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Microbiomes are ecological communities that thrive in a wide variety of habitats, 

including on or in animal hosts. This thesis presents analyses of two microbiome data 

sets associated with long-term ecological research projects: the Kluane Red Squirrel 

Project (Yukon, Canada) and the Algonquin Provincial Park Canada Jay Project (Ontario, 

Canada). Hypotheses related to horizontal and vertical transmission were tested to 

explain the drivers of microbial community composition in both host species. In the North 

American Red Squirrel fecal microbiome, spatial location (related to horizontal 

transmission) was the strongest predictor of microbial community composition. In the 

Canada jay, seasonality (i.e., sample collection season) and parental identity (vertical 

transmission) were strong predictors of oral microbial community composition, while 

spatial location was not.  
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1 Chapter 1: Introduction 

Research in community ecology attempts to increase our understanding of local 

assemblies of interacting species and their interactions with the environments in which 

they survive (Leibold et al., 2004; Seibold et al., 2018). The scale at which we choose to 

study the community may change the diversity we observe (Levin, 1992; Chave, 2013; 

Seibold et al., 2018), though there is little consistency in how a community is defined 

(Trombley and Cottenie, 2019). The composition of ecological communities 

encompasses the number of species present and their relative abundances.  For 

example, ecological communities can be found in soil samples (e.g., worms and insects) 

or in entire forests (e.g., plants, mammals, and birds). While individual communities will 

occur on a local scale, studying multiple communities together (i.e., at a larger scale) 

allows a better understanding of the dispersal that creates a metacommunity (Leibold et 

al., 2004). 

 

 Microbiomes are communities composed entirely of microorganisms. The 

community ecology concepts from larger scale ecological research can, and should, be 

applied to microbial life (Green and Bohannan, 2006), though more research is needed 

to better understand the dynamics occurring in these small scale ecological communities 

(Miller et al., 2018). Research in microbial ecology generally distinguished that there are 

two types of communities: host-associated microbiomes (the focus of this thesis) and 

free-living microbiomes (i.e., not directly dependent on another organism). Host-

associated microbiomes can be shaped by processes driven by the host individual and 
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the environment  of the host (Adair and Douglas, 2017; Näpflin and Schmid-Hempel, 

2018). 

1.1 Microbial Ecology 

 In addition to the host-specific and environmental influences, host-associated 

microbiomes form a metacommunity through dispersal between hosts and their 

environment (Miller and Bohannan, 2019). Microbial dispersion between host-associated 

microbiomes occurs through vertical and horizontal transmission, which can occur 

through direct or indirect interactions, to create microbial metacommunities (Rillig et al., 

2015; Miller et al., 2018; Brown et al., 2019). Direct transmission of microbial taxa 

between host-associated microbial communities is facilitated by host-host interactions 

(Robinson et al., 2019), such as sexual intercourse or grooming. Indirect transmission 

occurs as result of the shedding microorganisms into the environment that are later 

introduced into a new host, such as through defecation (Brown et al., 2019; Robinson et 

al., 2019). Vertical transmission occurs from parent to offspring, such as during birth (via 

womb/egg) or during feeding (Kwan et al., 2017). Meanwhile, horizontal transmission 

occurs between any microbiomes outside the parent-offspring relationships, such as 

acquisition from the environment or between hosts in the same generation (Van Veelen 

et al., 2017). 

 

 Many past microbiome studies have failed to acknowledge the ecological nature 

of host-associated microbiomes (Miller et al., 2018). Incorporating metacommunity 

ecology into microbiome study design can ensure that the ecological reality of host-
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associated systems is being sufficiently considered (Greyson-Gaito et al., 2020). The 

various modes of transmission, or dispersal, between microbial communities are 

commonly overlooked when ecological information is not applied in microbiome studies 

(Miller et al., 2018). For example, a microbiome study that followed a single infant for 2.5 

years failed to consider the microbial transmission from the mother’s microbiome over 

time and any potential environmental microbiomes during the study period (Koenig et al., 

2011). In contrast, a review by Brown et al. (2019) demonstrated that understanding the 

establishment of insect microbiomes has benefited from the application of concepts from 

metacommunity ecology. 

 

1.1.1 Methods in Microbial Ecology 

One way to improve the ecological reality of microbiome metacommunity studies 

is to incorporate them into established community ecology projects (Miller et al., 2018).  

This effort is helped by the increasing affordability of DNA sequencing technologies 

(Goodrich et al., 2014). 

 

When designing a microbiome study, in addition to the ecological decisions, there 

are many different factors, from microbiome sample selection and storage to 

bioinformatics processing and statistical analyses, that need to be considered (Goodrich 

et al., 2014). Sample collection and associated documentation of information should be 

determined by the ecological study design (Goodrich et al., 2014). For example, the Earth 

Microbiome Project (EMP) presented a framework to standardize many practical 
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components of microbiome research to facilitate microbiome metanalyses (Thompson et 

al., 2017). 

 

Several methodological options exist for researchers when extracting DNA from 

microbiome samples. The three popular methods for DNA extraction of microbiome 

samples include: phenol/chloroform; manufacturer kits, and; combined physical, 

chemical, enzymatic methods (Gerasimidis et al., 2016; Rosenbaum et al., 2019). These 

methods can be applied to various sample types (e.g., oral swabs, fecal samples, etc.) 

while producing generally similar results (Gerasimidis et al., 2016; Rosenbaum et al., 

2019). It is nonetheless important to be selective in the DNA extraction method chosen 

for individual studies, as it is unwise to attempt to compare results from different DNA 

extraction methods (Gerasimidis et al., 2016). Additional considerations for the selection 

of DNA extraction methods include the downstream analysis of interest, associated costs, 

and method practicality (Gerasimidis et al., 2016). 

 

As with DNA extraction, there are several options for the sequencing of microbial 

samples, depending on the research objectives (D’argenio, 2018). A common approach 

to understanding microbiome samples is amplicon sequencing, which targets specific 

genomic regions such as 16 rRNA for bacteria or 18S rRNA/ITS for fungi (Laudadio et 

al., 2019). Whole genome sequencing (WGS) provides a high-coverage alternative that 

can be more informative for individual microorganisms of interest, relative to the 

community-approach used in amplicon sequencing (Ranjan et al., 2016; Laudadio et al., 
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2019). Meanwhile, transcriptome sequencing (i.e., RNAseq) provides specific gene 

expression information on the microbial species present in the samples (Marcelino et al., 

2019). Applications of transcriptomics include functional host-microbe interaction studies 

and analysis of bacterial resistance (Chan et al., 2019; Marcelino et al., 2019). The 

sequencing method chosen, whether amplicon, WGS, or transcriptome, will require 

different bioinformatic processing approaches and statistical analyses (D’argenio, 2018). 

 

 Sequence processing is an essential component of microbiome analysis that can 

be decided upon based on specific study needs (Caporaso et al., 2012). There are several 

open-source bioinformatics platforms for working with microbial amplicon data, including 

mothur (Schloss et al., 2009) and QIIME (Bolyen et al., 2019). Comparative analyses 

indicate that these platforms provide similar results for most applications (López-García 

et al., 2018). The primary uses of microbiome bioinformatics platforms include quality 

control, trimming, sequence alignment, and taxonomic assignment (Schloss et al., 2009; 

López-García et al., 2018; Bolyen et al., 2019). While microbiome-specific platforms are 

able to complete statistical analyses, further data analysis in a language such as R (R 

Core Team, 2019) can address research questions that do not have associated tests in 

the chosen platform. 

 

 Following initial sequencing processing, there are many multivariate statistics that 

can be applied to microbiome data (Ramette, 2007; Buttigieg and Ramette, 2014; Xia and 

Sun, 2017). In addition to the statistical methods specific to microbiome data described 
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in the literature, many methods proposed for community ecology may also be applied to 

microbiome studies (Gloor et al., 2017). However, there is an important distinction for 

microbial, sequencing-derived, data. Using the raw sequence reads as a measure of 

abundance would be inappropriate because the number of reads is limited by technical 

methods (e.g., the sequencing platform) rather than by microbial community composition 

(Gloor et al., 2017). Instead, it is important to consider only the relative abundances of 

the sequence reads as a measure of compositionality. This compositional data relies on 

the proportions of the observations, such as species or sequence count data (Aitchison, 

1986; Gloor et al., 2017), and has important statistical consequences such as choice of 

normalization technique (i.e., log ratios over rarefaction).  

1.2 Study Species 

North American red squirrels are territorial rodents that live in exclusive territories, 

surviving the winters by relying on spruce cones stored in middens (Ren et al., 2017). 

When an individual’s own midden is small, they will attempt to steal from another squirrel’s 

midden (pilfering, Donald and Boutin, 2011). The Kluane Red Squirrel Project (KRSP; 

Yukon, Canada) has provided information on squirrel survival, reproductive rate, and 

determinants of population growth  (McAdam et al., 2007). Microbiome samples collected 

from 2008 to 2010 as part of the KRSP were reanalyzed in this thesis (Ren et al., 2017). 

The previous research on this dataset provided support for dietary, parental, and 

seasonal influences on red squirrel microbiome composition (Ren et al., 2017). Another 

microbiome study on red squirrels indicated that host immune response may determine 

which microbial taxa can survive in the microbiome (Stothart et al., 2016). Continued 
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study on the red squirrel microbiome is important for contributing to our understanding of 

wild microbiomes, particularly in how they change over time. 

 

The second study species in this thesis is the Canada jay, another territorial North 

American species that relies on stored food for winter survival (Sutton et al., 2019; 

Freeman et al., 2021). Cached food not only supports the survival of adult Canada jays, 

but may have a role in the reproductive success of these late winter breeders (Derbyshire 

et al., 2015). Canada jays have large salivary glands to aid in the formation of the saliva-

coated boluses used to cache food in the fall (Dow, 1965). The Canada jay’s oral 

microbiome may influence how well foods store through the winter due to the potential of 

microbial degradation of perishable items (Sutton et al., 2019). This thesis presents the 

first microbiome analysis for Canada jays, with samples collected from individuals in 

Algonquin Provincial Park (Ontario, Canada). 

1.3 Chapter Contents 

 Each chapter of this thesis presents the analysis of a host-associated microbiome 

data set. Chapter 2 focuses primarily on seasonal and spatial drivers of microbiome 

composition with existing data from the North American red squirrel. This thesis expands 

on the analyses completed by Ren et al. (2017), focusing on the core and non-core 

microbiomes separately. Chapter 3 aims to investigate the drivers of oral microbiome 

composition of Canada Jays living in Algonquin Provincial Park (Ontario, Canada). The 

final chapter of this thesis, Chapter 4, presents general conclusions from the findings in 

both study systems analyzed.  
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2 Chapter 2: Spatiotemporal variability of core and non-core 
microbial taxa in North American Red Squirrel 
(Tamiasciurus hudsonicus) fecal microbiomes 

Chapter formatted for submission to the journal Environmental Microbiology. 

