

used to investigate the bacterial communities of two distinct microbial environments. 

  In the first study I explore how hyperthermia in a mammalian host may affect 

bacterial communities to understand the impacts of thermal stress in warming climates. 

Small endotherms such as birds and bats have evolved diverse physiological adaptations 

and behavioural strategies to tolerate or avoid extreme high temperatures. Less 

understood is how animal-associated microbiomes respond to heat challenges, raising the 

concern that declines in resident microflora during hyperthermia could compromise 

whole organism health by decreasing microbiome complexity and functions. To 

investigate this, amplicon-based 16S rRNA gene community sequencing was used to 

assess whether heat exposure alters cultured intestinal bacterial community structure in 

Cape Horseshoe bats, Rhinolophus capensis. Bacterial cultures demonstrated a decrease 

in community size as temperatures increased between 37 ºC and 50 ºC, with 

temperatures above 40 ºC causing a decrease in average growth yields. Shifts in bacterial 

community structure were evaluated for transient (44 ºC for 5 hours) and sustained 

(45 ºC for 18 hours) heat challenges. A decrease in bacterial species richness was 

observed in both conditions. Enterococcus was the most abundant and diverse genus 

detected before and after heat exposure. Klebsiella were the next most abundant taxon, 
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but this genus was more sensitive to heat challenge. These results suggest that as global 

climates get hotter, it will be important to consider microbiome health as a contributing 

factor to the survival of wildlife populations.  

  In the second study I explore how microbial genetic-based methods have the 

potential to complement current geophysical and geochemical approaches to mineral 

exploration. Mineral-associated metals are hypothesized to dissociate into surrounding 

soils and thus promote the growth of heavy metal resistant bacteria while inhibiting 

sensitive taxa. In this study, amplicon-based bacterial 16S rRNA gene community 

sequencing was used to profile the bacterial communities inhabiting soils above a known 

metal-rich kimberlite formation in the subarctic Canadian tundra. It was found that 

surface soils (5-15 cm depth) above the kimberlite had higher alpha-diversity estimates 

relative to background soils, with no differences in diversity observed across deep 

samples (15-30 cm depth). Overall bacterial community composition and structure did 

not vary between kimberlitic and background soils; however, differential abundance 

analysis identified eight amplicon sequence variants (ASVs) with kimberlitic 

bioindicator potential. Two unclassified ASVs from the Bacteroidota family env.OPS 17 

were highly specific to kimberlitic soils, and conversely three ASVs from the uncultured 

acidobacteria genus RB41 exhibited specificity to background soils. The identification of 

two candidate bioindicator taxonomic groups highlights potential applications of 

microbial ecology to kimberlite mineral exploration.  

 Altogether, this thesis presents the application of amplicon-based bacterial community 

profiling and statistical analysis to two distinct microbial environments.   
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CHAPTER 1: GENERAL INTRODUCTION 

1.1 Microbial Communities 

Microbes are all around us, and are foundational to every ecosystem on earth. 

Microbial communities are complex biological systems composed of diverse members 

from across the taxonomic spectrum of Bacteria, Archaea, Eukaryotes, and viruses. 

Collective microbial community interactions and activities perform most metabolic 

functions and are responsible for the biogeochemical cycles that make life possible 

(Oren. 2010). Diversity is a hallmark of microbial life, and microbial communities 

represent the largest and most diverse genetic reservoir on Earth (Friedrich. 2011). 

Historical attempts to characterize the extent of microbial diversity were limited to 

culture-based methods and phenotypic analysis, however next-generation DNA 

sequencing technologies have introduced a molecular view of diversity based on the 

identification of marker gene sequence variants (Sharma et al. 2005). Identifying 

community members assists in identifying what the different species do in the 

community, and how the community itself is a manifestation of its collective activities. 

 Bacterial communities are often studied as a representative system to understand 

overall structure and function within the broader microbial environment. To persist and 

thrive in challenging environments, bacterial communities must be able to sense and 

quickly adjust to environmental changes, making them an ideal system for monitoring 

the impacts of environmental variation. Amplicon-based phylogenetic marker gene 

sequencing that targets the bacterial 16S rRNA gene can be used to profile bacterial 

community composition and provide reliable taxonomic identification of community 

members. 
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1.2 Microbiomes: A Universe of Microbial Functions in the Gut and Beyond 

 Microbiome research has emerged as a leading area of study within the field of 

microbial ecology, driven by technological advances in genomics and DNA sequencing 

paired with improved affordability. A microbiome is a broad concept used to describe 

the collective microbial species, their biological activities, all genetic elements, 

metabolites, and interactions within a defined environment (Berg et al. 2020). Human 

intestinal microbiome research is highly influential due to the implications for human 

health and substantial research investment; consequently, the colloquial term 

‘microbiome’ is often used in both academic and practical contexts to refer specifically 

to the human gut microbiome (Berg et al. 2020). However, increasing accessibility of 

microbiome analysis is allowing researchers to explore other complex microbial systems 

– particularly soil, marine, and animal gastrointestinal environments – using advanced 

microbial community sequencing strategies. The inherent complexity of a thriving 

microbiome presents challenges in defining specific interactions, therefore different 

aspects are studied using metagenomic approaches for microbial community profiling 

and functional approaches for metabolic and protein profiling (Waldor et al. 2015; 

Dorrestein et al. 2014; Hettich et al. 2013). While microbiome research incorporates all 

facets of microbial-environmental interaction, there is a pragmatic preference toward 

genome-centric analyses (Waldor et al. 2015), including whole-genome metagenomic 

sequencing to identify all microbial genes and metabarcoding sequencing, such as 

bacterial 16S rRNA gene amplicon sequencing, to characterize community composition 

(Weinstock. 2012). Community amplicon sequencing identifies microbial taxa and their 

relative abundances within a sampled microbiome, which provides basic microbial 
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community profiling data that is useful for studies aiming to characterize community 

composition. Additionally, amplicon sequencing is a popular tool for statistical 

differential abundance testing to assess changes in microbial community structure across 

experimental conditions (Love et al. 2014; Weiss et al. 2017; Lin & Peddada. 2020). 

1.3 Amplicon Sequencing for Bacterial Community Analysis 

 Microbial community amplicon sequencing is an approach to microbiome 

exploration that leverages advances in high-throughput DNA sequencing to analyze 

sampled microbial community composition and structure. For the past decade, 16S 

rRNA gene amplicon sequencing has been the standard approach for bacterial 

community phylogenetic analysis, and it remains widely used for reliable community 

taxonomic characterization (Tringe & Hugenholtz. 2008). Amplicon sequencing has 

numerous benefits, including that it is culture-independent, compositionally quantitative, 

highly sensitive, and uses the routine and widely accessible molecular technology of 

polymerase chain reaction (PCR) to generate amplicons.    

The bacterial 16S rRNA gene is an ideal sequencing target for bacterial community 

analysis: it is highly conserved, specific for Bacteria, and contains hypervariable regions 

for phylogenetic analysis (Yang et al. 2016). Extensive sequence databases such as 

SILVA, the Ribosomal Database Project, and Greengenes host the cumulative 16S rRNA 

sequence classification data and provide unparalleled taxonomic assignment to 

community 16S rRNA amplicon sequence datasets (Quast et al. 2013; Cole et al. 2014; 

DeSantis et al. 2006). These sequence databases are carefully curated and constantly 

updated with the latest taxonomic classifications as more novel bacterial taxa are 

discovered. 
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The 16S rRNA gene product is part of the 30S ribosomal subunit and is therefore 

highly conserved across all bacterial species. Bacterial 16S rRNA genes are 

phylogenetically distinct from archaeal and eukaryotic orthologs (Whitman. 2009), 

allowing non-specific detection of Archaean, mitochondrial, chloroplast, and otherwise 

unclassified 16S rRNA sequence to be bioinformatically filtered out of sequence 

datasets. Notably, many bacterial species can contain different 16S rRNA gene copies 

within their genome, which complicates analysis when copies originating from the same 

species are attributed to different species. The 16S rRNA gene is almost 1600 bp long 

and contains nine hypervariable regions (V1-V9) of varying conservation interspersed 

between highly conserved sequence. The degree of hypervariable region sequence 

conservation directly influences taxonomic resolution (Yang et al. 2016; Bukin et al. 

2019), meaning that regions with less variation provide high ranking taxonomic 

classifications (phyla, class, order) while more variable regions can be used to identify 

bacterial genera and species. Amplicon sequence length also impacts taxonomic 

resolution, with longer sequences providing more phylogenetic information for improved 

resolution (Johnson et al. 2019). Bioinformatic analysis indicates that the full 16S rRNA 

gene (V1-V9) provides optimal species-level classification compared to any other 

hypervariable sequence combination because it maximizes inclusion of nucleotide 

variants (Johnson et al. 2019). In practice, the reduced base-calling accuracy and 

sequence quality of the long-read sequencing platforms required to sequence V1-V9 as a 

single read would compromise the accuracy of taxonomic classification. 

The existence of highly conserved regions between the hypervariable regions 

within 16S allows for the use of primers that target highly conserved flanking regions to 
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amplify the intervening hypervariable region. These primers are referred to as ‘universal’ 

because they can be designed to hybridize to all (or most) known bacterial species across 

all (or most) bacterial phyla with PCR to generate a bacterial community amplicon 

sequence library (Schmalenberger et al. 2001). The 254 bp V4 hypervariable region is a 

common amplicon target since it provides genus-level taxonomic resolution and is 

compatible with Illumina 2 x 250 bp paired-end sequencing chemistry, with both reads 

spanning nearly the full amplicon length for improved sequence quality (Kozich et al. 

2013). Alternatively, the expanded V3/V4 region is a common target that provides better 

taxonomic resolution through increased sequence length. Notably, the V3 region exhibits 

a bimodal length distribution with sizes around 161 bp and 186 bp (Vargas-Albores et al. 

2017), therefore expected V3/V4 amplicons lengths around 385 bp and 407 bp need to 

be factored into amplicon sequence analysis. Taxonomic analysis of these two targets 

has indicated that paired-end V4 amplicon sequencing yields the least bias and the 

highest classification accuracy for bacterial community analysis (Liu et al. 2020); 

therefore, this approach was implemented for the studies presented in Chapters 2 and 3. 

1.4 Amplicon Sequence Inference 

Identifying and enumerating taxonomic units from DNA sequences relies on high-

fidelity amplification and sequencing. Because DNA library preparation and sequencing 

introduce various sources of bias into community amplicon sequence data, bioinformatic 

workflows are designed to estimate and correct for DNA sequencing errors. One of the 

biggest challenges during sequence analysis involves accurately filtering out spurious 

amplicons (false positives) without removing amplicons that correspond to true 

biological sequences in the sampled community (false negatives). Spurious amplicons 
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are erroneous sequence artifacts generated during processing that do not exist in the 

original sampled biological sequences. Sources include contaminant DNA, ‘singleton’ 

molecular species represented by a single sequence read across all analyzed data, and 

chimeric sequences resulting from truncated amplicons acting as primers during PCR 

amplification. While there are bioinformatic tools that readily identify and remove 

spurious amplicons, non-spurious amplicon sequence inference is less straightforward 

and involves the use of offsetting measures that reduce taxonomic resolution or error-

modelling sequence inference algorithms that infer exact sequences. 

Historically, 16S rRNA gene amplicon sequences have been analyzed as clustered 

operational taxonomic units (OTUs) to offset non-spurious amplicon sequence errors. 

First, amplicon sequences are grouped using hierarchical pairwise comparisons bounded 

by a fixed dissimilarity threshold, generally no greater than 3% difference in sequence 

identity. These internally referenced clusters are then assigned a representative sequence 

for taxonomic classification and community analysis (Chen et al. 2013, Westcott & 

Schloss. 2015). This approach minimizes the influence of sequence errors by 

implementing a dissimilarity threshold that can accommodate small errors; however, the 

trade-off is that clustering effectively reduces the true sequence resolution, and 

consequently reduces taxonomic resolution. Sequence clustering can also increase the 

rate of spurious sequences, especially singletons, leading to artificially inflated diversity 

estimates (Kunin et al. 2010; Callahan et al. 2016). Another shortcoming is that because 

OTUs are defined by internal reference within a given study, they can only be compared 

between studies at high taxonomic ranks (phyla, classes, orders). However, if higher 

resolution is required and a researcher wishes to directly compare OTUs, old and new 
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datasets must be reprocessed together, which requires considerable computational 

scaling capabilities. Alternatively, OTUs can be externally referenced against a database 

of classified 16S rRNA gene sequences, but these databases are incomplete and de novo 

clustering methods are shown to out-perform reference-based approaches in cross-study 

comparisons (Westcott & Schloss. 2015).  

Recent improvements in sequence error modelling have prompted a shift toward 

amplicon sequence variants (ASVs), or exact sequence variants, that do not compromise 

taxonomic resolution to account for sequence error (Callahan et al. 2017). ASV methods 

implement sequence error prediction algorithms to directly infer amplicon sequences 

without clustering. This allows distinction of sequence variants differing by a single 

nucleotide (Tikhonov et al. 2015). A recent comparison of multiple ASV inference 

pipelines and OTU clustering methods found that the DADA2 ASV error-modelling 

package was better able to distinguish between true sequence variants and generated 

fewer spurious sequences, culminating in a reduced false-discovery rate (Callahan et al. 

2016). Unlike other ASV inference methods, the DADA2 error-prediction model 

incorporates nucleotide substitution rates, quality scores, and batch effects between 

sequencing runs (Callahan et al. 2016). The improved taxonomic resolution afforded by 

ASVs is not the only advantage to this approach: exact sequence inference means that 

ASVs are reusable and directly comparable between studies without big data re-

processing or reliance on incomplete reference databases (Callahan et al. 2017). As 

microbial community profiling continues as a core technique in microbial ecology, 

seamless incorporation of future datasets for meta-analyses will be essential for 

discovering important patterns and trends among microbial communities. 
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1.5 Normalization of Microbiome Count Data 

Bacterial community 16S rRNA gene amplicon sequencing is a valuable tool for 

microbiome exploration, however it presents statistical challenges for ecological analysis 

and interpretation. Amplicon sequence data requires normalization to account for uneven 

sequencing effort (also called ‘read counts’ or ‘library sizes’) and to control biased 

mean-variance dependence (heteroskedasticity) of ASV or OTU count data. Data 

normalization and transformation strategies must be carefully selected to generate 

ecologically meaningful results (Weiss et al. 2017). 

Community profiling data normalization is required to directly compare microbial 

communities, since amplicon sequence libraries will receive different depth of coverage 

due to differential sample complexities, slight imprecisions in loading concentrations, 

and random technical variation between sequencing instruments (Daley & Smith. 2013; 

Gloor et al. 2017). Library size normalization occurs early in amplicon sequence 

processing workflows to account for differences in sequencing effort that could bias 

downstream analysis. It is also important to ensure that enough sequencing is performed 

to capture the sampled microbial community diversity, ensure accurate relative 

abundances, and detect rare taxa (Weiss et al. 2017). Highly diverse bacterial 

communities may require deeper sequencing (>10,000 reads/sample) than low 

complexity communities (~2,000 reads/sample), although sequencing depth 

recommendations are somewhat arbitrary and should be experimentally determined. 

Because increased sequencing effort generates higher rates of spurious sequences that 

can falsely inflate alpha-diversity estimates (Schloss et al. 2011), sequencing effort 



 

 9 

should aim to capture sampled diversity without needlessly generating spurious 

sequences that obfuscate analysis. 

Historically, standard normalization practices involve either 1) converting read 

counts to proportional abundances by dividing by sample library size, or 2) rarefying the 

data to a uniform sequencing depth, generally the smallest library size, by discarding 

sequence reads from larger libraries using random subsampling without replacement 

(Hughes & Hellmann. 2005). Recently, these methods have been criticized for 

applications to microbial community count data, in part because both methods have high 

spurious sequence rates and are not statistically appropriate for differential abundance 

testing (Dillies et al. 2013; McMurdie & Holmes. 2014; Weiss et al. 2017). 

Normalization by proportional data transformation fails to address the heteroskedasticity 

introduced by the unequal variances of different library sizes, where ASV read counts 

belonging to larger libraries have inherently larger variance (McMurdie & Holmes. 

2014; Weiss et al. 2017). The alternative of rarefying accounts for library size and 

addresses heteroskedasticity, but this method has poor reproducibility and discards valid 

sequence data representing rare taxa (McMurdie & Holmes. 2014).  

A new normalization method, called scaling with ranked subsampling (SRS), 

presents a suitable normalization method for community-level diversity analysis as it 

accounts for library size, heteroskedasticity, and controls the rate of spurious sequences 

(Beule & Karlovsky. 2020). SRS determines an appropriate scaling factor to adjust read 

counts to the smallest library size, then uses ranked subsampling to minimize 

subsampling error, preserve community structure, and improve reproducibility (Beule & 

Karlovsky. 2020). As with proportional counts and rarefying, SRS normalization 
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remains statistically inefficient for the detection of differentially abundant taxa due to the 

omission of valid sequence data. There are various transformations available to prepare 

community count data for differential abundance analysis, however the DESeq2 

variance-stabilizing transformation (VST) is often preferred since it incorporates all 

sequence count data using a mixed-model framework to account for library size and 

heteroskedasticity (McMurdie & Holmes. 2014). In this thesis, SRS and VST 

normalization methods are used to transform amplicon sequence data for ecological 

community profiling and statistically meaningful analysis.  

1.6 Expected Diversity of Bacterial Communities 

This thesis presents the application of bacterial community profiling and analysis 

for two distinct microbial environments that have attracted significant research attention: 

mammalian intestines and soils. In Chapter 2, bacterial communities from the 

gastrointestinal tracts of South African Cape Horseshoe bats are exposed to extreme heat 

challenge; in Chapter 3, bacterial communities are profiled in soils above a known metal-

rich diamondiferous kimberlite deposit in the Northern Canadian tundra. The bacterial 

community profiles are expected to differ dramatically between these two microbial 

environments due to variations in temperature, pH, nutrients, salinity, available oxygen, 

etc. Nevertheless, the broad characteristics that define an environment can be used to 

predict general taxonomic trends corresponding to inferred bacterial community 

metabolic function.  

The mammalian gastrointestinal tract is a nutrient-rich environment that supports 

the growth of diverse microbial communities. Bats are unusual mammals that have 

evolved shortened gastrointestinal tracts to reduce biomass load for efficient flight 
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(Caviedes-Vidal et al. 2007), which corresponds to lower complexity of intestinal 

microbial communities. Whereas obligate anaerobes, such as Bacteroides, are common 

in other mammalian intestinal microbiomes, they are rarely observed in bats (Sun et al. 

2020). Intestinal microbiomes in bats are largely composed of members from the 

Proteobacteria and Firmicutes (Sun et al. 2020). Bats are common reservoirs of zoonotic 

bacterial pathogens, including members of the genera Salmonella, Shigella, Yersinia, 

Listeria, and Bartonella, as well as antibiotic-resistant Escherichia coli (Sun et al. 2020; 

Höhne et al. 1975; Veikkolainen et al. 2014; Adesiyun et al. 2009). 

Soil bacterial community structure is primarily influenced by pH (Fierer & 

Jackson. 2006; Siciliano et al. 2014), with generalist taxa preferring acidoneutral soils 

and specialist taxa preferring acidic and alkaline soils (Malard et al. 2019). Despite the 

permafrost-underlay, subarctic tundra soils host substantial bacterial diversity (Neufeld 

& Mohn. 2005; Malard et al. 2019). Bacterial taxa observed in tundra soils are generally 

widely distributed in the environment, and often play a role in the biogeochemical 

cycling of carbon and nitrogen. Dominant phyla include Proteobacteria, Planctomycetes, 

Acidobacteria, Bacteroidetes, Chloroflexi, and Verrucomicrobia (Malard et al. 2019; 

Tripathi et al. 2019; Ivanova et al. 2020). Acidobacteria are common members of soil 

microbial communities but are under-represented in culture and contain many 

unclassified taxa (Rappé & Giovannoni. 2003). Notably, the uncultured Acidobacteria 

genera RB41 is highly abundant in sandy tundra soils (Ivanova et al. 2020). Similarly, 

the uncultured Verrucomicrobia candidate genus Udaeobacter is routinely observed in 

high abundances across diverse soil environments, however a ‘Candidatus Udaeobacter 
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copiosus’ draft genome has been assembled from metagenomic data (Brewer et al. 

2016). 

1.7 General Thesis Objectives 

The overall objective of this thesis is to profile the bacterial communities in two 

distinct microbiome environments using 16S rRNA gene amplicon sequencing, an 

advanced ASV sequence inference workflow, and appropriate normalization strategies 

for statistically meaningful results. 

1.7.1 Specific Objectives 

Chapter 2: 

• Determine cultured fecal bacterial community heat tolerance threshold to identify a 

biologically meaningful temperature for heat challenge experiments. 

• Profile cultured bacterial communities before and after heat challenge to identify 

thermotolerant taxa and evaluate the impacts on community structure. 

Chapter 3: 

• Measure kimberlitic heavy metal concentrations within the subsurface soils around a 

known kimberlite deposit to examine mineral-metal-microbial interactions. 

• Model bacterial alpha-diversity estimates as a function of kimberlite proximity and 

soil sampling depth to identify significant effects and interactions that generate 

differences in bacterial community structures. 

• Perform redundancy analysis to compare kimberlite-associated soil bacterial 

community profiles against background community profiles to evaluate the impact of 

kimberlite proximity. 
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• Perform differential abundance testing and spatial analysis to identify potential 

kimberlite bioindicator taxa. 

1.8 Contributions To Manuscript-Based Thesis Chapters 

This manuscript-based thesis is divided into four chapters that cover the bacterial 

community profiling and analysis of two microbiome environments. 

Chapter 1 is a general introduction to microbial communities and amplicon-based 

sequencing workflows for bacterial community profiling (Danae Suchan, 100% credit).  

Chapter 2 was a collaborative effort to characterize Cape Horseshoe bat fecal 

bacterial community response to heat challenge. Danae Suchan (80% credit) performed 

16S rRNA amplicon sequence processing, statistical analysis, data presentation for 

Figure 2.2 and Figure 2.3, and contributed 75% of the written elements. Dr. Andrew 

Cameron (10% credit) performed sample collection, DNA extraction, Figure 2.1 data 

analysis, and 25% of the written elements. Amy Hunter (5% credit) performed Figure 2.1 

experimental design and data collection. Dr. Kara Loos (5% credit) performed library 

preparation and DNA sequencing. 