2.1 Abstract 

2.1.1 Originality-Significance Statement 

We analyzed an existing dataset with over 900 North American red squirrel 

(Tamiasciurus hudsonicus) fecal microbiome samples to identify the drivers of 

microbiome composition. The large-scale spatio-temporal replication in the data analyzed 

was an essential component to understanding the assembly of these microbial 

communities. In addition, our results, based on the novel compositional approach, 

indicate strong, consistent evidence for horizontal transmission at small spatial scales. 

 

2.1.2 Summary 

We tested several hypotheses related to horizontal transmission of fecal 

microbiome composition in North American red squirrels. We identified that the location 

of the sampled squirrels in their local environment is a key contributor to microbial 

community composition. The core microbiome, composed of microbial taxa present in at 

least 95% of microbiome samples, show some spatial patterns, though fewer than the 

non-core microbial taxa. The non-core microbiome had highly localized spatial patterns 

throughout different seasons and different sampling grids in the host squirrel population. 

Specific red squirrel behaviours, such as mating and pilfering, are likely contributors to 

the spatio-temporal distribution observed in the microbiome. 
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2.2 Introduction 

Microbiomes are dynamic microbial communities that are increasingly accessible 

for exploratory and manipulative research as modern metagenomic and bioinformatics 

tools become more robust (Goodrich et al., 2014; Ma et al., 2014; Xia and Sun, 2017; 

Miller et al., 2018; Amato et al., 2019). In conjunction with ecological data from well-

studied plant and animal populations, microbiome sampling can provide valuable 

information on the functional roles of microbiota within the ecosystem. Functional roles of 

the microbiome are varied and may include improving ecosystem health by maintaining 

the integrity of nutrient cycles or impacting host response to disease pressure, such as in 

agriculture crops with higher microbial diversity being more tolerant to pathogens (Van 

Bruggen et al., 2019). 

 

  The core microbiome is generally defined based on the consistent detection (high 

occupancy) of a microbial taxon in many (30%-95%+) of the microbiome samples from a 

given sampling site (Risely, 2020). In addition to being consistently detected, a microbial 

taxon designated as a core member should also be relatively abundant in individual 

microbiomes, though specific definitions vary between 1% and 6% abundance 

(Hernandez-Agreda et al., 2017; Shade and Stopnisek, 2019; Risely, 2020). Other 

definitions of a core microbiome exist outside this “common core”, considering factors 

such as temporal changes in community composition or microbial function (Risely, 2020). 

While less abundant and/or lower occupancy, the non-core microbiome may also provide 
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important functions for the success of their host (Hol et al., 2015; Compant et al., 2019; 

Risely, 2020).  

 

In this study, we explore the drivers of microbial community composition at small 

spatial scales (i.e., meters) in the North American red squirrel. The Kluane Red Squirrel 

Project is a long-term study of a population of squirrels living near Kluane National Park 

in the Yukon territory in northern Canada (McAdam et al., 2007). Over 900 fecal 

microbiome samples were collected from 2008 to 2010, making this a good data set to 

examine spatial effects on microbial communities due its large sample size and temporal 

replication (Ramette et al., 2009; Ren et al., 2017). Ren et al. (2017) found evidence for 

seasonal, diet, maternal, and spatial effects on microbiome composition in this dataset. 

Strong seasonal rhythms in relative abundance were identified in 2 core genera 

(Coprococcus and Oscillospira), mainly associated with seasonal dietary changes (Ren 

et al., 2017). Food supplementation with peanut butter also reduced alpha diversity 

relative to control individuals (Ren et al., 2017). Maternal microbiomes were most similar 

to the focal individual’s microbiome when comparing all related and unrelated squirrels’ 

microbiomes (Ren et al., 2017). Finally, Ren et al. (2017) used a distance-decay analysis 

to show a reduction in microbial similarity with increasing distance. 

 

Our study improves upon the analyses completed by Ren et al. (2017) in several 

ways. The first improvements was by incorporating a compositional approach (i.e., 

considering proportions of within-host taxonomic abundances), which replaced the 
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inappropriate abundance-based analyses (e.g., rarefaction, Jaccard distance (Gloor et 

al., 2017)). We also expanded their spatial-temporal analyses by comparing core/non-

core microbiomes and analyzing the data on time scale of months rather than entire 

seasons. Our spatial analysis expanded on the distance-decay analysis by closely 

analysing within-grid (i.e., meter scale) changes in microbiome composition. 

 

All microbial taxa should be considered in microbial ecology studies because they 

could have different functional roles within their microbial community and may be 

transmitted across hosts differently (Pfeiffer et al., 2017; Compant et al., 2019). Microbial 

transmission between neighbouring host individuals may increase the similarity between 

microbiomes in a host population (Kwan et al., 2017; Zhou et al., 2020) and pilfering is a 

type of host interaction that could increase the similarity between microbiomes of 

neighbouring squirrels.  Pilfering is a behaviour where an individual steals food hoarded 

by another individual for their own consumption (Donald and Boutin, 2011). The act of 

pilfering would result in indirect transmission of microbial taxa between squirrels via the 

stolen food item. Meanwhile, direct transmission of microbial taxa between squirrels may 

also occur through physical interactions when a squirrel attempts to defend their stored 

food. As a result of both direct and indirect interactions between hosts, localized patterns 

in microbial community composition can be expected.  

 

We developed three groups of mechanisms to investigate the core microbiome 

and general microbial diversity in North American red squirrels. The first group of 
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mechanisms (H1) proposes that core microbial taxa will have few fluctuations in 

abundance because they are important for the organization and diversity in the microbial 

community (Risely, 2020). The members of the core microbiome should thus be present 

in all microbial communities associated with the red squirrels, regardless of host location, 

neighbouring host, or host environmental condition. Therefore, we predicted that no 

spatial (P1A) or host factor driven (P1B) patterns should prevail in the abundances of the 

core microbial taxa within the squirrel population.  

 

The second group of mechanisms (H2) proposes that the distribution of non-core 

members of the microbiome will vary as a result of local interactions. The non-core 

microbial taxa in red squirrel microbiomes are predicted to be spatially distributed (P2A) 

due to local homogenization of the red squirrel microbiome because of microbial 

transmission between neighboring hosts. In addition, non-core microbial taxa are 

predicted driven by host-associated factors (P2B). The less common microbial taxa have 

previously been observed to vary with host-associated factors (Shade and Stopnisek, 

2019). 

 

Our first two sets of mechanisms test if spatial and host factor driven patterns can 

be detected within core or non-core microbiomes. The third set of mechanisms attempts 

to explain the role of time (e.g., across several months) on microbial community 

composition. Host behaviour and movement changes throughout the season; for 

instance, the territorial behaviours of red squirrels changes seasonally (Siracusa et al., 
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2019). Vlasman and Fryxell (2002) also suggested that red squirrels allocate less time to 

territory defense in favour of foraging when fresh food becomes more readily available in 

the early spring. Based on this increased host movement, we predicted that (3A) there 

will more horizontal transmission causing stronger small scale spatial patterns later in the 

season. In addition, these changes in host behaviour and movement will also change the 

identity of microbial taxa throughout the seasons. Associated with this, we predicted that 

the differences in red squirrel microbiomes sampled further in time will increase, both 

within (3B) and between (3C) red squirrel individuals. Our final prediction on the 

importance of time incorporates the effect of local environmental conditions on host 

behaviour and movement. It assumes that the same grid location will change less through 

time and thus predicts (3D) that the differences in community composition of the 

microbiome samples collected at the same location at increasing time periods will be 

smaller than the differences between samples collected at different locations.  

2.3 Methods 

Ren et al. (2017) collected the North American red squirrel fecal samples analyzed 

in this study from six 40-hectare grids near the Kluane National Park (Yukon, Canada) 

between 2008 and 2010. For all samples collected, the sampling location was recorded 

as a within-grid X-Y coordinate. DNA extracted from the collected samples were 

sequenced (V1-V3 16S rRNA) using an Illumina MiSeq platform. The 300 base pair 

sequence reads were filtered for quality using TRIMMOMATIC, with those passing the 

filtering step being merged using FLASH (Magoč and Salzberg, 2011; Bolger et al., 2014). 
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More details on the specific tests previously conducted with the data set are outlined in 

Ren et al. (2017).  

 

The sequencing data, with the accompanying environmental metadata, were 

obtained post-filtering and merging from the FigShare repository associated with Ren et 

al. (2017). Rather than using the 97% identity operational taxonomic units (OTUs) 

available on the FigShare repository from Ren et al. (2017), we opted to recluster at 99% 

identity using the VSEARCH plugin in QIIME2 (v2019.10, Rognes et al. 2016). Since the 

publication of Ren et al. (2017), there has been increased discussions of 97% identity 

OTUs being too low of a threshold (Edgar, 2018; Johnson et al., 2019), with higher identity 

thresholds (>99%) quantifying bacterial diversity to the species level (Caro-Quintero and 

Ochman, 2015). We filtered the de novo OTU data to retain only the OTUs that occurred 

in at least 1% of all samples (10 samples) to account for the possibility of sequencing 

errors (Edgar, 2018; Dunphy et al., 2019). After filtering, we assigned taxonomic labels to 

each OTU using a pretrained SILVA reference database in QIIME2 (Quast et al., 2013; 

Yilmaz et al., 2014). These taxonomic labels were not prioritized further to prevent the 

loss of information about the microbial communities in downstream diversity analyses 

(Goodrich et al., 2014; Schloss and Westcott, 2015). 

 

We used a temporal abundance-occupancy model method in R (v3.6.0, R Core 

Team 2019, Shade and Stopnisek 2019) to identify the most important common OTUs in 

the red squirrel population. R packages used throughout our analyses, described below, 
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include qiime2R (v0.99.13), phyloseq (v1.28.0), tidyverse (v1.3.0), and vegan (v2.5-6) 

(McMurdie and Holmes, 2013; Buttigieg and Ramette, 2014; Bisanz, 2018; Oksanen et 

al., 2019). All OTUs were ranked based on their occupancy in microbial communities, 

weighted by abundance, using R code modified from Shade and Stopnisek (2019). The 

highest ranked OTUs calculated to have made the greatest contribution to the beta 

diversity across samples were selected as core microbiome candidates. Based on core 

microbiome size and occupancy recommendations from Risely (2020), we selected the 

highest occupancy OTUs (>95%) identified by the occupancy-abundance model to be 

members of the core microbiome. A set of core OTUs was not identified specifically for 

each sampling grid to ensure that the defined core microbiome was generalizable to all 

squirrels sampled. 