Chapter 3 investigates the application of bacterial community profiling to 

geological mineral exploration in the Canadian tundra (Danae Suchan, 100% credit). 

Jared Suchan and Ryan Bachynski contributed to soil sample collection. 

Chapter 4 is a general conclusion that summarizes the useful applications of 16S 

rRNA bacterial community amplicon sequencing investigated in this thesis, from general 

community profiling with a small dataset to statistically rigorous differential abundance 

testing with a large dataset (Danae Suchan, 100% credit). 



 

 14 

1.9 Contributions To Other Academic Works 

During my Master of Science studies (September 2018 - August 2021) I invested 

significant research time in multiple projects that are not presented in this thesis. From 

September 2018 to May 2019, I was based at the University of Victoria and the Phillips 

Brewing and Malting Company conducting meta-transcriptomics and bacterial 

community profiling throughout the processes of malting, fermenting, and distilling. Due 

to technical challenges, insufficient data was generated to include this work as a chapter 

in this thesis. From June 2019 to August 2021, I contributed to various research projects 

and publications, including: 

1) Delftia acidovorans transcriptomics during canola and soybean root colonization 
(published): 

Suchan DM, Bergsveinson J, Manzon L, Pierce A, Kryachko Y, Korber D, Tan Y, 
Tambalo DD, Khan NH, Whiting M, Yost CK. 2020. Transcriptomics reveal core 
activities of the plant growth-promoting bacterium Delftia acidovorans RAY209 
during interaction with canola and soybean roots. Microbial Genomics. 6: 
e000462. https://doi.org/10.1099/mgen.0.000462 

2) Gordonia transcriptomics during growth on complex sulfate substrates (published): 

 Bottos EM, AL-shabib EY, Shaw DMJ, McAmmond BM, Sharma A, Suchan 
DM, Cameron ADS, Van Hamme JD. 2020. Transcriptomic response of Gordonia 
sp. strain NB4-1Y when provided with 6:2 fluorotelomer sulfonamidoalkyl betaine 
or 6:2 fluorotelomer sulfonate as sole sulfur source. Biodegradation. 31: 407–422. 
https://doi.org/10.1007/s10532-020-09917-8 

3) Dissection and nucleic acid extraction protocol development for the detection of 

zoonotic pathogens in Saskatchewan deer mouse populations (project ongoing). 

4) Whole-genome Nanopore DNA sequencing and assembly of two hydrocarbon-

metabolizing bacterial isolates (manuscript nearing completion). 
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5) Bacterial community profiling and data analysis in African mongoose fecal samples. 

The results were central to a grant application to the American National Science 

Foundation (NSF) currently under review. 

6) RNA extraction, probe capture, DNA sequencing, and whole-genome assembly of 

novel bat coronaviruses from central Africa (project ongoing). 
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CHAPTER 2: HYPERTHERMIC TEMPERATURES DEPLETE BACTERIAL 

SPECIES RICHNESS BUT FAVOUR ENTEROCOCCI IN THE CULTURED 

INTESTINAL MICROFLORA OF SOUTH AFRICAN CAPE HORSESHOE 

BATS (RHINOLOPHUS CAPENSIS) 

2.1 Introduction 

Rates of hot temperature stress (hyperthermia) and heat-associated injury are rising 

in domestic and wild animal populations as global warming increases daily temperatures 

and the occurrence of severe heatwaves (Stillman. 2019; Welbergen et al. 2008; Perkins-

Kirkpatrick & Lewis. 2020). Most animals either move to avoid high temperatures 

and/or they invest energy in cooling; both options can be energetically expensive and can 

have associated risks of dehydration, reducing feeding time, restricting ranges, 

increasing predation, and other challenges that might contribute to species decline. The 

act of flying generates heat, presenting additional risks of stress to bats and birds. Bats 

are a globally distributed group of endotherms that experience a wide range of 

environmental temperatures. Some bats have been recorded to have core body 

temperatures exceeding 42 ºC during flight (O'Shea et al. 2014; Czenze et al. 2020; 

Toussaint & McKechnie. 2012), whereas other bats have been observed to elevate body 

temperature up to 43 ºC using controlled hyperthermia to tolerate hot roosting conditions 

(Maloney et al. 1999; Toussaint & McKechnie. 2012). In both scenarios, bats tolerate 

internal temperatures that are fatal for other mammals (Cossins & Bowler. 1987; 

Ratnayake et al. 2019). 

Animal-associated microbial species and their biological functions, collectively 

referred to as ‘microbiomes’, are evolved to thrive at the temperatures characteristic of 
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the different parts of an animal body (Bronikowski et al. 2001; Cooper et al. 2001). 

Moreover, animal hosts provide stable habitats that are buffered from environmental 

changes. In most animals, the intestinal microbiome is the largest microbial community, 

which performs essential roles in digestion, pathogen suppression, immune modulation, 

vitamin production, brain development, and homeostasis of host physiology, among 

other functions (McFall-Ngai et al. 2013). Bats are the second most diverse group of 

mammals after rodents, and bats are second only to humans for dietary diversity 

(Wilson. 1973; Moratelli & Calisher. 2015). Bats have relatively short intestinal tracts 

and reduced content retention times, as quick as 1-3 hours for some insectivorous species 

(Roswag et al. 2012); these features are shared with birds and are thought to allow for 

efficient powered flight (Caviedes-Vidal et al. 2007). Quite unlike other mammals, 

microbial community composition in bat intestines appears to lack host-specificity and 

does not correlate with diet or phylogenetic relatedness (Hammer et al. 2019; Song et al. 

2020). Another distinct feature of bat intestinal microflora is the apparent dominance of 

aerobic bacteria, primarily Firmicutes and Proteobacteria, and the absence of anaerobic 

Bacteroidetes (Sun et al. 2020).   

Hot climates raise the prospect of temperature-induced shifts in intestinal 

microbiome diversity, stability, and function, potentially causing gut imbalance 

(dysbiosis) that could exacerbate physiological stress for animals already near the upper 

limits of heat tolerance. Microbial community structure has been examined for the 

intestines of hibernating bats experiencing cold temperature (Sepulveda & Moeller. 

2020), but the impacts of atypical body temperatures on intestinal microbiota are 

otherwise unstudied. In this study, we hypothesized that bat fecal samples undergoing 
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heat challenge would experience a loss of bacterial community diversity and that 

thermotolerant species would dominate the post-challenged communities. To begin to 

address how intestinal microflora are impacted by hyperthermic conditions, we 

examined bacterial community membership and dynamics in fecal samples from Cape 

Horseshoe bats (Rhinolophus capensis), a cave-roosting species endemic to South 

Africa. Other members of the genus Rhinolophus maintain mean active body 

temperatures of 34 ºC-38 ºC (Xiao et al. 2019), and R. capensis is expected to exhibit 

body temperatures within that range. Bacterial communities were cultured at 

temperatures ranging from 37 ºC to 50 ºC to determine the thermal maxima of 

community members, followed by 16S rRNA amplicon sequencing to identify and 

quantify bacterial taxa before and after heat challenge. Assessing bat intestinal 

microbiome responses to heat challenge can provide valuable insight into the thermal 

sensitivity of small endotherms experiencing increasingly hot environments, and will 

improve understanding of bat intestinal microbiomes, which are attracting increasing 

attention due to the role of bats as reservoirs for a growing number of zoonotic diseases. 

2.2 Materials and Methods 

2.2.1 Fecal sampling from Rhinolophus capensis bats 

 Fecal samples from R. capensis were collected in a disused man-made tunnel at 

Table Farm (East entrance: 33°17’08.0”S, 26°25’38.6”E, West entrance: 33°17’12.1”S, 

26°25’32.1”E), approximately 10 km Northwest of Grahamstown, South Africa. The 

tunnel is a permanent home to a large colony of R. capensis bats. The tunnel itself goes 

straight through the mountain (~70 m) and ranges from 1 to 2 meters in height and 

diameter. Active trapping of bats was conducted in March and April 2021 to test 
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microbial survival at temperatures ranging from 37 ºC to 50 ºC. Bats were captured using 

hand-held bat/bird nets, and then housed individually in cotton geological sample bags, 

closed with a drawstring and disinfected with 10% bleach, and transported to the 

laboratory at the Department of Zoology and Entomology, Rhodes University. Rectal 

probes were inserted to a depth of 4-10 mm, gently rotated back and forth, then removed 

and placed into 10 ml of sterile tryptic soy broth (TSB) and vortexed to dislodge 

bacterial cells from the probes. Passive sampling for microbial community profiling 

occurred in March-April 2019. Plastic trays (1.0 m by 0.5 m) were covered with open 

sterile petri dishes and placed at the entrance of the roost in the late afternoon. The 

following morning, fecal pellets were collected with sterile forceps and each pellet was 

placed into a sterile microfuge tube for transport to the lab. 

2.2.2 Bacterial culture conditions and temperature challenge testing 

All rectal swab samples were cultured overnight at 37 ºC in 10 ml TSB in glass 

tubes without shaking. Following overnight culture (16-18 hours), each sample was split 

into ten 1000 μL aliquots, mixed with an equal quantity of sterile 80% glycerol, and 

cryopreserved at -80 ºC. To initiate temperature challenge experiments, frozen cultures 

were thawed and 200 μL was diluted into 800 μL of sterile room temperature TSB, then 

let sit for one hour recovery stage before temperature challenge. Tubes were then 

transferred to one of three incubators for six hours of temperature challenge; three 

temperatures were tested each day. Incubator internal temperature was calibrated to the 

display temperature using i-buttons positioned within the incubator for 4 hours. The 

incubator used for temperature challenge and sample position within incubators was 

randomized along the x, y and z axes using a 3x3x3 grid. 
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 Viable cells were quantified using colony forming unit (CFU) counts for samples 

prior to incubation (initial counts) and following the 6-hour temperature challenges. 

Samples were diluted using serial 10-fold dilutions (10-0 to 10-7), then dilution ranges 

predicted to provide the best countable numbers were plated on both MacConkey and 

Mueller-Hinton Agar using a “drop & run” technique. “Drop & run” worked by dropping 

15 µl of sample near the edge of a tilted Tryptic Soy Agar petri plate to let the small 

volume run across the plate. This approach improves the precision of colony forming 

unit (CFU) counts by maximizing plate surface area coverage while also enabling 

multiple dilution steps to be counted on a single plate. Three technical replicates were 

used per dilution (plated in a single Petri dish), and the mean of the counts from these 

replicates was used to calculate CFU/ml. Plates were incubated overnight at 37 ºC, then 

CFU were counted from runs providing the highest countable numbers (10-200 CFU), 

reducing error caused by very dilute or over-concentrated samples. 

2.2.3 Bacterial culture and DNA extraction for temperature challenge 

 Individual fecal pellets from passive sampling were suspended in 5 ml of TSB then 

vortexed to accelerate suspension of fecal bacteria and increase exposure to the nutrient-

rich medium. All fecal pellet samples were cultured overnight at 37 ºC in glass tubes 

without shaking. After 18 hours, cells were pelleted and total genomic DNA was 

extracted using the PureLinkTM Microbiome DNA Purification Kit (Invitrogen, MA, 

USA) according to the manufacturer’s instructions. A microbial community standard 

(Zymo Research, CA, USA) was prepared as a control for DNA extraction and 

sequencing. DNA from the standard was extracted with the DNeasy PowerSoil Kit 

(QIAGEN, ON, CA) according to the manufacturer’s protocol. The standard contained 
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three Gram-negative bacteria (Salmonella enterica, Escherichia coli, Pseudomonas 

aeruginosa) and five Gram-positive bacteria (Bacillus subtilis, Listeria monocytogenes, 

Staphylococcus aureus, Enterococcus faecalis, Lactobacillus fermentum). A negative 

control of nuclease-free water was sequenced alongside the samples. 

2.2.4 16S rRNA gene amplicon sequencing  

 DNA extracts were quantified using the Qubit dsDNA Broad Range assay 

(Invitrogen, CA, USA) and diluted to 10 ng/μL using nuclease-free water to ensure 

uniform template concentrations for library synthesis. Amplicon sequencing libraries 

were prepared as 25 μL PCR reactions using the NEB Q5 Hot Start High-Fidelity kit 

(New England Biolabs, MA, USA) with 2.5 μL of 5 μM pooled forward (515F) and 

reverse (806R) 16S V4 dual-indexed primers (Kozich et al. 2013), 2 μL template DNA, 

and 8 μL nuclease-free water. PCR thermocycling conditions were performed as follows: 

initial denaturation at 98 ºC for 30 seconds, and 30 cycles of 98 °C for 10 seconds, 55 °C 

for 30 seconds, 72 °C for 20 seconds, and a final extension of 72 °C for 5 minutes, 

followed by a 4 °C hold. Amplicon libraries were cleaned using AMPureXP magnetic 

beads (Beckman Coulter Inc., CA, USA) and pooled in equal ng amounts. Normalized 

libraries were then gel-purified using the E-Gel Size Select 2% gel (Invitrogen, CA, 

USA). After gel size selection, the average size of the pooled libraries was assessed 

using an Agilent High Sensitivity DNA kit on a 2100 Agilent Bioanalyzer (Agilent 

Technologies, CA, USA) and molarity of the pooled libraries was assessed with the 

NEBNext Library Quant kit for Illumina (New England Biolabs, MA, USA); the 

quantified library was then diluted to 8 pM. Sequencing was performed on the Illumina 
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MiSeq platform using a V2 2x250 bp paired-end sequencing chemistry flow cell 

(Illumina, Inc., CA, USA). 

2.2.5 Amplicon sequence inference analysis 

 Demultiplexed and adapter-trimmed paired-end sequence reads were processed in R 

(v.4.0.3, R Core Team. 2020) using the standard amplicon sequence variant inference 

workflow from DADA2 (v.1.18.0, Callahan et al. 2016). Per sample read quality profiles 

were used to inform the read trimming parameter ‘truncLen=c(210,240)’; merged read 

pairs had a minimum 200 bp overlap and were restricted to 252-253 bp total contig 

length. Final merged sequences were taxonomically classified using the latest Silva SSU 

taxonomic training set with species assignment (Silva v.138 version 2, McLaren. 2020). 

Sequence count data were rarefied to 2166 reads using the scaling with ranked 

subsampling normalization method (Beule & Karlovsky. 2020). Rarefaction analysis was 

performed using vegan (v.2.5.7, Oksanen et al. 2020) to confirm that sample libraries 

were sequenced to a depth suitable for bacterial community profiling, visually assessed 

by the rarefaction curve approaching the horizontal asymptote. Microbiome data was 

integrated in phyloseq (v.1.34.0, McMurdie & Holmes. 2013) for analysis and visual 

representation with ggplot2 (v.3.3.3, Wickham. 2016). Contamination was assessed 

using decontam (v.1.10.0, Davis et al. 2018) with the ‘prevalence’ method based on the 

negative sequencing control. Richness and evenness measures of alpha-diversity were 

calculated using the microbiome R package (v.1.12.0, Lahti & Shetty. 2019).  
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2.3 Results 

2.3.1 Temperature sensitivity of cultured fecal bacteria 

 Microbiota from Rhinolophus capensis feces were cultured in nutrient-rich broth to 

measure changes in bacterial abundance after exposure to a range of high temperatures. 

Cave-dwelling Rhinolophus members have active body temperatures near 34 ºC-38 ºC 

(Xiao et al. 2019); laboratory cultured intestinal microflora grew comparably at 37 ºC 

and 40 ºC, but mean population growth declined at 42 ºC and above (Figure 2.1). Culture 

growth was inhibited at and above 44 ºC as bacterial cell counts decreased below the 

starting concentration of CFU. 
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[Figure by Andrew Cameron and Amy Hunter] 

Figure 2.1: Fold change in the number of colony forming units (CFU) after 6 hours 

of temperature challenge. The mean and standard deviation calculated for each of 9 

distinct fecal samples are plotted, each as a grey dot. 
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2.3.2 Microbial community membership and dynamics in response to heat challenge 

 To examine whether heat challenge impacted microbiome community structure, 

changes in bacterial community composition were surveyed by sequencing the variable 

region 4 of the 16S rRNA gene from cultured fecal microbiomes before and after heat 

challenges. Sequencing error rate was low (0.002%), as calculated by the mock 

community, and no contaminants were identified in the negative control. Rarefaction 

curve analysis showed that sequencing captured bacterial diversity in all samples, 

confirming that processed reads were suitable for bacterial community profiling (Figure 

2.2). In total, 40 ASVs were identified from 25 genera in the cultured fecal samples from 

19 R. capensis bats. 
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Figure 2.2: Rarefaction curves of sequenced cultured fecal bacterial communities. 

ASV richness is plotted as a function of increasing read count to assess depth of 

sequencing coverage and detection of sampled diversity. Samples were rarefied to 2166 

reads using scaling with ranked subsampling. 
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 Based on the observed thermal niche of R. capensis, heat challenge at 44 ºC for 5 

hours presents a biologically relevant condition for evaluating the impacts of elevated 

temperatures on intestinal microbiome composition (Figure 2.3). High temperatures were 

hypothesized to reduce bacterial diversity, including measures of species richness and 

evenness, by prohibiting the growth of heat-sensitive taxa and allowing tolerant taxa to 

proliferate. The initial cultured bacterial communities had low complexity, with 

Enterococcus spp. accounting for 25% of community members. Nevertheless, richness 

was further reduced in most samples following heat challenge (Figure 2.3A). The 

evenness of relative abundances unexpectedly increases following heat challenge (Figure 

2.3B), which is usually interpreted to represent increased diversity. A more plausible 

explanation is that some of the communities were reduced a small number of dominant 

taxa with an absence of observable rare taxa, creating an “even” distribution of perhaps 

only one type of bacterium. Two such samples became entirely composed of single 

ASVs - Enterococcus spp. in each case – resulting in the highest measure of evenness 

possible, 1 (Figure 2.3B). After temperature challenge, Enterococcus and Klebsiella spp. 

remain dominant within the cultured microbiomes, with Enterococcus spp. being 

enriched with a 1.3 log2-fold increase in mean abundance (Figure 2.3C). Initially, other 

genera ranged from 1%-15% mean relative abundance, but all are reduced below 4% 

relative abundance under temperature challenge, corresponding to a loss in richness. 

Some genera, such as Pantoea, disappeared completely after temperature challenge 

(Figure 2.3C). 
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[Colour Figure] 

Figure 2.3: Cultured fecal microbiomes from nine R. capensis bats grown at 44 ºC 

for 5 hours. (A) Observed ASV richness and (B) Simpson’s evenness index values 

before and after heat challenge are plotted with faded points. Solid points are the means 

with bars indicating standard error. (C) Pre- and post-challenge relative abundance of the 

top 15 most abundant ASVs across all samples are plotted by genera, with crossbars 

denoting the means. 
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 To identify which intestinal bacteria are most tolerant to sustained high 

temperatures, fresh fecal cultures were incubated at 45 ºC for 18 hours. The starting 

bacterial communities of were slightly more complex than those used in the 5-hour 

exposure experiment above. Species richness decreased in every sample following the 

prolonged heat challenge, as anticipated (Figure 2.4A). Observed species evenness was 

reduced after heat exposure, reflecting a loss of diversity (Figure 2.4B). Unlike the 5-

hour heat exposure experiment, all microbiome samples maintained a diversity of at least 

three different taxa throughout heat challenge, thus precluding the previously mentioned 

paradoxical diversity scenario of a highly “even” microbiome composed of a single 

ASV. Here, Enterococcus and Klebsiella spp. were again the most abundant bacteria, but 

demonstrated contrasting impacts of heat challenge (Figure 2.4C). Enterococcus had a 

3.3 log2-fold increase in abundance while Klebsiella had a 3.8 log2-fold decrease 

(Figure 2.4C). Escherichia was observed in a single sample and demonstrated one of the 

largest increases in abundance (8.9 log2-fold). Conversely, Pseudomonas, Lactococcus, 

Hafnia, Serratia, and Salmonella spp. had reduced relative abundances after the 18-hour 

heat challenge (Figure 2.4C). 
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[Colour Figure] 

Figure 2.4: Cultured fecal microbiomes from five R. capensis bats grown at 45 ºC 

for 18 hours. (A) Observed ASV richness and (B) Simpson’s evenness index values 

before and after heat challenge are plotted with faded points. Solid points are the means 

with bars indicating standard error. (C) The relative abundance of the top 15 most 

abundant ASVs pre- and post-challenge across all samples are plotted by genera, with 

crossbars denoting the means. 
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2.4 Discussion 

 Temperature is a major determinant of organismal niche. Although the thermal 

performance of select enteric bacteria have been studied in laboratory monoculture, 

mostly motivated by food safety, the influence and impact of temperature on 

microbiomes has been rarely studied. Small endotherms like bats could be at greater risk 

of disruptions to the composition and functions of intestinal microbiomes as the small 

size of the animal host provides less buffering against extreme environmental 

temperatures. Conversely, resident microflora could be co-adapted with the bat to resist 

large temperature swings, from the relative cold of hibernation and torpor to the high 

heat of hyperthermia. Most studies of bat intestinal microbiomes have tested a small 

number of individuals, in some cases a single bat from different bat species, preventing 

broad generalizations regarding the characteristics of ‘normal’ bat intestinal microflora. 

A consistent finding is that there is limited bacterial diversity in the intestine or feces of 

each bat. Limited diversity in the gut microbiome creates uncertainty regarding the 

extent to which bats rely on their intestinal microflora (Hammer et al. 2019). A study 

that collected bats at different times over the course of a year from a colony of Greater 

Horseshoe Bats (Rhinolophus ferrumequinum) in China suggested that intestinal 

microflora are sensitive to seasonal temperature fluctuations and the periods of 

prolonged inactivity related to hibernation, leading researchers to propose that changes in 

microbial community structure is adaptive as it allows optimal metabolic energy 

acquisition (Xiao et al. 2019).  