 

The primary spatial multivariate approach used was principal coordinates of 

neighbour matrices (PCNM). PCNM analysis identifies spatial structures in community 

composition data, focusing on neighbouring communities (Borcard and Legendre, 2002; 

Borcard et al., 2004; Dray et al., 2006; Buttigieg and Ramette, 2014). The nearest 

neighbours to the focal sample’s location are weighted differently than those further away 

in this principal coordinates analysis. Higher principle coordinate values in PCNM results 

correspond to finer scale spatial patterns (Borcard and Legendre, 2002). In multivariate 

analyses such as PCNM, taking a compositional approach has been shown to have 

increased discriminatory power when analyzing sparse count data like microbiome data 

(Martino et al., 2019). To account for compositionality in the OTU data, we Aitchison 
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transformed the 99% OTU data prior to the PCNM analysis (Gloor et al., 2017; Quinn et 

al., 2018); this transformation involves the application of centered log-ratios (clr) to 

imputed OTU count data (Aitchison, 1986; Gloor et al., 2017). We replicated this 

transformation and the spatial analysis for the core and non-core OTUs found in each of 

the six grids, for each month and year it was sampled. 

 

The resulting PCNM data replicates were subsequently used for redundancy 

analysis (RDA) in R. Forward selection was used to construct up to three significant RDA 

models for both the core and non-core microbiome (Prediction 1A and 2A). These models 

were built stepwise using the adjusted R2 values as a stopping criterion (Blanchet et al., 

2008). We used analysis of variance (ANOVA) to calculate the significance of all RDA 

models through a permutation procedure (Anderson and Ter Braak, 2003). The RDA and 

ANOVA described here were also repeated for the host-associated factors recorded 

alongside the fecal microbiome samples (P1B and P2B). Five host-associated variables 

were included: host sex, age, birth year, sample collection date, and squirrel identity. In 

addition, the adjusted R2 values for the spatial models were fitted with a linear regression 

model to determine whether the variation explained by the spatial patterns varied through 

time (P3A). 

 

We performed local regression (LOESS) in R to further assess the influence of 

sampling location over time in different host individuals on core and non-core microbial 

taxa. We first calculated the Aitchison distances between different host squirrels. These 
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dissimilarity values were placed into one of four groups, based on two sets of criteria: 

samples collected at the same location or at a different location, and samples originating 

from the same host individual or a different individual (P3B, P3C, P3D). For the different 

squirrel, different location group, only 10% of the total sample comparisons were retained 

due to the high number of comparisons (totals in Appendix 1, Table 3). Only comparisons 

between samples collected within the same collection grid in the same calendar year were 

analyzed. We plotted the LOESS curves in R against the number of days between sample 

collection. No specific statistical test was performed, as the shape of the relationship (the 

LOESS curves) were unknown. 

2.4 Results 

 

Figure 2-1 Scatterplot depicting the abundance-occupancy distribution OTUs in red squirrel 
microbiomes. Points are shaped by whether the OTUs are members of the core or non-core 
microbiome (95% occupancy threshold). 
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We identified fifteen core OTUs, clustered at 99% identity, using an occupancy-

abundance method and a 95% occupancy threshold (Figure 2-1). Common families within 

the core microbiome (Appendix 1, Table 4) included: Lachnospiraceae (10), 

Christensenellaceae (1), Prevotellaceae (1), Ruminococcaceae (3). While these core 

taxa remained constant throughout the studied squirrel population, the number of OTUs 

present in the non-core microbiome varied widely (Appendix 1, Table 2). 

 

Many significant spatial patterns were identified for the non-core microbial 

communities using PCNM analysis (Table 2-1). In contrast, within the core microbial 

community, approximately one quarter (24.1%) of the grids sampled across all months 

(February to August) had significant spatial patterns (refuting P1A). Within individual 

seasons, defined by Ren et al. (2017), no more than one third (33.3%) of the core 

communities had significant spatial patterns. This suggests there are seasonal 

differences in the abundance distribution of core microbial taxa within the overarching 

core definition. In comparison, significant spatial patterns were observed in a majority 

(>50%) of the non-core microbial communities across all seasons (P2A). Less than a third 

(31%) of the grids sampled had significant patterns in the host-associated factor models 

(P2B); one of sex, age, or collection date were the significant contributors to microbiome 

composition. These results contradict our first hypothesis regarding the spatial distribution 

of core OTUs but support our second hypothesis about microbial diversity outside the 

core microbiome. 
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Table 2-1 Summary of the number of grids with significant spatial patterns and host-associated 
influences. 

Season 
Number 
of Grids 
Sampled 

Number of Grids with 
Significant Spatial 

Patterns 

Number of Grids with 
Significant Host-

Associated Factors 

Core Non-core Core  Non-core 

Early Spring 
(February to 

April) 
11 1 (9.1%) 7 (63.6%) 0 4 (36.4%) 

Late Spring 
(May and 

June) 
12 4 (33.3%) 7 (58.3%) 1 (8.3%) 4 (33.3%) 

Summer 
(July and 
August) 

6 2 (33.3%) 5 (83.3%) 0 1 (16.7%) 

All Seasons 29 7 (24.1%) 19 (65.5%) 1 (3.4%) 9 (31.0%) 

  

We identified a series of putative spatial patterns in the distribution of OTUs across 

North American Red Squirrel fecal microbiomes. We found up to 10 true spatial patterns, 

represented by a specific PCNM axis number (Appendix 1, Table 1), in grids with 

statistical significance (Figure 2-1). The proportion of all grids sampled that had significant 

spatial patterns remained consistent for the non-core microbial communities, regardless 

of sampling season. Within the core microbiome, a small proportion of grids sampled had 

significant spatial patterns (Table 2-1). Half (50%) of the significant PCNM axes in the 

core community were of medium scale (PCNM number 10-20), but only a third (35%) 

were large scale. Most (~ 75%) of the significant spatial patterns identified in the non-core 

microbial communities were large scale, represented by low (≤ 10) PCNM axis numbers 

(Figure 2-2). The maximum distance between any two samples collected within a grid 

range from 621 meters to 930.1 meters (Appendix 1, Table 2). With this short range 

between samples, the results suggest a localized distribution in overall microbial diversity. 
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Figure 2-2 An example of significant spatial patterns from May 2008 in the Agnes (AG) grid. A (one 
panel) – core microbiomes; B (three panels) – non-core microbiomes. Each unit distance 
corresponds to a 30-meter interval staked in the sampling grid. The remaining figures are 
available in the GitHub repository [https://github.com/ahalhed/RedSquirrelMicrobiome]. 

 

We hypothesized that there would be seasonal variations in the distribution of 

squirrel microbiomes (H3). During the sampling period from spring to summer, the 

variation explained (adjusted R2 values) by either the spatial or host-associated patterns 

showed no significant differences (P3A). Within either group, there is high variability 

between the adjusted R2 values for each sampling grid (Figure 2-3). These results 

suggest not only that the variables analyzed are consistently important for microbiome 

composition but that no microbial taxa are favourably selected upon by host location and 

the host-associated factors. 
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Figure 2-3 Adjusted R-squared values from the RDA models by month in the core and non-core 
microbial communities. Each point corresponds to a sampling grid where sufficient samples were 
collected. Jitter has been introduced to the points to ensure points visibility. 

 

We used local regression to show that the dissimilarity between microbial 

communities varies spatiotemporally (Figure 2-4). The dissimilarity between non-core 

microbial communities was far higher than between core communities, regardless of time 

elapsed between samplings. For squirrels whose microbiomes were resampled, there is 

increasing dissimilarity between microbial communities regardless of the location at which 

the samples were collected (P3B, left panels). This observation suggests that there are 

seasonal increases in microbial diversity, regardless of individual sampling location or 

which microbial taxa are being considered. When comparing the microbiome of different 

squirrels (P3D), similar rates of change in community dissimilarity were observed over 

time regardless of the sampling location (Figure 2-4, right panels). The non-core 
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microbiome (Figure 2-4, lower right panel) show less difference when the samples were 

collected at the same location (P3D). 

 

 

Figure 2-4 Local regression (LOESS) curves of Aitchison distance (dissimilarity) between 
microbiome samples over time (ncomparisons = 122 to 1600). A – Core microbiomes; B – Non-core 
microbiomes. The grey shading around each regression line represents one standard error from 
the curve. Note: Y axes are different for core and non-core comparisons. 

 

2.5 Discussion 

We developed several hypotheses regarding the factors influencing the distribution 

of microbial taxa in the fecal microbiomes of North American red squirrels. The 15 OTUs 

in the core microbiome, which occurred in at least 95% of samples, were predicted to be 
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differentially influenced by external factors. With the high degree of spatio-temporal 

replication, the influences on core and non-core OTUs were less different than we 

expected. We observed a few spatial patterns in the distribution of core OTUs, where we 

only expected them in the non-core OTUs. In addition, we observed similar seasonal 

community composition changes in both groups. However, the lack of individualized 

behaviour data included in the original study limited the specific conclusions we can draw 

about the core microbiome. Information on specific behavioural events would allow for 

microbial transmission events to be linked with host actions. 

 

Defining what constitutes the core microbiome has presented a challenge because 

of the lack of standardization in the literature (Risely, 2020). As seen in Figure 2-1, there 

is no apparent difference in the occupancy-abundance distribution of OTUs that fell above 

the 95% occupancy threshold. There was no a priori biological reason for our selection of 

a 95% occupancy threshold for defining the red squirrel core microbiome. However, we 

expect that selecting a different occupancy threshold, such as 97% or 90%, would have 

little impact on our conclusions in this study regarding core versus non-core responses. 

Lowering the occupancy threshold would likely have revealed additional spatial patterns 

within the core microbiome composition; however, occurrence in 95% of samples 

suggests an important role of the taxa identified as core in this work. This is further 

evidence for the discussion presented by Risely (2020), which indicated that there needs 

to be further discourse on the biological importance of core microbial taxa and especially 

how they are identified in microbial ecology research. 
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Ren et al. (2017) completed several analyses for the entire microbial community 

and certain abundant microbial taxa in North American red squirrel microbiomes, 

including a PERMANOVA for the contribution of environmental/host factors. The 

PERMANOVA completed considered only samples from the KL grid by season and year, 

limiting the strength of their conclusions for the entire system. Another limiting analysis 

was the seasonal rhythm analysis in core taxa, where only the Coproccus and 

Oscillospira genera were highlighted. The previous spatial analysis focused exclusively 

on May 2008, measuring Jaccard similarity between individuals across all grids. We 

improved their distance-decay analysis by moving away from the Jaccard distance in 

favour of the Aitchison distance and assessing all months where samples were available. 

Our methodological changes have allowed us to further explore the contributors to 

microbial community composition. 

 

We predicted that the core OTUs would not vary spatially (P1A), as they are 

expected to carry out essential functions for host and microbial community health 

(Lemanceau et al., 2017; Risely, 2020). However, some significant spatial patterns were 

observed in the distribution of core microbial taxa, though fewer than in the non-core 

microbial taxa (Table 2-1). These few spatial patterns suggest the possibility of local 

homogenization even within members of the core microbiome. The host location may 

have had a greater influence on core microbial taxa than expected in our study, possibly 

due to the shared diet of neighbouring North American red squirrels. While localized 
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spatial patterns have previously been observed in free-living core microbiomes (Jiao et 

al., 2019), we expected the importance of host-association to minimize the influence of 

host location. 

 

Understanding how factors like location and environmental conditions contribute 

to community assembly is a fundamental objective of community ecology (Snell Taylor et 

al., 2020). Our prediction that there would be no significant host factor driven patterns 

occurring in the core microbial community (P1B) was supported (Table 2-1). As such, 

host location appears to be a stronger contributor to the core microbial community 

assembly than the environment associated with the squirrel host. The influencers of the 

core microbiome may indirectly determine which other microbial taxa occur in the 

microbiome, as core species in ecological communities are essential to community 

assembly (Ellison, 2019; Snell Taylor et al., 2020). 

 

The unexpected spatial patterns in the distribution of core microbial taxa may have 

been a result of seasonal physiological variations between individual squirrels (Larivée et 

al., 2010). These physiological differences may result in differential rates of survival and 

function after microbial transmission to a given host (Robinson et al., 2019). To make 

conclusions about the relationships between host physiology and microbial function, 

specific physiological studies in North American red squirrel are needed. Relying on 

taxonomic assignments alone is insufficient to draw conclusions about microbial 

functions. In contrast to the core microbiome, we predicted that the non-core microbiome 
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would occur in a variety of spatial patterns (P2A). We observed that most sampling grids 

had significant spatial patterns, regardless of sampling month (Table 2-1). The consistent 

frequency in spatial patterns across seasons and grids suggests highly localized 

distributions in the red squirrel microbiome. These localizations could be the result of 

horizontal transmission events between neighbouring hosts or exposure to similar 

environmental factors (Lemanceau et al., 2017).  

 

Increased variation in community composition was predicted to be explained by a 

host’s locations in their environment. Host location was also expected to drive an increase 

in variation between red squirrel microbiomes. Seasonal changes in behaviour, such as 

in territory defence (Vlasman and Fryxell, 2002), suggests there may be an increase in 

microbial transmission events in the spring and summer (Robinson et al., 2019), 

explaining rapid change in microbial communities at short time intervals (Figure 2-4). 

Regardless of the means of microbial dispersal, there is little change in variation 

explained by host location spatial patterns (Figure 2-3), suggesting location consistently 

contributes to microbial community assembly in both core and non-core microbiomes. 

 

To improve our conclusions regarding the core microbiome, a follow up 

microbiome study on this system, as part of the Kluane Red Squirrel Project, is needed. 

Such a study could focus on tracking the frequency of different social interactions 

between specific groups of individuals and the influence of the interactions on microbial 

community composition over time. While having a large sample size is important for the 
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validation of results, focusing on several select groups of individuals in this population will 

allow more specific questions to be thoroughly explored. For example, including radio 

tracking individual movements and their pilfering behaviours in a future study would allow 

more specific conclusions to be drawn regarding their role in microbial community 

composition. Reassessing the state of the Kluane red squirrel population in a few years’ 

time could further indicate the spatial stability in microbial metacommunities over longer 

periods of time.  

 

2.5.1 Conclusions 

We demonstrated that the spatial-temporal distribution of host individuals can have 

a significant impact on the non-core, but also surprisingly, on the core microbial taxa 

present in fecal microbiomes. Moreover, this pattern was repeatable over several 

locations and years; such replication is not seen in many microbiome studies. This 

replication was only possible through the unique, long-term study of hosts and their 

associated microbiomes. This shows that this type of study is essential for understanding 

microbial community dynamics, because sampling within one season and/or place could 

lead to incorrect conclusions. Developing microbiome studies like “traditional” 

(macro)ecology research will increase the reliability of the conclusions drawn from highly 

variable microbiome samples and further inform laboratory-based microbiome research. 
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2.5.1.1 Data Availability 

All associated script files used in these analyses are available in a dedicated 

GitHub repository (https://github.com/ahalhed/RedSquirrelSpatial.git). The 99% identity 

OTU table and other resulting data files are available upon request. The sequence and 

sample data files were previously made publicly available in a FigShare repository 

[https://figshare.com/s/a52886d8016cdd1f0dbb] associated with Ren et al. (2017). 
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3 Chapter 3: Seasonal and Parental Drivers of Oral 
Microbiome Composition in the Canada Jay 

3.1 Abstract 

Canada jays (Perisoreus canadensis) are year-round residents of boreal and sub-

alpine forests in North America who cache food for winter survival. Because of the 

Canada jay’s use of saliva in creating boluses of food to cache, we analyzed their oral 

microbiome as part of an ongoing ecological study in Algonquin Provincial Park (Ontario, 

Canada). We detected strong seasonal variation in the Canada jays’ oral microbiome 

composition, likely associated with Canada jays consuming different types of food 

throughout the year. In addition, the age of the Canada jay and whether they were 

breeders were strong predictors of oral microbiome composition in the spring. 

Furthermore, parent oral microbiome was a strong predictor of nestling oral microbiome 

composition; most microbial taxa present in a nestling’s oral microbiome were also 

present in their parents’ oral microbiome. However, while Canada jays are territorial 

animals, no spatial patterns were observed in the distribution of oral microbial taxa. 

 

3.2 Introduction 

 Microbiomes are communities of microorganisms that form in a variety of 

environments, including on or in plants and animals (Miller et al., 2018). Traditional 

microbiome research often fails to acknowledge that microbiomes are ecological systems 

(Miller et al., 2018; Inkpen, 2019). With increasing accessibility to DNA sequencing 

technology and user-friendly computational analysis tools (Goodrich et al., 2014), 
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microbiome studies are being added to ongoing ecological research projects (such as the 

Kluane Red Squirrel Project in Ren et al. (2017)). Working with a well-studied host 

population, like the Canada jays in Algonquin Provincial Park (Ontario, Canada), brings 

an added layer of understanding to the study of their microbiomes. 

 

 To survive the harsh winters in the North American boreal forest, Canada jays 

exhibit a specialized behaviour known as food caching (Waite and Reeve, 1993; Van Els 

et al., 2012; Derbyshire et al., 2019; Sutton et al., 2019). Canada jays cache perishable 

food items in the trees across their territory for later consumption when fresh food is 

unavailable (Derbyshire et al., 2019). Preparing food for caching requires the formation 

of a bolus (food compacted into a ball) that is placed under tree bark or other arboreal 

locations (Dow, 1965; Waite and Reeve, 1995). Saliva, produced from their large salivary 

glands, is used to coat the food being cached (Bock, 1961; Dow, 1965). Sutton et al. 

(2019) suggested that this saliva and its associated microbial taxa could prevent 

environmental microbial communities from degrading cached food. Since the food items 

cached by Canada jays are perishable, the food risks spoilage before it is consumed due 

to an accumulation of microorganisms in association with exposure to warm temperatures 

(Waite and Strickland, 2006; Sutton et al., 2019).  In addition to increasing the survival of 

adult Canada jays, cached food may be fed to offspring by their parents (Derbyshire et 

al., 2019). 
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 There are at least two consequences of food caching that will influence the oral 

microbiome of Canada jays: accumulation of microorganisms on food and vertical 

transmission of microorganisms from parent to offspring. The latter could happen directly 

from the parent’s oral microbiome or indirectly via a food item (Miller et al., 2018). In 

addition, because there are no existing microbiome studies on Canada jays, we proposed 

a total of five potential drivers of oral microbiome composition in the Canada jay (Table 

3-1). This is novel because much of the avian microbiome literature focuses on 

domesticated chickens because they are an important human food source (Broom and 

Kogut, 2018). Information obtained from domestic chicken research is potentially an 

inappropriate representation of the microbiomes of wild birds due to environmental and 

physiological differences (Gadau et al., 2019; Haworth et al., 2019). We are contributing 

with this study to the growing literature on influences of wild population microbiomes 

(Greyson-Gaito et al., 2020) while studying individuals that are part of the long-term 

ecological study from the Algonquin Provincial Park Canada jay population. 
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Table 3-1 Predicted drivers of oral microbiome diversity in the Canada jay based on the published 
literature. The six hypothesized mechanisms are: 1. Seasonality; 2. Host factors; 3. Diet; 4. 
Parental influence; and 5. Territory. 

# Hypothesis Name Hypothesized Mechanism Predictions Reference(s) 

1 Seasonality 

Host physiology, a known 
driver of microbiome 
composition, varies 

seasonally. 

A - Breeders from different 
seasons will have different 
microbial taxa in their oral 
microbiomes. 

(Waite and Taylor, 
2015; Ren et al., 
2017) 

Host physiology is 
associated with microbial 

function. 

B - Breeders sampled in 
the spring and fall will have 
differentially abundant 
microbial functions 
associated with their oral 
microbiomes 

(Zolti et al., 2020) 

2 
Host-associated 

factors 

Host life stages influence 
which microbial taxa 
occur in the microbiome. 

Host breeding status, birth 
year, sex, and age will 
explain a significant amount 
of variation in community 
composition in the Canada 
jay’s oral microbiome. 

(Taylor et al., 2019; 
Janiak et al., 2021) 

3 Diet 

Hosts consuming a more 
homogenous diet will 

have less opportunity to 
acquire a wider variety of 

microbial taxa.  

Fewer microbial taxa will be 
observed in the oral 
microbiomes of Canada 
jays consuming a 
supplemented diet. 

(Ren et al., 2017) 

4 Parental influence 

Vertical transmission 
from parent to offspring is 
a primary source of new 

microbial taxa for 
offspring microbiomes. 

A - Nestlings’ oral 
microbiomes will be more 
similar to that of their 
parents than to that of other 
breeders 

(Hendricks-Muñoz 
et al., 2015; Carlos 
Pena Cortes et al., 
2018) 

B - Microbial taxa present 
in the oral microbiome of 
nestlings will be a subset of 
those present in the oral 
microbiome of their parents 

5 
 

Territory 
 

Hosts living on the same 
territory will be exposed 
to the same 
environmental 
microbiome with which to 
exchange microbial taxa. 

A - Breeders living on the 
same territory will have 
more similar oral 
microbiomes compared to 
breeders living on different 
territories. 

Distinguish 
populations based 
on microbiome: 
(Haworth et al., 
2019) 
Within-population 
spatial distribution: 
(Ren et al., 2017, 
chapter 2 this 
thesis) 

Poor storage conditions 
of cached foods on low 
quality territory may 
cause a higher number of 
microbial taxa to colonize 
a food item. 