 By culturing the aerobic intestinal bacteria, we were able to test thermal limits and 

examine permissible thermal niches to identify bacterial taxa that are susceptible to, or 
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tolerant of, hyperthermic challenge. Culturing at temperatures above 40 ºC caused 

reductions in cell numbers and declines in bacterial species richness (44 ºC and 45 ºC). 

Loss of bacterial diversity is the cause of dysbiosis in the human intestine, and decreased 

diversity is correlated with decreased intestinal function, compromised intestinal lining, 

and inflammation. Although bats may be facultatively dependent on their relatively 

simple intestinal microbiomes (Hammer et al. 2019), heat-induced loss of microbial 

diversity is nevertheless predicted to have negative impacts, which in turn may weaken a 

bat until normal microbiome structure and function are restored. Fortunately, while the 

low species diversity of bat intestinal microflora may make the bacterial community less 

robust, at least the host animal benefits from the potential to restore normal intestinal 

activities with a small number of bacterial species. Most gut microflora in mammals are 

mesophiles adapted for optimal growth in a range of 30 ºC to 39 ºC, and an absolute limit 

of 45 ºC (Keenleyside. 2019). The fecal bacteria from R. capensis that grew in aerobic 

culture in rich medium were characteristically mesophilic, exhibiting decreased 

persistence in culture above 42 ºC, with severe growth-limitation at and above 44 ºC 

(Figure 2.1).  

 Temperature challenge had an impact on bacterial community structure: despite 

low initial richness in the cultured communities, species richness was reduced even 

further under both biologically relevant (5 hour) and extended (18 hour) conditions 

(Figures 2.3A and 2.4A). The low bacterial community complexity characteristic of bat 

intestinal microbiomes (and culturing) can skew measures of evenness and make typical 

alpha-diversity metrics unsuitable for characterizing shifts in community structure. For 

example, we observed three cultures dominated by a single bacterial ASV 
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(Enterococcus), after culturing at high temperature. A ‘community’ composed of a single 

ASV has perfect evenness in the community after heat exposure (Figure 2.3B) and is 

interpreted as having high diversity by common indices of alpha-diversity that 

incorporate evenness metrics, including the Shannon Diversity and Inverse Simpson 

Diversity indices. The power of other statistical analyses and significance testing are 

reduced by low complexity data. Small sample sizes with small effect sizes between 

groups have low statistical power that is further reduced by paired low complexity data, 

such as the cultured pre- and post- heat challenged bacterial communities in this study. 

The incorporation of a 37 ºC negative control for temperature would have allowed 

comparison of the temperature challenge data against the normal growth of the cultured 

fecal samples, and consequently limited conclusions can be drawn from the temperature 

challenge experiments conducted in this study. 

 The Gram-positive Enterococcus were present in all sampled bat microbiomes and 

were the most enriched taxa in all heat challenged communities, regardless of the 

conditions (Figure 2.3C and 2.4C). In several samples, communities were composed 

entirely of one or more Enterococcus strains. Enterococci are highly adapted 

gastrointestinal residents with a wide range of animal hosts (Gilmore et al. 2013), and 

they can persist in the environment by tolerating a range of pH and temperatures 

(Lebreton et al. 2014; Orr et al. 2002). Although enterococci evolved as commensal 

members of gastrointestinal microbiomes, the pathogenic species E. faecalis and E. 

faecium have emerged as leading causes of multi-drug resistant hospital-acquired 

infections (Gilmore et al. 2013). The Gram-negative members of the family 

Enterobacteriaceae are typical gastrointestinal inhabitants that were also able to 
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withstand heat challenge. Klebsiella were the second most prevalent taxa among cultured 

R. capensis fecal microbiomes and were tolerant of the 5-hour heat challenge at 44 ºC 

(Figure 2.3C) but were sensitive to the sustained high temperature challenge at 45 ºC 

(Figure 2.4C). Escherichia spp. were only detected in fecal microbiomes subjected to 

45 ºC sustained heat challenge, and in one instance were enriched with a nearly 9 log2-

fold increase in mean abundance (Figure 2.4C).  

 Bats carry and transmit bacteria that infect humans and have been observed to host 

significantly more potential bacterial pathogens than other mammals (Song et al. 2020). 

It has been proposed that higher mean body temperatures might protect bats against viral 

and bacterial pathogens by emulating a fever-like response to infection (O'Shea et al. 

2014), but this mechanism of pathogen suppression would only apply to pathogens that 

also exploit non-bat hosts and consequently do not adapt to infect the warmer bat host. 

The best-studied enteric pathogens, Salmonella, Escherichia coli, and Campylobacter, 

all demonstrate a capacity to transiently tolerate, or evolve tolerance for, temperatures of 

42 ºC and above (Bunning et al. 1990; Cooper et al. 2001; Hazeleger et al. 2018). 

Temperature-induced gut dysbiosis is predicted to favour expansion of thermotolerant 

zoonotic pathogens carried by bats that cause disease in humans. Antibiotic-resistant E. 

coli isolates have been previously isolated from bats (Adesiyun et al. 2009), adding to 

concerns regarding thermal selection of drug-resistant bacterial pathogens in wildlife 

reservoirs. Animals distribute enterococci and Enterobacteriaceae wherever they 

defecate, allowing these bacteria to circulate in diverse environments and transmit 

between hosts, including humans.  



 

 35 

 This study presents a preliminary investigation into the impacts of high 

temperatures on bat microbiome community structure and membership. Whole-genome 

sequencing of representative pathogenic, and antibiotic-resistant bacterial members was 

beyond the scope of this study, however, given the observed tendency for heat selection 

of enterococci and Enterobacteriaceae from bat microbiomes, future research should 

focus on monitoring the circulation and enrichment of these taxa in bat colonies 

routinely experiencing high temperatures. 
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CHAPTER 3: BACTERIAL COMMUNITIES AND CANDIDATE 

BIOINDICATOR TAXA ASSOCIATED WITH A DIAMONDIFEROUS 

KIMBERLITE FORMATION IN SUBARCTIC CANADIAN TUNDRA SOILS 

3.1 Introduction 

 Soil-inhabiting fungi and bacteria have been recognized as potential bioindicators 

of concealed mineral resources for decades (Dunn. 1989; Reith et al. 2009), yet robust 

applications of microbial-based resource detection have remained undeveloped for 

commercial use despite advancements in metagenomic sequencing (Levett et al. 2021). 

As surficial mineral reserves are depleted and mineral grades decline (Prior et al. 2012; 

Calco et al. 2016), innovative techniques that complement current geochemical and 

geophysical survey methods will be invaluable tools for future exploration. Here, 

bacterial 16S rRNA gene amplicon sequencing is used to investigate variations in 

bacterial community structure and identify potential bioindicator taxa enriched within 

soils above a known kimberlite deposit.  

 Current approaches to microbial mineral exploration are based on microbial 

responses to toxic heavy metal concentrations generated by subsurface mineral deposits 

(Levett et al. 2021). Metals are generally present in all soils, and many bacteria have 

evolved resistance mechanisms to survive in the presence of elevated metal 

concentrations (Silver & Phung. 2005; Baker-Austin et al. 2006). Metals such as 

magnesium, iron, cobalt, copper, nickel, chromium, and zinc are essential in low or trace 

amounts for regular bacterial growth and function, but the toxicity of high concentrations 

can inhibit sensitive populations (Sterritt & Lester. 1980; Silver & Phung. 2005). 

Weathering subsurface mineral deposits are hypothesized to form metal-enriched 
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‘geochemical haloes’ in the soil above a deposit (Levett et al. 2021). Different mineral 

deposit types have defined sets of associated metals with distinct geochemical soil 

compositions that exert selective pressure for metal resistant bacteria, which ultimately 

shapes microbial community composition and function (Niu et al. 2016; Luo et al. 2018; 

Xiao et al. 2021).  

 Soil bacterial community structure is heavily influenced by pH (Fierer & Jackson. 

2006; Siciliano et al. 2014), which impacts both metal solubility and metal binding by 

bacteria. Acidic soils within pH 3-6 are anticipated to drive selection for metal resistant 

populations, since low pH environments in this range increase metal solubility (Chuan et 

al. 1996; Król et al. 2020), promote dissolution through chemolithotrophic oxidation of 

metal ions (Levett et al. 2021), and support the deprotonation of bacterial cell surface 

metal-binding sites (Fein et al. 1997). The interactions of environmental factors such as 

pH, moisture, and nutrients should be considered when evaluating the relationship 

between soil bacterial community structure and metals. 

 Bacterial community profiling by DNA sequencing has the potential to 

complement traditional mineral exploration tools by tracking and predicting variations in 

community structure in response to metal exposure (Gans et al. 2005, Hinojosa et al. 

2010). This method could be highly applicable in small-scale, defined regions of interest 

where traditional exploration tools cannot provide the adequate resolution to identify 

potential drilling targets. Overall bacterial community structures are expected to differ 

between soils overlaying mineral resource deposits compared to background soils 

lacking metal enrichment; differentially abundant taxa responding to metal exposure can 

then be identified as potential bioindicators for subsurface mineral deposits (Levett et al. 
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2021). Notably, community-based discovery of bioindicator taxa is not limited to 

enriched metal-resistant taxa: sensitive taxa lacking the appropriate heavy metal 

resistance mechanisms will be absent or rarely abundant under the selective conditions. 

Thus, the absence of specific taxa can also serve as a bioindicator when soil sampling is 

sufficient to identify spatial changes in abundances. Additional bioindicator taxa could 

potentially be inferred from the distribution of obligate chemolithotrophs requiring 

inorganic sources of energy such as reduced metal ions, however this avenue remains 

unexplored amidst current efforts to find bioindicators. 

 Any mineral deposit with a well-defined set of associated metals has the potential 

for microbial genetic-based exploration, but most efforts to use microbial community 

structure and microbial resistance to metals as bioindicators have focused on gold 

deposits (Zammit et al. 2012). Kimberlites are igneous, magma-derived minerals 

originating from deep within the Earth’s mantle, where extreme conditions impart 

kimberlites with geochemically distinct heavy metal profiles, potentially creating a 

unique selective environment that is ideal for microbial-based detection. While 

kimberlites hold little economic value, they are the primary source of minable diamond, 

a high-value mineral commodity prized as a gemstone and widely applied in industrial 

settings for unparalleled hardness and thermal conductivity.  

 To investigate the potential for bacterial community-based kimberlite mineral 

exploration, amplicon-based bacterial community sequencing was performed on soil 

samples collected above the known diamondiferous mineral deposit LI-201 in the 

Northwest Territories, Canada. Previous exploratory drilling efforts intersected the 

LI-201 kimberlite at four different points along a 20 m by 60 m section of land, 
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providing experimental soil samples to represent kimberlite-associated bacterial 

communities. Over the past two decades, a vast amount of geochemical and geomagnetic 

data has been collected to assess the economic potential of the LI-201 kimberlite; 

however, it remains unmined, and thus presents a unique opportunity to test microbial-

based exploration methods of subsurface mineral detection. 

3.2 Materials and Methods 

3.2.1 Study design and sample collection 

 The LI-201 kimberlite deposit is located at approximately 65.251407º 

latitude, -110.724273º longitude in the Northwest Territories, Canada. The area 

surrounding the LI-201 kimberlite intersections was divided into four soil sections to 

facilitate analysis: 20 sampling sites were located directly above and immediately 

adjacent to the four kimberlite intersections, 18 sites were within a buffer zone around 

the intersections, 22 background sites were to the South of the kimberlite, and 23 

background sites were to the Northwest/Northeast of the kimberlite (Figure 3.1). 