B - Breeders living on low 
quality territories will have 
the most diverse oral 
microbiomes 

(Duniere et al., 
2017) 
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3.3 Methods 

3.3.1 Sample Collection 

 Canada jays sampled for our study are part of ongoing research on individuals 

living in Algonquin Provincial Park (Ontario, Canada, Figure 3-1), a population that has 

seen rapid decline in recent years (Strickland et al., 2011). Microbiome samples were 

collected using oral swabs (cotton tip) over several years (2016-2020) and in several 

seasons (fall, winter, spring). Each sampling season had up to 35 microbiome samples 

collected, representing Canada jays at different life stages. Several individuals were 

resampled in multiple seasons or in conjunction with other members of their nest 

(breeders, nestlings). A total of 88 buccal swabs were collected and stored at -20°C until 

DNA extraction. 

 

Figure 3-1 Map of Ontario (Canada) depicting the location of Algonquin Provincial Park (circle). 
Inset shows the distribution of samples within the south end of the park. 
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The DNA extractions and 16S amplicon sequencing of the collected oral swabs 

were completed in two batches (2016-2018 and 2019-2020). A Qiagen DNA Blood Mini 

extraction kit (cat ID 51104) was used to extract DNA from the collected buccal swabs 

following the manufacturer’s protocol for this sample type. The manufacturer’s protocol 

suggests DNA elution in either the provided elution buffer or water. After obtaining low 

DNA yields in the initial DNA extractions with the elution buffer, all subsequent samples 

were eluted in water. The Illumina MiSeq platform was used to generate 250 base pair 

(bp) reads of the V4 region of the 16S rRNA gene marker for the samples collected from 

2016-2018 (Metagenom Bio, Waterloo ON). Samples collected in 2019 and 2020 were 

sequenced using the Illumina MiSeq platform to generate 300 bp reads of the V3-V4 

regions of the 16S rRNA gene marker (University of Guelph Advanced Analytical Centre 

Genomics Facility, Guelph ON). The two batches were accounted for in the subsequent 

bioinformatics sequence processing steps, including closed-reference clustering and 

within-season level analyses (additional sequencing run details in Appendix 2, Table 1). 

 

3.3.2 Sequence Processing 

The 16S sequencing data were processed using the Quantitative Insights Into 

Microbial Ecology 2 (QIIME2, version 2020.11) bioinformatics platform (Bolyen et al., 

2019). Sequence denoising was completed using the DADA2 plugin of QIIME2, trimming 

all reads to 250 bp (Callahan et al., 2016; Bolyen et al., 2019). We used closed referenced 

clustering with a pretrained SILVA 138 reference database to generate 99% operational 

taxonomic units (OTUs) using the VSEARCH plugin in QIIME2 (Pruesse et al., 2007; 
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McKinney, 2010; Mcdonald et al., 2012; Quast et al., 2013; Rognes et al., 2016). While 

closed reference clustering is known to underperform in accurately representing microbial 

diversity relative to de novo OTU clustering (Schloss and Westcott, 2015), using 

clustering with a full length 16S reference database was necessary to account for the two 

sequencing runs (López-García et al., 2018). Furthermore, we opted to cluster at 99% 

identity instead of 97% identity due to evidence of 97% identity being too low of a 

threshold (Caro-Quintero and Ochman, 2015; Edgar, 2018). 

 

Following OTU clustering and prior to statistical analyses in R (v4.0.2), we 

assigned taxonomic labels to the OTUs using a pretrained SILVA classifier in QIIME2 

(Pruesse et al., 2007; McKinney, 2010; Pedregosa et al., 2011; Quast et al., 2013; 

Callahan et al., 2016; Rognes et al., 2016; Bokulich et al., 2018; Bolyen et al., 2019). 

Taxonomic labelling allowed us to then remove OTUs labelled as mitochondrial or 

chloroplast sequences, in addition to any singletons. We used an occupancy-abundance 

model to identify core OTUs (Shade and Stopnisek, 2019). All script files used for the 

sequence processing and downstream analysis are stored in a GitHub repository 

dedicated to this thesis chapter [https://github.com/ahalhed/CanadaJayMicrobiome]. 

 

3.3.3 Seasonality 

To determine if there were any seasonal differences in oral microbiome 

composition (P1A), we constructed a redundancy analysis (RDA) model with collection 
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year and season as predictor variables (Oksanen et al., 2019). Response variables in 

these models were the center-log ratio (clr) transformed OTU count data, computed in R; 

the clr transformation accounts for the compositional nature of microbiome sequencing 

data (Aitchison, 1986; Gloor et al., 2017). The significance of the RDA model was tested 

with a multivariate analysis of variance by permutation (Legendre and Legendre, 2012). 

In the event of strong annual/seasonal differences, we chose to analyze the rest of the 

predictions within each season to exclude confounding year and/or season differences 

with the variables explicitly being tested.  

 

To determine if there were any seasonally-associated microbial functions in the 

oral microbiome of the Canada jay (P1B), we used the Phylogenetic Investigation of 

Communities by Reconstruction of Unobserved States (PICRUSt2) plugin in QIIME2 to 

predict the functions associated with the 99% identity OTUs (Douglas et al., 2020). The 

functions predicted by PICRUSt2 include metabolic functions contained in the Kyoto 

Encyclopedia of Genes and Genomes (KEGG) orthology (KO) and MetaCyc pathway 

databases. We then used differential abundance testing (ALDEx2 package, R) to identify 

if any of the functions predicted by PICRUSt2 were differentially abundant in either the 

spring or fall seasons (Fernandes et al., 2013; Gloor et al., 2020). A Welch’s t-test in R 

was used to determine if there were any significant differences in abundance (Fernandes 

et al., 2013; Gloor et al., 2016). 
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3.3.4 Host factors 

The host-associated age variables included in testing hypothesis 2 were breeding 

status, sex, birth year, and age. Both birth year and age were included to account for the 

possibility of strong environmental contributors in the birth year and age-related changes 

in microbial community development and composition. The analyses described above for 

the seasonal differences in microbiome composition (described above) to test hypothesis 

2. In addition to assessing all the host-associated factors together, the predictor variables 

were also added individually to RDA models to check for significance, avoiding potential 

collinearity. 

 

3.3.5 Host diet 

During the 2017 and 2018 breeding seasons, certain Canada jay individuals from 

the study area were provided with wet cat food to determine to effects of food 

supplementation on nestling success (Freeman et al., 2020). A total of six oral 

microbiome samples were collected in the fall of those years from the individuals that 

received food supplementation, plus twenty-four samples from other individuals who did 

not receive food supplementation. The number of OTUs observed in each sample were 

plotted by food supplementation status in a boxplot (P3A). A two-sample t-test was used 

to test if significantly fewer OTUs were observed in the oral microbiome of individuals who 

received food supplementation. 
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3.3.6 Parental Influence 

During the 2020 nesting season, nine nests were sampled on unique Canada jay 

territories as part of the spring population census. Up to four Canada jay nestling 

microbiomes were sampled from each nest. Where possible, one or both parents on a 

given territory were captured for microbiome sampling. To test for statistical differences 

in dissimilarity between the breeders and nestlings (P4A), we used a paired t-test on the 

Aitchison distances. The Aitchison distances between individuals were averaged based 

on whether the breeders and nestlings were sampled on the same territory. This resulted 

in a mean within-territory and mean between-territory Aitchison distance value for each 

territory where at least one breeder and nestlings were sampled. In addition, two-sample 

t-tests were used to test for differences in the number of OTUs shared between breeders 

and nestlings compared to the number of OTUs either unique to the breeder or unique to 

the nestling (P4B) on each territory. 

 

3.3.7 Territory 

We tested prediction 5A with two analyses: an Analysis of Similarities (ANOSIM) 

in R to assess similarities between birds from the same territory (Clarke, 1993; Clarke 

and Ainsworth, 1993; Warton et al., 2012); and principle coordinates of neighbour 

matrices to identify potential spatial structures (PCNM, Borcard and Legendre, 2002; 

Borcard et al., 2004; Dray et al., 2006; Buttigieg and Ramette, 2014, chapter 2 this thesis). 

The input data for the ANOSIM analysis was an Aitchison distance matrix, computed 

using the DEICODE plugin in QIIME2 (Martino et al., 2019), and the territory information 
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for each sample. The ANOSIM procedure then compared the dissimilarities in an ANOVA-

like fashion (Clarke, 1993; Clarke and Ainsworth, 1993), with the territories as the 

grouping variable. 

 

In the PCNM analysis, the nearest neighbours to the focal sample (host) location 

are weighted differently than those further away to retain focus on neighbouring microbial 

communities (Borcard and Legendre, 2002; Borcard et al., 2004). To determine if any of 

the spatial structures predicted by the PCNM were significant predictors of microbiome 

community composition (i.e., not random), we constructed an RDA model using the 

PCNM scores as predictor variables and center-log ratio transformed OTU data as the 

response variables (Aitchison, 1986; Dray et al., 2006; Gloor et al., 2017). 

 

Distance-based redundancy analysis (dbRDA, Aitchison, 1986; Legendre and 

Anderson, 1999; McArdle and Anderson, 2001; Legendre and Legendre, 2012; Bisanz, 

2018) was used test the role of territory quality in oral microbiome composition (P5B). The 

dbRDA was repeated across all seasons where multiple samples from breeders were 

available from multiple territories. Two predictor variables were included in the dbRDA 

models: territory quality and proportion of spruce trees on territory. The territory quality 

variable was a categorical high, medium, low label corresponding to the amount of spruce 

trees on a territory. The proportion of spruce trees was a numerical percentage of the 

fraction of the forest on a territory was comprised of spruce trees, with higher proportions 

indicating higher quality (Strickland et al., 2011; Norris et al., 2013). 
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3.4 Results 

The 16S amplicon sequencing produced a total of 3,338,500 sequence reads, 

representing 2,301 OTUs. Following OTU filtering to remove singletons and mitochondrial 

or chloroplast sequences, 719 OTUs (3,154,780 sequence reads) remained for 

subsequent analyses. Within the filtered OTUs, we identified 21 potential core OTUs 

representing eight microbial genera using an occupancy-abundance model. The core 

OTUs were not analysed any further due to their low occupancy (Table 3-2) in the 

microbiome samples. 

 

Table 3-2 Taxonomy assignments (genera) for the 21 OTUs identified as part of the Canada jay 
core microbiome using an occupancy-abundance model. 

Core Genus Number of OTUs Mean OTU Occupancy 

Pseudomonas 6 29.54% 

Lactococcus 4 28.69% 

Escherichia-Shigella 4 29.83% 

Beijerinckiaceae 1174-901-12 2 30.11% 

Bradyrhizobium 2 21.02% 

Carnobacterium 1 17.05% 

Uncultured Caulobacteraceae 1 34.09% 

Streptococcus 1 20.45% 

 

3.4.1 Seasonality 

We identified significant differences in Canada jay oral microbiome composition in 

every season in which samples were collected (RDA, p = 0.004). As a result of the 

significant seasonal differences (Figure 3-2), samples were grouped by collection season 

for all remaining analyses. Due to the resulting small sample size for several specific 
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sampling seasons (e.g., winter 2019, n = 2), samples collected in seasons with fewer than 

10 samples were dropped from the analyses for the remaining predictions.  

 

 

Figure 3-2 Relative frequencies of microbial genera, organized by collection season. Each bar 
represents one sample and the proportions of each genus observe within that sample. 

 

We predicted that breeders sampled in the spring and fall will have differentially 

abundant microbial functions associated with their oral microbiomes (P1B). This 

prediction was supported (Appendix 2, Figure 1), as the differential abundance testing 

identified that 167 of the 451 predicted functions had significant abundance (p < 0.05) 

differences between the spring or fall seasons (Appendix 2, Table 10). While many of the 

seasonally-associated functions included metabolic pathways essential for sustaining 

microbial life, several were dietary functions potentially relevant to the Canada jay host. 

Relevant functions positively associated with the samples collected in the spring included 

L-rhamnose degradation (RHAMCAT-PWY) and 3-phenylpropanoate degradation (P281-
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PWY). The sugar L-rhamnose is commonly found in plants and in the cell walls of 

bacteria, while the natural degradation of organic matter produces 3-phenylpropanoate 

(Caspi et al., 2017). Relevant functions positively associated with the fall microbiome 

samples included vitamin B12 biosynthesis (PWY-5507, PWY-7377) and 2,3-butanediol 

biosynthesis (P125-PWY). Vitamin B12 is a metabolic co-enzyme known to increase 

weight gain and alleviate symptoms of anemia in humans (Gad and Abd El-Twab, 2009; 

Caspi et al., 2017), while 2,3-butanediol is known for its antifreeze properties (Soltys et 

al., 2001; Caspi et al., 2017). 

 

3.4.2 Host factors 

The role of host-associated factors, including breeding status, age, birth year, and 

sex, were assessed for their contribution to Canada jay oral microbiome composition (P2). 

When all host-associated factors were assessed together, no significant contributions to 

Canada jay oral microbiome composition were identified (RDA, p > 0.05). When added 

independently to the RDA models, host age (RDASpring 2020, p = 0.007) and breeding status 

(RDASpring 2020, p = 0.037) were statistically significant contributors to microbial community 

composition in the spring of 2020. No statistical significance was identified in any season 

for sex or birth year (RDA, p > 0.05) of the host individual. 

 

3.4.3 Host diet 

Hypothesis 3, relating to Canada jay diet, was tested with a prediction related to 

food supplementation (P3). We did not find an effect of dietary supplementation with wet 
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cat food (Figure 3-3). There were not fewer OTUs observed in Canada jays who received 

diet supplementation than those who did not receive a supplemented diet (two sample t-

test, t = -0.059, df = 7.43, p-value = 0.48). 

 

 

Figure 3-3 OTUs observed by food supplementation status in the oral microbiome samples 
collected from breeders in the fall. Two-sample t-tests indicate that individuals receiving food 
supplementation did not have significantly fewer OTUs in their oral microbiome (2017: t = -1.68, df 
= 8.94, p-value = 0.064; 2018: t = 0.81, df = 1.060, p-value = 0.72). 

 

3.4.4 Parental Influence  

Our fourth hypothesized mechanism investigated how parental microbiomes 

shape the oral microbiome composition of nestlings with two predictions. No significant 

difference (paired t-test, t = 0.93, df = 15, p-value = 0.18) was found in mean dissimilarity 
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(Figure 3-4A) between nestlings and their parents versus nestlings and breeders from 

different territories (P4A). To test the second prediction (P4B, Figure 3-4B), two-sample 

t-tests compared the number of shared and unique OTUs for parents and nestlings. 

Significantly fewer unique OTUs were observed in the nestlings’ oral microbiome than 

were in their parents’ oral microbiome alone (two sample t-test, t = 2.7, df = 46, p-value = 

0.004). In addition, fewer unique OTUs were observed in the nestlings’ oral microbiome 

than were shared with their parents (two sample t-test, t = 5.01, df = 46, p-value = 4.1e-

06). 

 

 

Figure 3-4 Boxplots comparing the microbial communities of breeders and non-breeders. Each gray 
line represents a paired comparison, (a) the mean dissimilarity for the breeder(s) on a specific 
territory and (b) a within-territory breeder-nestling pair. 
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3.4.5 Territory 

 We tested for spatial differences in oral microbiome composition (P5A) using 

ANOSIM and PCNM analyses, replicated for each season where sufficient samples were 

available (Figure 3-5). We observed no significant difference in the dissimilarities between 

hosts sampled on the same or different territories (ANOSIMFall 2017, R = 0.037, p = 0.498; 

ANOSIMFall 2018, R = 0.49, p = 0.77; ANOSIMSpring 2020, R = -0.201, p = 0.77; ANOSIMFall 

2020, R = -0.27, p = 0.85). The PCNM analysis found no significant spatial patterns within 

the seasons with sufficient samples (see Appendix 2, Table 8). In addition, territory quality 

and the proportion of spruce trees on each territory made no significant contribution (see 

Appendix 2, Table 9) to the microbiome composition (P5B). 

 

 

Figure 3-5 Aitchison distance between breeders collected within the same territory or between 
territories. Each dot represents a dissimilarity value between two samples. 
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3.5 Discussion 

 The oral microbiome of the Canada jays is highly variable between individuals, and 

between years. In addition to the taxonomic variation between seasons, there were 

significant differences in the predicted functions of the microbial taxa. Within each season, 

the two important drivers of the oral microbiome were the age of host individual, and 

vertical transmission of microbial taxa between parents and offspring. The most surprising 

result we found was the lack of homogenization of microbiomes in breeders that share 

the same territory, suggesting a lack of horizontal transmission associated with social 

interactions or location-specific environmental effects. 

 

 The seasonal differences in oral microbiome composition may be attributed to 

differences in stressors to which Canada jays must respond. In the fall, Canada jays 

prepare for a period of cold weather with little fresh food available by storing perishable 

food items. Since these stored foods may degrade over time due to freeze-thaw (Sutton 

et al., 2019), coating the food item with saliva, assumed to include the 2,3-butanediol 

producing oral microbiota, may reduce or prevent damaging ice crystallization (Soltys et 

al., 2001). The osmotic stress applied by ice crystals can cause cellular damage (Soltys 

et al., 2001), which would reduce the quality of the stored foods the Canada jays rely on 

for winter survival.  
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 In the spring before fresh food become available, Canada jays rely on food caches 

for survival, which have likely undergone some degradation regardless of 2,3-butanediol 

application. As a result, Canada jays would likely be consuming 3-phenylpropanoate, a 

compound formed during the natural degradation of organic matter (Karp; Caspi et al., 

2017). The spring-associated 3-phenylpropanoate degradation pathway (P281-PWY) 

suggests that degrading this compound is more important when the Canada jays are 

reliant on foods that been stored for extended periods of time. While we have discussed 

some seasonally abundant microbial functions here, further study on microbial function 

may be warranted to determine how much the functions predicted by PICRUSt2 are being 

expressed (e.g., RNAseq). PICRUSt2 analyses are limited in that they cannot inform on 

strain-specific functions and rely on existing databases (Douglas et al., 2020). 

 

 In the spring, strong parental influence on nestling oral microbiomes was observed 

(P4B) even when there were no spatial patterns within breeders of the same territory. The 

high proportion of OTUs shared between nestlings and their parents suggests that the 

community composition of the breeder’s oral microbiome is important for the healthy 

development of the nestlings’ microbiome. This is similar to how nearby organisms may 

colonize newly available habitats to create a functional ecological community 

(Roughgarden, 2009). While we established the patterns, our analysis could not identify 

more precisely the potential mechanisms. Future study on nestling microbiome 

development may warrant an analysis of nest materials, as nest composition is important 

for shorebird nestling microbiome development (Hird, 2017).  
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 While many shared OTUs were present between nestlings and their parents, the 

potential core genera (Table 3-2) were not shared across many microbiome samples. 

This lack of a true core microbiome with high-occupancy OTUs may be a result of oral 

microbiomes being exposed to frequent environment inputs. Within the potential core 

genera identified, several have previously been observed in association with bird 

microbiomes, including Pseudomonas, Lactococcus, Escherichia, and Streptococcus 

(Hird et al., 2015). The remaining genera were not previously known members of bird 

microbiomes (Hird et al., 2015), but they may still be relevant to the Canada jay. For 

example, several Carnobacterium species have been studied for their antimicrobial 

potential (Begrem et al., 2020), a function relevant to the Canada jay’s food storage 

behaviour.  

 

 We do not have evidence for a territorial effect on the distribution of oral microbial 

taxa even though the Canada jay is a territorial species. This finding is contradictory to 

what is indicated in other systems, such as mammal and free-living microbiomes (Ren et 

al., 2017; Jiao et al., 2019), where spatial patterns in microbial communities are common. 

Meanwhile, the lack of spatial patterns is similar to what was suggested in another avian 

system (Taylor et al., 2019). As few other comparable studies have been performed for 

wild birds, the degree of microbial dispersal between avian oral microbiomes may have 

been overestimated when we developed our predictions. An additional consideration in 
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the lack of spatial distribution of microbial taxa is the distance between hosts. The study 

area in Algonquin Provincial Park is a fraction of the Canada jay’s entire range across the 

North American boreal forest (Freeman et al., 2020). It is thus possible that the scale at 

which we studied the Canada jay oral microbiome was too small. 

 

 We did not find evidence for all other hypothesized mechanisms driving oral 

microbiome composition; one potential reason for this is sample size. Because of the 

strong temporal differences in microbiome composition, we assessed all analyses in this 

study independently for each season. Sample sizes for host-associated microbiome 

studies are often in the order of at least 15 samples per group (Ren et al., 2017; Chen et 

al., 2020; Davidson et al., 2020), though the specific number required will depend on the 

effect size (Goodrich et al., 2014). Future microbiome studies in this Canada jay 

population will need to ensure thorough and directed microbiome sampling. 

 

3.5.1 Conclusions 

 In conclusion, we have evidence for the Canada jay’s oral microbiome contributing 

to their ability to store cached food and as a mechanism that breeders can impart 

physiological properties to their offspring. Other potential mechanisms driving oral 

microbiome composition in the Canada jay, such as location and dispersal, require further 

study with additional sample information. Ongoing ecology research, such as the Canada 

jays studied in Algonquin Provincial Park, can benefit from the inclusion of microbiome 

research when done thoroughly.  
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4 Chapter 4: General Discussion and Conclusions 

 Several ecologically focused hypotheses were tested for the two microbiome data 

sets studied in this thesis. With the differences in statistical support for the similar 

hypotheses tested in both systems, it can be concluded the community ecology concepts 

are not generally applicable to all microbial communities. The discrepancy between the 

systems could be attributed to differences in host and microbiome types (i.e., fecal versus 

oral microbiomes).  