 Soil samples were aseptically collected at two depths at each sample location: 

surface (5 cm-15 cm) and deep (15 cm-30 cm). Surface soil samples were collected 

below the rich, dark brown organic soil layer when present. Samples were preferentially 

collected from frost boils for ease of sampling. Double-bagged soil samples were stored 

in an insulated 12.3 L Pelican™ Elite soft cooler (Pelican Products, CA, USA) out of sun 

exposure. Sample treatment was consistent throughout sampling, storage, and 

transportation; efforts were made to maintain an internal cooler temperature around 4 ºC 

to preserve nucleic acid integrity. Internal cooler temperature was routinely monitored 

with an Inkbird IBS-TH1 bluetooth temperature and humidity smart sensor (Inkbird 
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Tech. Co. Ltd, Shenzhen, China). Upon return to the laboratory, samples were 

immediately stored at -20 ºC prior to DNA extraction. 

3.2.2 DNA extraction and 16S rRNA gene amplicon sequencing 

 Genomic DNA was extracted from soil samples using the DNeasy PowerSoil kit 

(QIAGEN, Hilden, Germany) according to the manufacturer’s protocol, except for the 

homogenization step. Samples added to ‘PowerBead’ tubes containing lysis buffer were 

homogenized using a Retsch MM200 mixer mill (Verder Group, Italy) at 30 Hz for 5 

minutes. 

 A microbial community standard (Zymo Research, CA, USA) was prepared as a 

control for DNA extraction and sequencing using the same extraction protocol as for soil 

samples. The standard contained three Gram-negative bacteria (Salmonella enterica, 

Escherichia coli, Pseudomonas aeruginosa) and five Gram-positive bacteria (Bacillus 

subtilis, Listeria monocytogenes, Staphylococcus aureus, Enterococcus faecalis, 

Lactobacillus fermentum). A negative control of nuclease-free water was included in the 

library preparation and DNA sequencing workflow alongside the soil samples and 

standard. 

 DNA extracts were quantified using the Qubit dsDNA Broad Range assay 

(Invitrogen, CA, USA) and diluted to 10 ng/μL using nuclease-free water to ensure 

uniform template concentrations for library synthesis. Amplicon sequencing libraries 

were prepared as 25 μL PCR reactions using the NEB Q5 Hot Start High-Fidelity kit 

(New England Biolabs, MA, USA) with 2.5 μL of 5 μM pooled forward (515F) and 

reverse (806R) 16S V4 dual-indexed primers (Kozich et al. 2013), 2 μL template DNA, 

and 8 μL nuclease-free water. PCR thermocycling conditions were performed as follows: 
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initial denaturation at 98 ºC for 30 seconds, and 30 cycles of 98 °C for 10 seconds, 55 °C 

for 30 seconds, 72 °C for 20 seconds, and a final extension of 72 °C for 5 minutes, 

followed by a 4 °C hold. Amplicon libraries were cleaned using AMPureXP magnetic 

beads (Beckman Coulter Inc., CA, USA) and pooled in equal ng amounts. Normalized 

libraries were then gel purified using the E-Gel Size Select 2% gel (Invitrogen, CA, 

USA). After gel size selection, the average size of the pooled libraries was assessed 

using an Agilent High Sensitivity DNA kit on a 2100 Agilent Bioanalyzer (Agilent 

Technologies, CA, USA) and molarity of the pooled libraries was assessed with the 

NEBNext Library Quant kit for Illumina (New England Biolabs, MA, USA); the 

quantified library was then diluted to 8 pM. Sequencing was performed on the Illumina 

MiSeq platform using a V2 2x250 bp paired-end sequencing chemistry flow cell 

(Illumina, Inc., CA, USA). 

3.2.3 Amplicon sequence inference analysis 

 Demultiplexed and adapter-trimmed paired-end sequence reads were processed in 

R (v.4.0.3, R Core Team. 2020) using the standard amplicon sequence variant inference 

workflow from DADA2 (v.1.18.0, Callahan et al. 2016). Per sample read quality profiles 

were used to inform the ‘truncLen’ parameter for read trimming; merged read pairs had a 

minimum 150 bp overlap and were restricted to 252-254 bp total contig length. Each 

sequencing run was processed separately to generate sequence tables, then merged to 

remove chimeric sequences and assign taxonomy using the latest Silva SSU taxonomic 

training set (Silva v.138 version 2, McLaren. 2020). Sequence count data were rarefied 

to 2732 reads using the scaling with ranked subsampling normalization method (Beule & 

Karlovsky. 2020). Rarefaction analysis was performed using vegan (v.2.5.7, Oksanen et 
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al. 2020) to confirm that sample libraries were sequenced to a depth suitable for bacterial 

community profiling, visually assessed by the rarefaction curve approaching the 

horizontal asymptote. Microbial community composition data was integrated in phyloseq 

(v.1.34.0, McMurdie & Holmes. 2013) for statistical analysis and visual representation 

with ggplot2 (v.3.3.3, Wickham. 2016). Potential contaminants in each sequencing run 

were identified and removed using decontam (v.1.10.0, Davis et al. 2018) with the 

“prevalence” method based on negative sequencing controls. Sequences with 

‘uncharacterized’ phylum were removed from the dataset, as these are likely artifacts. 

Sequences characterized as ‘Archaea’ were also removed, since archaeal characterization 

was beyond the scope of this study. 

3.2.4 Soil chemistry analysis 

 Soil samples were sent to ALS Chemicals in Yellowknife, Northwest Territories, for 

trace metal analysis using the AuME-TL44 assay with trace level detection limits for all 

elements. Samples were processed using a partial digestion using nitric acid and 

hydrochloric acid at a 1:3 ratio ideal for the dissolution of elements adsorbed on clay 

particles, followed by inductively coupled plasma mass spectrometry elemental analysis 

to fully decompose samples into its constituent elements and transforms those elements 

into ions. Simultaneous general linear hypothesis testing was performed with the 

multcomp R package (v.1.4.16, Hothorn et al. 2008) using Dunnett contrasts with 

reported adjusted p-values (padj) corrected for multiple comparisons.  

3.2.5 Modelling bacterial diversity and linear hypothesis testing 

 Bacterial alpha-diversity was calculated using the Inverse Simpson Index and 

analyzed using a generalized linear model (GLM) to determine the effect of sampling 
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depth and soil section as factor covariates; an interaction between depth and section was 

included in the GLM. Since alpha-diversity values are positive values with a strong 

mean-variance relationship, the response values were conditionally distributed using a 

Gamma distribution with a logarithmic family link. The estimated marginal means, 95% 

confidence intervals calculations, and linear hypothesis testing of sampling depth and 

section effects and interactions were derived from the model using the emmeans R 

package (v.1.5.4, Lenth. 2021). P-values were adjusted for multiple comparisons using 

the Tukey method. 

3.2.6 RDA ordination analysis 

 Redundancy analysis (RDA) was performed to evaluate the relationship between 

bacteria community profiles and trace kimberlitic metal concentrations. Summed 

concentrations of the kimberlite indicator elements (KIE) strontium (Sr), titanium (Ti), 

iron (Fe), cobalt (Co), niobium (Nb), magnesium (Mg), chromium (Cr), barium (Ba), 

calcium (Ca), rubidium (Rb), nickel (Ni), and potassium (K) were included. SRS-

normalized ASV data were Hellinger-transformed before RDA and ordination plotting 

(Legendre & Gallagher. 2001).  

3.2.7 Differential abundance analysis 

 Raw, non-normalized amplicon sequence data were evaluated for significantly 

differentially abundant (sigDA) ASVs using the DESeq2 R package (v.1.30.1, Love et 

al. 2014). Prior to analysis, surface and deep samples were bioinformatically pooled by 

sample site. Differential abundance testing was designed to compared kimberlitic soils 

(section A) against all other soils (section B, C, and D) to identify potential bioindicator 

taxa. Size factor estimation was performed with type=‘poscounts’, and dispersion 
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estimates were evaluated with a ‘local’ fit type. The Benjamin-Hochberg correction was 

used to control type 1 error (false positives) and adjust p-values for multiple 

comparisons. 

3.3 Results 

3.3.1 Soil characteristics around the LI-201 kimberlite 

 The LI-201 kimberlite formation has been intersected four times during previous 

exploratory diamond drilling programs (Figure 3.1). In this study, land sections were 

designated based on surface distance to kimberlite intersections to survey bacterial 

community diversity and identify potential kimberlitic indicator taxa. The LI-201 

kimberlite formation trends Northwest-Southeast but the exact boundaries are unknown. 

Therefore, a buffer zone was established around the kimberlite intersections to 

strengthen resolution when comparing kimberlite-associated soils against background 

soils (Figure 3.1). Soil samples were collected at two depths from each sample site, 

surface (5-15 cm) and deep (15-30 cm), with surface samples collected below the 

organic soil layer when present. 
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[Colour Figure] 

Figure 3.1: Sample site locations around LI-201 kimberlite intersections (connected 

black crosses) discovered by previous drilling. Soil samples were collected from 20 

sites directly over kimberlite intersections (Section A, red; note that sample number is 

under-represented on the map to show kimberlite intersections), 18 sites within a buffer 

zone around the intersections (Section B, orange), 22 background sites to the South of 

the kimberlite (Section C, dark blue), and 23 background sites to the 

Northwest/Northeast of the kimberlite (Section D, light blue). Imagery was collected by 

drone during sample collection in August 2019. Map imagery and data features were 

compiled with Esri© ArcGIS software. 
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 The total concentration of trace metals detected in soil samples did not differ 

between land sections (Figure 3.2). Sr was the only kimberlitic indicator metal with 

elevated concentrations detected over the kimberlite; the mean concentration of Sr was 

higher in soils above the kimberlite than in the background soils from sections C and D 

(padj = 0.005 and <0.001), but was not different from the contiguous buffer zone soils in 

section B (Figure 3.2B). Although not significant at the 95% confidence level, the mean 

concentration of Ti was somewhat weaker in section C and D soils (padj = 0.084, padj = 

0.051) compared to section A kimberlitic soils (Figure 3.2C). Fe, Co, and Nb 

concentrations were no different in section A compared to surrounding soils (Figure 

3.2D-F). 
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[Colour Figure] 

Figure 3.2: Soil geochemistry trace metals. (A) Total metal and (B-F) kimberlitic 

heavy metal concentrations from each sample site are plotted (faded points) by soil 

section with the mean reported. Simultaneous general linear hypothesis testing was 

performed using Dunnett contrasts with multiple comparisons (Sections B, C, D) to a 

control (Section A). Reported adjusted p-values (padj) are corrected for multiple 

comparisons. 
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3.3.2 Bacterial diversity across soil sections 

 Bacterial community structure was surveyed by sequencing the 16S rRNA gene 

taxonomic marker from all soil samples. The sequencing error rate was 0.002%, as 

calculated by the mock community, with no probable contaminants identified in the 

negative control. Rarefaction curve analysis indicates that bacterial diversity was 

adequately captured; observed diversity plateaus as sequencing effort increases, therefore 

the processed reads were suitable for bacterial community profiling in all samples 