 

 In the first study (Chapter 2), we found that the location of the sampled red squirrels 

in their local environment is a key contributor to ecological dynamics in both core and 

non-core microbiomes. The core microbiome was observed to vary less along spatial 

gradients than the non-core microbiome, though more they varied more than expected. 

The distribution of non-core microbial taxa across red squirrel microbiomes was highly 

localized in each group (grid) of red squirrels. In addition to the localized spatial variation, 

the presence of non-core microbial taxa in the red squirrel microbiome varied more 

seasonally than the core microbial taxa.  

 

 In the second study (Chapter 2), we found similarities in seasonality and 

differences in specific drivers in comparison to the first study (Chapter 2). For example, 

the transient nature of the oral microbiome (Kropáčková et al., 2017) was especially 

obvious in the difference in the core microbiome between the Canada Jay and North 

American Red Squirrel systems studied in this thesis. In the North American Red Squirrel, 
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15 members of the microbiome were observed in 95% or more of the over 900 fecal 

samples collected. Many other taxa were present in a majority (>50%) of the fecal 

samples. Meanwhile, no individual OTUs were found to be present in more than half of 

the 88 Canada jay oral microbiome samples collected.  

 

4.1 Power of including microbiome study in long-term ecological 
data 

 

Figure 4-1 Figure 4 from McMurdie and Holmes (2014), updated to include center log ratio (clr) 
normalization. The code to produce this figure modified under LGPL 3.0 License using the available 
data [https://github.com/joey711/waste-not-supplemental]. 

  

 For the North American Red Squirrel study, I worked with an existing microbiome 

dataset and made significant improvements to the analysis done by Ren et al. (2017). 

The first of which was an improvement to the spatial-temporal scale at which the data 
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was analysed. The second improvement was an increase in the ecological reality of the 

analysis by separating the core and satellite microbiomes. Finally, the statistical analyses 

were improved by taking a compositional approach with the Aitchison distance. It has 

been documented that rarefaction, a method used by Ren et al. (2017), is poor statistical 

decision because it eliminates usable data (McMurdie and Holmes, 2014). While several 

alternative normalization methods were proposed by McMurdie and Holmes (2014), the 

use of log ratios was not included as a replacement for rarefaction. With the code publicly 

available from McMurdie and Holmes (2014), I modified the Figure 4 from McMurdie and 

Holmes (2014) to include center log ratio normalization (Figure 4-1, code available upon 

request). The resulting figure indicates that using Aitchison distances (Euclidean distance 

of center log ratios) will outperform the use of rarefaction. 

 

 Another important part of the red squirrel study was the large number of 

microbiome samples. Other host-associated microbiomes may have samples from 

between 1 and 100 individuals, typically with limited resampling; the number of samples 

can vary widely due to poor measures of effect size (Goodrich et al., 2014). However, 

despite our large sample size there were still limitations to our analysis. For example, we 

were interested in assessing the role of dispersal in microbiome composition; however, 

host dispersal within the available data could only be assessed by comparing the 

locations of resampled individuals. Dispersal would be better measured by radio tracking 

individuals, though radio tracking could be added as part of future research on this 

population. Working with such a large data set allowed for plenty of replication, a benefit 
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of incorporating microbiome research into long-term ecological study systems. Once 

microbiome sampling is established in the long-term study design, there is potential to 

readily obtain quite large sample sizes. 

 

 For the Canada jay study, two main limitations exist: sample size and research 

focus. The total sample size for the Canada jays was sufficiently large, though the sample 

size was small in some groups (e.g., individuals receiving food supplementation). As a 

result, several analyses could not be completed as planned or had low statistical power. 

The Canada jay microbiome samples were collected as an addition to the long-term study 

that was already going on with the Algonquin Provincial Park population. Now that we 

have our baseline results from this microbiome study, we can continue to ask exciting 

and relevant ecological questions and optimise the sampling design accordingly. 

 

4.2 Future Research 

 Further microbiome research could benefit both the Canada jay and North 

American red squirrel ecological study systems. In the Canada jay study system, this will 

allow for the development of efficient sampling to grow the seasonal sample size. Within 

the Algonquin Provincial Park population, repeated sampling in the spring will allow for a 

better understanding of the mechanisms underlying microbiome development in juvenile 

Canada jays. To better understand any potential spatial patterns, populations of Canada 

jays could be sampled along a spatial gradient across their range. Any variations at a 

greater spatial scale will become evident when comparing populations. For the North 
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American red squirrel, while small-scale spatial patterns were identified, expanding the 

sampling range could identify longitudinally associated microbial taxa. A follow up study 

could also introduce radio collars to track the dispersal of individual squirrels and assess 

its role in microbiome development. 

 

4.3 Conclusion 

 Both the Canada jay and the North American red squirrel are northern-adapted 

species that continue to be exposed to changing climates. Understanding the 

microbiomes of these species, and other species native to northern climates, is an 

important consideration for ensuring their success in response to global climate change. 

Long term population monitoring that incorporates microbiome sampling not only 

contributes to our understanding of the host system but improves the quality of the 

microbiome study.  
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APPENDICES 

Red Squirrel Supplemental Material 

Appendix 1, Table 1 Significant PCNM axis numbers by sampling grid, month, and year. Grids 
marked “food” received peanut butter as food supplementation during the study period. 

Grid/Year Month Core PCNM # Non-core PCNM # 

AG 2008 (food) 

March NS NS 

April NS NS 

May 14 8, 7, 2 

June NS 2, 12 

July 15, 4, 27 25, 36, 27, 6 

August 9 NS 

CH 2008 
April NS NS 

May NS NS 

JO 2008 (food) May 1 NS 

KL 2008 

March 15 17, 2 

April NS 13, 1 

May 24, 18, 19, 17 1, 2, 5, 6, 16, 17 

June 15, 5, 2 2, 12, 3 

July NS 17, 3 

August NS 3, 6, 12 

KL 2009 

March NS NS 

April NS 1, 4 

May NS 3 

June NS NS 

July NS 3, 1 

August NS 2 

KL 2010 

February NS 3 

March NS 8, 4, 2, 5, 17, 3, 7, 10, 1, 9 

April NS 2, 9 

May NS NS 

June NS 3 

LL 2008 (food) 
April NS 11, 7 

May NS 9, 6 

SU 2008 May NS NS 

Total Grids 
Significant 7 19 

Not 22 10 
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Appendix 1, Table 2 Total number of 99% identity OTUs in each grid/year combination. The 
number of samples, the percentage of the sample size that were individuals being resampled, and 
the number of sampling days/months. 

Grid/Year Sample Size 
(Resampled) 

Sampling Days 
(Months) 

Maximum 
Distance (metres) 

Total OTUs 

AG 2008 218 (58.7%) 81 (6) 930.1 22536 

CH 2008 47 (80.9%) 26 (2) 621.0 14881 

JO 2008 23 (47.1%) 12 (1) 768.4 8536 

KL 2008 240 (85.4%) 90 (6) 811.2 22750 

KL 2009 124 (89.4%) 58 (6) 737.9 19174 

KL 2010 189 (88.9%) 63 (5) 772.2 20146 

LL 2008 47 (57.4%) 25 (2) 919.4 15166 

SU 2008 21 (52.4%) 14 (1) 846.0 10319 

 

Appendix 1, Table 3 Number of microbiome sample comparisons available for plotting in Figure 
2-4. 

 Same Location Different location 

Same squirrel 1158 122 

Different Squirrel 662 15992 

 

Appendix 1, Table 4 Taxonomy assignments for core OTUs in the North American Red Squirrel 
fecal microbiome. 

OTU label 
Assignment 
confidence 

Order Family Genus 

e6aa12974247b
6ec7fae3e25aef
fa1d7bd744ec2 

0.9999860 Clostridiales Lachnospiraceae Unassigned 

ed431e1f7f124b
162542909fd06
aabe258956802 

0.9999688 Clostridiales Lachnospiraceae Unassigned 

b6ffefa097567d
8148f17ad0e06
154f1647669ee 

0.9999629 Clostridiales Lachnospiraceae Unassigned 
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205fc3bad7e51
607f61938d760
610d891cb0b0b

5 

0.9999209 Clostridiales Lachnospiraceae Unassigned 

c2a100a45b065
64caab49637e5
c2a042f0de5bfd 

0.9954201 Clostridiales Lachnospiraceae Faecalibacterium 

e99e61ca834a7
c493182e0315e
383ee41547dbd

0 

0.9933111 Clostridiales Christensenellaceae 
Christensenellaceae R-

7 group 

7043c33d20fcae
3fe26d9ce4b0c1
25e265e1abd0 

0.9870964 Bacteriodales Prevotellaceae Unassigned 

4f2c2b2652b49
15634ce618875
b7b0fd2fdebcd4 

0.9810013 Clostridiales Lachnospiraceae Marvinbryantia 

0d02df0bfe003e
6a1c79cb70ea4
85a0d5572ce2d 

0.9789317 Clostridiales Lachnospiraceae Blautia 

6263d2de88821
6e2ccb06dadb2
eedafe1853eae

b 

0.9423303 Clostridiales Lachnospiraceae Blautia 

8e4cf2b1369f34
63868939e2f33
b57232bea618d 

0.9207386 Clostridiales Ruminococcaceae Ruminiclostridium 5 

196c5cfa4dc50b
44d41aa0758e2
81103c5bdd5e2 

0.8515922 Clostridiales Ruminococcaceae Ruminiclostridium 9 

b212ce219f884c
266dda7a85b0a
4fa6e797e0c54 

0.8274786 Clostridiales Ruminococcaceae 
Ruminococcaceae UCG

-005 

d8f5b3d86a495
3eb85a9db29ae
3a8f1c088aeb3c 

0.8239433 Clostridiales Lachnospiraceae Blautia 

2657f398b7d9c
27f3ca37479ca5
030a17190cc42 

0.8090043 Clostridiales Lachnospiraceae Blautia 
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Canada Jay Supplemental Material 

Appendix 2, Table 1 Sequencing run information for Canada Jay microbiome samples. 

Samples Region  Forward Sequence Reverse Sequence Reference 

2016-2018 
V4 
(515FB, 
806RB) 

Primers 
GTGYCAGCMGCC
GCGGTAA 

GGACTACNVGGGTW
TCTAAT 

F: (Parada et 
al., 2016) 
R: (Apprill et al., 
2015) 

Adapter 
AATGATACGGCGA
CCACCGAGATCTA
CACGCT 

CAAGCAGAAGACGG
CATACGAGAT 

 

Library V2 Chemistry  

2019-2020 V3-V4 

Primers 
CCTACGGGNGGC
WGCAG 

GACTACHVGGGTAT
CTAATCC 

(Klindworth et 
al., 2013) 

Adapter 
TCGTCGGCAGCGT
CAGATGTGTATAA
GAGACAG 

GTCTCGTGGGCTCG
GAGATGTGTATAAGA
GACAG 

 

Library Nextera XT V2 library preparation kit (Illumina 2013) 

 

Appendix 2, Table 2 RDA ANOVA table for Prediction 1A (seasonality). 