(Figure 3.3).  
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Figure 3.3: Rarefaction curves of sequenced soil bacterial communities. Inverse 

Simpson diversity index values are plotted as a function of increasing read count to 

assess depth of sequencing coverage and detection of sampled diversity. Samples were 

rarefied to 2732 reads using scaling with ranked subsampling. 
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 The soils near the LI-201 kimberlite support diverse bacterial communities despite 

the tundra landscape and subarctic permafrost. A total of 47 bacterial phyla were 

identified across all soil samples, with 84 to 771 ASVs observed per sample and a total 

of 17,245 ASVs observed across all samples. A flexible GLM was used to investigate the 

effects of the interaction between soil section and sampling depth on bacterial diversity 

(Figure 3.4). Bacterial diversity is significantly higher in surface samples within the 

kimberlite-associated section A soils compared to the deep samples (effect estimate 

0.3677; padj = 0.0179), but sampling depth does not influence diversity in the other 

sections (Table 3.1). There is no difference in deep sample bacterial diversity across soil 

sections, however the surface samples are more diverse in section A soils compared to 

section C (effect estimate 0.4104; padj = 0.0374) and D (effect estimate 0.4663; padj = 

0.0091) (Table 3.1). 
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[Colour Figure] 

Figure 3.4: Soil bacterial alpha-diversity measured by Inverse Simpson’s diversity 

index. Diversity index values are plotted for each sample (faded points) according to soil 

section. Solid points are the estimated marginal means from the GLM with error bars 

representing the 95% confidence intervals. 
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Table 3.1: General linear hypothesis testing of interaction effects between soil 
section and sampling depth. 

 Null 
hypothesisa 

Effect 
estimate b Z value padj c,d 

Effect of depth within each 
section 

Asurface – 
Adeep = 0 

0.3677 2.367 0.0179* 

Bsurface – 
Bdeep = 0 

0.1814 1.105 0.2692 

Csurface – 
Cdeep = 0 

0.1101 0.727 0.4672 

Dsurface – 
Ddeep = 0 

0.0331 0.234 0.8148 

Effect of deep sample 
depth between sections 

Adeep –  
Bdeep = 0 

0.0481 0.301 0.9905 

Adeep –  
Cdeep = 0 

0.1528 0.996 0.7517 

Adeep –  
Ddeep = 0 

0.1316 0.887 0.8117 

Bdeep –  
Cdeep = 0 

0.1047 0.663 0.9110 

Bdeep –  
Ddeep = 0 

0.0836 0.546 0.9477 

Cdeep –  
Ddeep = 0 

-0.0211 -0.144 0.9989 

Effect of surface sample 
depth between sections 

Asurface – 
Bsurface = 0 0.2344 1.466 0.4581 

Asurface – 
Csurface = 0 

0.4104 2.676 0.0374* 

Asurface – 
Dsurface = 0 

0.4663 3.141 0.0091** 

Bsurface – 
Csurface = 0 

0.1761 1.115 0.6805 

Bsurface – 
Dsurface = 0 

0.2319 1.514 0.4287 

Csurface – 
Dsurface = 0 

0.0559 0.382 0.9811 

a. Null hypothesis tests for no difference the between estimated marginal means of 
contrast groups (Ho = 0) and is rejected at padj < 0.05. 
b. Results are given on the log scale from the GLM. 
c. padj: * < 0.05, ** < 0.01. 
d. p-value adjusted for multiple comparisons using the Tukey method. 
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3.3.3 RDA ordination analysis 

 Redundancy analysis was performed to evaluate the relationships between 

kimberlitic metals and bacterial community structure (Figure 3.5). RDA is a powerful 

regression technique that attempts to define the associations between a set of explanatory 

variables and bacterial community profiles. RDA of bacterial ASVs shows 

indiscriminate clustering of sampled bacterial communities across all four soil sections 

(Figure 3.5). Sample proximity to the kimberlite intersections is negatively correlated 

with sample depth, but there is no direct correlation to kimberlitic heavy metal 

concentration (Figure 3.5). 
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[Colour Figure] 

Figure 3.5: Redundancy analysis (RDA) of bacterial community profiles and 

correlation with sampling depth, proximity to kimberlite intersections, and 

kimberlitic indicator elements (KIE). ‘KIE’ = sum of Sr, Ti, Fe, Co, Nb, Mg, Cr, Ba, 

Ca, Rb, Ni, and K concentrations (ppm). Vector arrow lengths are scaled to according to 

the calculated R2 value, therefore arrow length is proportional to the strength of 

correlation in the direction of each arrow. 
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3.3.4 Differential abundance analysis 

 The 17,245 ASVs representing overall bacterial richness were screened for potential 

kimberlite indicator taxa by testing for significantly differentially abundant (sigDA; padj 

< 0.05) taxa between soils above kimberlite and the other collective soil sections (Figure 

3.6). Originally 19 sigDA ASVs were identified. However, taxa with a magnitude greater 

than 20 log2-fold differential abundance were not evenly distributed among samples and 

were therefore excluded from downstream analysis; in other words, sigDA ASVs that 

were highly abundant in a single sample but otherwise absent from the other samples in 

that group were removed from analysis. Eight sigDA ASVs belonging to four phyla 

remained after filtering out the taxa with highly skewed ASV distributions (Figure 3.6). 

Two ASVs representing uncultured bacteria of the Bacteroidota family env.OPS 17 

(ASV626 and ASV811) were significantly enriched in the kimberlite-associated soils of 

section A (Figure 3.6). Conversely, three ASVs belonging to the uncultured 

Acidobacteriota genus RB41 (ASV12, ASV385, ASV454) had significantly lower 

abundances in kimberlite-associated soils (Figure 3.6). A single unclassified member of 

the phylum Dormibacteraeota (ASV 235) and two members of the phylum 

Verrucomicrobiota belonging to the candidate genus Udaeobacter (ASV 22, ASV167) 

also had lower abundances in kimberlite-associated soils compared to the buffer zone 

and background soils (Figure 3.6). 
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[Colour Figure] 

Figure 3.6: Significant differentially abundant ASVs between section A vs. sections 

B, C, and D, including both surface and deep sampling depths. Adjusted p-values 

(padj) are calculated using the Benjamin-Hochberg method of correcting for multiple 

comparisons, with the null hypothesis rejected at padj < 0.05.  
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 The relative abundances of these potential bioindicator taxa were mapped around the 

LI-201 kimberlite to evaluate suitability as kimberlite bioindicators. Spatial analysis 

revealed that the significantly differentially abundant Dormibacteraeota (Figure 3.7A) 

and Candidatus Udaeobacter (Figure 3.7B) ASVs are rare within kimberlitic soils but 

are not uniformly present or abundant across background soils. Conversely, the 

significantly differentially abundant ASVs classified as the genus RB41 show 

considerable specificity to background soils (Figure 3.7C). The differentially abundant 

ASVs from the Bacteroidota family env.OPS 17 are consistently present in kimberlite-

associated soils in high abundance relative to the surrounding buffer and background 

soils (Figure 3.7D), making them good candidates as bioindicator taxa. 
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[Colour Figure] 

Figure 3.7: Spatial distribution of sigDA ASVs grouped by most refined taxonomic 

class. The relative abundances of grouped ASVs are added and plotted by sample site 

with proportional symbol sizes. A) Dormibacteraeota (ASV235), B) Candidatus 

Udaeobacter (ASV22, ASV167), C) RB41 (ASV12, ASV385, ASV454), and D) 

Bacteroidota family env.OPS 17 (ASV626, ASV811).  
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 Kernel density heatmap analysis is a method of sample cluster visualization that 

highlights patterns in the data. Both ASV relative abundance and sample proximity are 

factored into the heatmap density estimates, which reduces the impact of outlier samples 

for improved resolution. The sample cluster density and combined relative abundances 

of the Bacteroidota family ASVs create a distinct heatmap pattern above the LI-201 

kimberlite intersections (Figure 3.8). 
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[Colour Figure] 

Figure 3.8: Kernel density heatmap of combined ASV626 and ASV811 relative 

abundances from the Bacteroidota family env.OPS 17. Sample sites (black dots) and 

LI-201 kimberlite intersections (connected black crosses) are shown. High kernel density 

estimates (blue/red centers) indicate grouped samples with high abundances, low kernel 

density estimates (yellow contours) indicate scattered samples with low abundances. 
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3.4 Discussion 

 Mineral exploration industries are exhausting standard geochemical and 

geophysical methods of preliminary mineral resource detection, necessitating the 

development of innovative new technologies that are capable of sensing subsurface 

mineral deposits that are undetectable with traditional methods. Heavy metal-rich 

mineral deposits formed thousands of years ago have been creating selective soil 

environments that inhibit the growth of sensitive bacteria while promoting the expansion 

of resistant taxa within microbial communities. Microbial genetic-based methods of 

mineral resource detection attempt to characterize the microbial communities inhabiting 

mineral-associated soil environments to identify potential bioindicators such as heavy 

metal resistance genes, distinct bacterial community profiles, or specific taxa. 

 The bacterial communities inhabiting the soil above the diamondiferous kimberlite 

deposit LI-201 in the Northwest Territories, Canada, were investigated using amplicon-

based 16S rRNA gene bacterial community sequencing to identify patterns in 

community structure and differentially abundant taxa with potential to be used as 

kimberlite bioindicators. The physical relationship between subsurface mineral deposits 

and surface dissociated metal ions interacting with bacterial communities is not well 

understood. It is hypothesized that dissolved metals dissociating from the mineral 

substrate can be transported along planar rock fault lines to surface soils, forming a 

corresponding heavy metal-enriched ‘geochemical halo’ above the deposit (Levett et al. 

2021); however, the exact location of heavy metal enrichment is unpredictable. In this 

study, the analysis of kimberlite-derived heavy metal enrichment was based on the 

loosely defined soil sections designed to cover kimberlite intersections (Section A), a 



 

 62 

contiguous buffer zone around the kimberlite (Section B), and background soils that 

were further away from the kimberlite (Sections C and D). Using this approach, Sr and 

Ti were the only kimberlitic metals with elevated concentrations in kimberlite-associated 

soils (Figure 3.2). It should be noted that dividing the area around LI-201 into sections is 

potentially problematic, as it assumes a correlation between metal concentrations and the 

pre-defined soil sections. Future analysis will implement a more powerful modelling 

approach that correlates concentration data as a function of sample GPS coordinates or 

distance to kimberlite intersections to remove bias introduced by artificial sample 

grouping. 

 Bacterial diversity was characterized as a function of sampling depth and soil 

section to identify patterns related to kimberlitic soils (Figure 3.4). Sampling depth had a 

significant effect on the bacterial diversity of kimberlite-associated soils; surface samples 

were significantly more diverse compared to deep samples within section A (Table 3.1; 

effect estimate 0.3677; padj = 0.0179). Soil section also influenced bacterial diversity, as 

section A kimberlitic surface soils had higher diversity compared to section C and D 

background surface soils (Table 3.1). While previous studies have characterized a 

decrease in bacterial diversity estimates with sampling depth (Deng et al. 2014; Feng et 

al. 2019; Bickel & Or. 2020), this pattern is only observed in section A. It remains 

unclear why LI-201 surface soils have increase bacterial diversity compared to the 

surface soils of background section C and D. Although it was not included as a 

parameter in this study, soil pH can drive differences in bacterial community diversity. 

Alkaline and neutral soils generally promote bacterial diversity, while acidic soils reduce 

diversity (Malard et al. 2019; Bickel & Or. 2020), as acidic soils are also known to 
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increase the solubility and toxicity of some metals (Chuan et al. 1996; Król et al. 2020; 

Fein et al. 1997). Tundra can soils have a wide pH range, with values documented from 

pH 3.5 to 9.0 across different sub-arctic regions (Malard et al. 2019). Since differences 

in bacterial diversity across soil sections may be the result of variable soil pH rather than 

the direct influence of kimberlitic metals, future data collection at this site will 

incorporate pH measurements to evaluate this association. 

 RDA analysis suggested that the bacterial community profiles did not differ 

between kimberlite-associated soil, buffer zone soil, or background soil, since all 

bacterial communities clustered together in ordination space (Figure 3.5). Notably, 

previous studies have shown that bacterial communities exposed to metals increase 

heavy metal resistance gene copy number through duplication and horizontal gene 

transfer without altering community structure (Gillan et al. 2015; Gillan. 2016). Further 

investigation should focus on collecting qPCR measurements of heavy metal resistance 

gene copies around the LI-201 kimberlite deposit. This approach is highly sensitive and 

would capitalize on genetic enrichment resulting from adaptive mechanisms such as 

gene duplication and horizontal gene transfer that increase the frequency and distribution 

of heavy metal resistance genes among bacterial communities in heavy metal-rich 

environments. 

 Differential abundance analysis between kimberlitic soils and all other soil sections 

revealed eight sigDA ASVs from four phyla that were evaluated as potential bioindicator 

taxa (Figure 3.6). A useful bioindicator taxon would have high presence/absence 

specificity, meaning it would be uniquely abundant or rare in all known kimberlite-

associated soils. An ideal bioindicator taxon would be enriched by heavy metal exposure 
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rather than inhibited, as it is easier to detect presence than it is to ensure absence across a 

large landscape. ASVs belonging to the phylum Dormibacteraeota and the 

Verrucomicrobiota candidate genus Udaeobacter were more highly abundant in buffer 

zone and background soils but lacked the specificity to be used as kimberlite bioindicator 

taxa (Figure 3.7A & Figure 3.7B). Conversely, ASVs from the uncultured genus RB41 

showed considerable specificity to background soils (Figure 3.7C), and therefore have 

potential as kimberlite bioindicators. A previous study has shown RB41 preference for 

sandy soil types across the tundra (Ivanova et al. 2020), therefore future analysis at this 

site will include information about soil type to help discriminate the factors influencing 

RB41 distribution around the LI-201 kimberlite. The two significantly differentially 

abundant ASVs from the Bacteroidota family env.OPS 17 exemplify the ideal candidate 

bioindicator taxa scenario, as they demonstrate high specificity to kimberlitic soils 

(Figure 3.7D & Figure 3.8). 

 This study investigates the application of amplicon-based bacterial community 

analysis to kimberlite mineral exploration using a well-characterized kimberlite mineral 

deposit in the Northwest Territories, Canada. The exact relationships between 

kimberlites, metals in surface soils, and bacterial communities remains unclear. 

Nevertheless, differential abundance analysis identified two promising bioindicator taxa, 

the uncultured acidobacteria genus RB41 and the Bacteroidota family env.OPS 17. 

Future experimental analysis at this site should incorporate additional soil 

characterization parameters and heavy metal resistance gene expression analysis to 

complement bacterial community profiling analysis. 
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CHAPTER 4: GENERAL CONCLUSIONS 

 Microbial communities are foundational to all ecosystems on earth. The 

characterization of community members, diversity, and overall structure across microbial 

environments can provide valuable insight into the functional community response to 

biological, physical, and chemical factors. Advances in culture-independent next-

generation sequencing technologies have allowed microbial ecologists to explore 

microbial communities across diverse environments. The ongoing transition from 

internally referenced OTUs to defined ASVs combined with updated normalization 

strategies make amplicon-based microbial community profiling a robust metagenomic 

tool to examine any microbial community. In this thesis, the bacterial communities of 

two complex microbial environments are investigated using amplicon-based 16S rRNA 

gene sequencing: 1) the cultured fecal microbiome of Cape Horseshoe bats exposed to 

extreme heat challenge (Chapter 2), and 2) the subsurface soils above a known metal-

rich kimberlite deposit in the Northwest Territories, Canada (Chapter 3). These two 

systems demonstrate the flexibility of amplicon-based bacterial community analysis, 

from profiling a small number of low-diversity communities to statistically modelling 

many complex communities across an environmental gradient. 

 Warming global temperatures threaten the physiological thermotolerance limits of 

wild animal populations, particularly small endotherms such as birds and bats. Extreme 

heat can also be detrimental to the health of the mammalian intestinal microbiome, 

which plays a central role in many physiological functions. Bats are the only mammals 

capable of powered flight, resulting in the evolution of low complexity gastrointestinal 

microbiomes that accommodate a life of flight (Caviedes-Vidal et al. 2007). The small 



 

 66 

size of bats provides little buffer against temperature flux during the metabolic shifts 

between rest and flight, nor against the extreme temperature fluctuations observed in 

many roosting sites. These thermal challenges create uncertainty about the effects of 

extreme heat on intestinal microflora and physiological health (Hammer et al. 2019). 

Fecal samples collected from nine Cape Horseshoe bats were cultured in TSB under 

extreme heat challenge (44 ºC and 45 ºC) to investigate bacterial community response to 

temperature near the upper thermotolerance limits of most bats. In this thesis, bacterial 

communities subjected to heat challenge did not include the taxa incapable of growth in 

TSB medium. Thus, the initial reduction of bacterial diversity in these cultures 

diminished the ability to observe changes in species richness after heat challenge (Figure 

2.3A & Figure 2.4A). Despite the reduced bacterial community complexity, ASV 

sequence inference was able to provide high taxonomic resolution and distinguish 

between closely related enteric bacteria. Chapter 2 was a preliminary investigation to lay 

the foundation for a current large-scale study in which we are swabbing bat rectums 

before and after heat challenge of the whole animal. This study design will implement a 

concurrent 37 ºC temperature control alongside heat challenge experiments to distinguish 

experimental differences in bacterial community composition from normal growth and 

fluctuation. Conducting heat challenge in live bats with microbial samples collected 

directly without culturing will improve evaluation of the impacts of extreme 

temperatures on intestinal microflora and whole-animal health. Additionally, we will use 

RNA-seq to improve detection of shifts in metabolically active species 16S abundances 

during the 5 hours of heat challenge to the bats and their microbiomes.  
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  Microbial-based methods of mineral resource detection are at the forefront of 

mineral exploration. The well-characterized but unmined LI-201 kimberlite deposit in 

the Northwest Territories, Canada, is an ideal study site for the development of bacterial 

community-based methods of mineral detection and identification of potential kimberlite 

bioindicator taxa. Tundra soils host considerable bacterial community diversity, with 

ASV analysis identifying over 17,000 taxa within the soils collected at the LI-201 site. 

Despite this tremendous bacterial diversity, powerful statistical analysis identified only 

eight differentially abundant ASVs between kimberlitic soils and the surrounding buffer 

and background soils. Ultimately, the three ASVs classified as the uncultured genus 

RB41 and the two ASVs classified as the Bacteroidota family env.OPS 17 were the only 

taxa identified that displayed the high specificity characteristic of useful bioindicator 

taxa. These exact ASVs can now be directly investigated among the bacterial 

communities at other kimberlite deposits without the need to incorporate experimental 

and background soil groups into the sampling design.   

 In this thesis study, bacterial community structure did not differ between 

kimberlite-associated soils and adjacent soils. However, there is the possibility that 

bacterial communities adapted to metal exposure using gene duplication and horizontal 

gene transfer to enrich heavy metal resistance genes in the community without altering 

community structure (Gillan et al. 2015; Gillan. 2016). To examine this phenomenon, 

future experiments at this site could incorporate qPCR analysis of heavy metal resistance 

genes within the soil to compare copy numbers in kimberlitic soils against background 

soils. However, qPCR detection is targeted, and requires pre-selected gene sequences; 

although several heavy metal resistance gene targets are publicly available (Levett et al. 
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2021), the selected targets should ideally be specific to the metal profile of the mineral of 

interest. If the qPCR data validates the incidence of heavy metal resistance gene 

enrichment in kimberlite-associated soils, this data could be directly compared the 

distribution and abundance of the kimberlite bioindicators to validate the specificity of 

these taxa. This would also provide valuable insight into the proposed association 

between soil bacterial communities, subsurface kimberlites, and kimberlitic heavy metal 

exposure.  

 There are other updated experimental elements and improvements to consider for 

future studies of this nature. For example, future experimental work at this site will 

incorporate analysis of significant soil parameters that are known to influence bacterial 

community structure. Environmental factors such as soil pH, vegetation cover, soil type, 

oxygen availability, salinity, moisture, and nutrients can influence the distribution and 

abundance of bacterial taxa across the larger soil landscape (Malard et al. 2019; Bickel 

& Or. 2020; Ivanova et al. 2020). While this study identified two candidate bioindicator 

taxa with absence/presence specificity to kimberlitic soils, it is unclear whether these 

taxa were responding either directly or indirectly to the presence of the metal-rich 

kimberlite deposit, or whether some other some environmental factor was responsible. 

Furthermore, an updated experimental sampling plan has been devised to further 

investigate the distribution of the kimberlite indicator taxa identified in this study. While 

the comparison of kimberlite-associated soils against the surrounding background soils 

was necessary to identify differentially abundant taxa with bioindicator potential, the 

distance between sample sites (40 m) is too dispersed to get the resolution required to 

predictively delineate the boundaries of the kimberlite using bioindicator distributions. A 
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higher resolution 180 m by 120 m sampling grid was designed to focus directly over the 

kimberlite to validate the previously identified bioindicators and predict the path of the 

kimberlite deposit. There are 13 sampling “fences” with 5 m sample spacing within each 

fence and 15 m spacing between fences to ensure adequate coverage of the known 

kimberlite section, which is predicted to be approximately 20 m wide according to 

previous drilling intersections. To improve the detection of potential bioindicators, 

Archaea will not be filtered out of future analysis: it is estimated that Archaea account 

for up to 10% of prokaryotes in the soil (DeLong & Pace. 2001; Bates et al. 2010), and 

most 16S taxonomic databases provide accurate classification for these organisms. 

Including the Archaea will help expand the analysis and may provide vital insight into 

potential bioindicators and the unexplored interactions with subsurface mineral deposits.  

 Bacterial community profiling by 16S amplicon sequencing has a long and 

successful history in microbial ecology. Extensive optimization over the past decade and 

ongoing refinement ensures that community profiling is and will continue to be a robust 

and powerful tool to interrogate bacterial systems. Whereas the continuing decline in 

DNA sequencing costs is improving the accessibility of metagenomics for ecological 

studies, the accessibility and relative affordability of community profiling enables larger 

studies and better resolution of species diversity and community structure.  
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