Explanatory 
Variables 

 
Degrees of 
Freedom 

Variance F P 

Collection 
year 

Model 1 19038022 3.0128 0.025 

Residual 86 543443576  

Collection 
season 

Model 2 33643336 2.7037 0.028 

Residual 85 528838264  

Collection 
year and 
season 

Model 5 111692536 4.0634 0.004 

Residual 82 450789066  

 

Appendix 2, Table 3 RDA ANOVA table for Prediction 2 with all variables (sex, age, birth year, 
breeding status). 

Season  
Degrees of 

freedom 
Variance F P 

Fall 2017 
Model 11 512.65 1.1729 0.214 

Residual 3 119.21  

Fall 2018 
Model 10 231.46 0.64 0.214 

Residual 3 108.5  

Spring 
2020 

Model 6 179.28 1.2277 0.197 

Residual 27 657.10  

Fall 2020 
Model 8 635.40 1.0706 0.305 

Residual 10 741.86  
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Appendix 2, Table 4 RDA ANOVA table for Prediction 2 with breeding status only. 

Season  
Degrees of 

freedom 
Variance F P 

Fall 2017 
Model 2 103.07 1.1695 0.273 

Residual 12 528.79  

Fall 2018 
Model 2 253.237 1.0212 0.409 

Residual 11 286.728  

Spring 
2020 

Model 1 37.48 1.5012 0.037 

Residual 32 798.89  

Fall 2020 
Model 1 86.27 1.1361 0.261 

Residual 17 12909.98  

 

 

Appendix 2, Table 5 RDA ANOVA table for Prediction 2 with age at collection only. 

Season  
Degrees of 

freedom 
Variance F P 

Fall 2017 
Model 1 39.14 0.8585 0.635 

Residual 13 592.72  

Fall 2018 
Model 1 9.05 0.3281 0.985 

Residual 12 330.92  

Spring 
2020 

Model 1 50.77 2.0679 0.007 

Residual 32 785.60  

Fall 2020 
Model 1 100.22 1.3342 0.115 

Residual 17 1277.03  

 

 

Appendix 2, Table 6 RDA ANOVA table for Prediction 2 with sex only. 

Season  
Degrees of 

freedom 
Variance F P 

Fall 2017 
Model 1 46.37 1.0295 0.375 

Residual 13 585.49  

Fall 2018 
Model 1 18.83 0.7036 0.861 

Residual 12 321.14  

Spring 
2020 

Model 2 64.58 1.297 0.083 

Residual 31 771.79  

Fall 2020 
Model 1 71.83 0.9354 0.495 

Residual 17 1305.43  
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Appendix 2, Table 7 RDA ANOVA table for Prediction 2 with birth year only. 

Season  
Degrees of 

freedom 
Variance F P 

Fall 2017 
Model 8 387.36 1.1882 0.167 

Residual 6 244.50  

Fall 2018 
Model 7 124.61 0.496 0.992 

Residual 6 215.35  

Spring 
2020 

Model 5 141.43 1.1396 0.251 

Residual 28 694.94  

Fall 2020 
Model 6 485.13 1.0876 0.269 

Residual 12 892.12  

 

 

Appendix 2, Table 8 RDA ANOVA table for PCNM spatial analysis (Prediction 5A). 

Season  Degrees of freedom Variance F P 

Fall 2017 
(5 PCNM axes) 

Model 5 485.85 1.0642 0.398 

Residual 2 182.61  

Fall 2018 
(6 PCNM axes) 

Model 6 211.549 0.9985 0.514 

Residual 2 70.623  

Spring 2020 
(5 PCNM axes) 

Model 5 427.14 0.7395 0.839 

Residual 6 693.09  

Fall 2020 
(6 PCNM axes) 

Model 6 516.49 0.8941 0.775 

Residual 9 866.46  

 

 

Appendix 2, Table 9 dbRDA ANOVA table for territory quality analysis (Prediction 5B). 

Season  
Degrees of 

freedom 
Sum of 
squares 

F P 

Fall 2017 
Model 3 3.9115 1.2803 0.33 

Residual 4 4.0733  

Fall 2018 
Model 3 1.5343 0.4241 0.766 

Residual 4 4.8234  

Spring 
2020 

Model 3 2.5972 0.6361 0.759 

Residual 8 10.8882  

Fall 2020 
Model 3 0.7780 0.8441 0.56 

Residual 12 3.6871  
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Appendix 2, Figure 1 Volcano plot of differentially abundant putative functions of the Canada jay 
oral microbiome. Red points are significant. Points located towards the bottom of the plot are 
associated with the fall and those towards the top are associated with the spring. 
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Appendix 2, Table 10 Shortened differential abundance testing (Aldex2) output including only pathways with a significant (Welch’s t-
test, p<0.05) difference in abundance. All values rounded to 2 decimal places. Full output available in the Canada jay GitHub repository. 

Predicted Pathway 
Median CLR Median CLR Difference Median 

Effect Size 
Proportion of Effect 
Size that Overlaps 0 

P-
Value All Fall Spring Between Seasons Within Seasons 

3-
HYDROXYPHENYLACETATE-

DEGRADATION-PWY 
1.59 0.74 2.03 1.64 3.16 0.44 0.29 0 

ALL-CHORISMATE-PWY 1.54 1.09 2.02 0.79 2.61 0.24 0.34 0.02 

CATECHOL-ORTHO-
CLEAVAGE-PWY 

1.59 1.08 2.15 1.09 2.68 0.31 0.31 0.02 

CHLOROPHYLL-SYN -2.77 -3.94 -1.17 2.28 4.68 0.45 0.26 0.02 

ENTBACSYN-PWY 1.74 0.84 2.36 1.6 2.46 0.61 0.21 0 

GALACT-GLUCUROCAT-
PWY 

1.88 0.9 2.6 1.62 2.13 0.64 0.19 0 

GALACTARDEG-PWY 1.02 0.1 1.38 1.29 3.49 0.31 0.34 0 

GALACTUROCAT-PWY 2.53 1.87 2.94 1.18 2.31 0.42 0.27 0 

GLUCARDEG-PWY 1.08 0.17 1.45 1.25 3.41 0.31 0.34 0 

GLUCARGALACTSUPER-
PWY 

1.02 0.11 1.38 1.26 3.4 0.31 0.34 0 

HCAMHPDEG-PWY -0.4 -1.12 0.37 1.53 3.67 0.36 0.32 0.01 

KETOGLUCONMET-PWY 0.8 -0.29 1.88 2.07 2.85 0.58 0.2 0 

NAD-BIOSYNTHESIS-II 1.46 0.82 1.71 0.89 2.47 0.29 0.35 0.02 

P105-PWY 3.9 3.67 4.29 0.68 1.48 0.38 0.27 0 

P108-PWY 2.36 1.42 3.52 2.45 2.39 0.92 0.09 0 

P23-PWY 2.32 1.74 2.82 1.1 2.12 0.41 0.24 0 

P281-PWY 0.94 0.08 2.64 2.62 2.92 0.79 0.14 0 
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P42-PWY 3.16 2.63 3.59 1.13 1.3 0.78 0.15 0 

P621-PWY -4.28 -4.87 -2.48 3.19 6.5 0.44 0.32 0.01 

PPGPPMET-PWY 2.83 2.49 3.17 0.82 2.02 0.31 0.33 0.01 

PROTOCATECHUATE-
ORTHO-CLEAVAGE-PWY 

3.02 2.35 3.72 1.86 2.65 0.61 0.22 0 

PWY-1361 -4.29 -5.41 -1.86 3.03 6.47 0.46 0.3 0.01 

PWY-1501 -4.25 -5.38 -2.32 3.43 5.88 0.5 0.3 0.01 

PWY-3661 -3.51 -4.5 -1.13 3.05 5.51 0.51 0.26 0.01 

PWY-4984 2.07 1.15 3.18 1.93 2.21 0.78 0.16 0 

PWY-5181 2.06 0.8 2.79 2.02 3.12 0.49 0.26 0.01 

PWY-5304 1.22 0.18 1.67 1.73 3.2 0.5 0.24 0 

PWY-5417 1.71 1.1 2.16 1.2 2.75 0.33 0.31 0.01 

PWY-5419 0.91 -0.3 1.75 2.15 3.49 0.51 0.23 0 

PWY-5420 1.22 0.14 1.83 1.57 3.22 0.38 0.28 0.01 

PWY-5431 1.72 1.1 2.16 1.18 2.71 0.33 0.31 0.02 

PWY-5505 1.8 0.88 2.44 1.34 2.17 0.43 0.3 0.02 

PWY-5529 -2.18 -3.35 -0.54 2.41 5.15 0.45 0.26 0.01 

PWY-5647 -1.97 -2.58 -0.73 1.8 3.41 0.48 0.25 0 

PWY-5654 -0.44 -2.07 0.62 2.8 3.4 0.76 0.16 0 

PWY-5676 1.75 0.82 3.01 2.35 2.5 0.87 0.11 0 

PWY-5705 1.22 0.49 1.96 1.73 1.97 0.75 0.16 0 

PWY-5741 -0.67 -1.83 0.84 2.77 4.33 0.54 0.2 0 

PWY-5920 2.83 2.34 3.34 1.25 1.71 0.63 0.17 0 

PWY-5941 0.36 -0.26 2.15 2.62 3.96 0.6 0.16 0 
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PWY-6071 0.82 -0.23 1.71 2.12 2.97 0.59 0.21 0 

PWY-6107 -1.69 -2.84 -0.21 2.76 5.31 0.47 0.29 0.01 

PWY-6182 1.76 1.01 2.23 1.32 2.6 0.41 0.29 0.01 

PWY-6210 -2.6 -3.58 -1.25 2.27 3.72 0.56 0.23 0 

PWY-6263 -0.2 -1.08 1.33 2.35 5.87 0.39 0.23 0.02 

PWY-6338 -2.09 -3.25 -0.35 2.3 4.92 0.43 0.28 0.01 

PWY-6507 1.96 1.03 2.79 1.72 2.31 0.62 0.23 0 

PWY-6588 1.58 0.46 2.72 2.29 2.76 0.74 0.19 0 

PWY-6629 -0.98 -4.91 1.1 4.86 7.1 0.6 0.27 0 

PWY-6690 -0.4 -1.12 0.35 1.47 3.54 0.36 0.32 0.01 

PWY-6749 -2.57 -3.31 -0.84 2.98 5.91 0.44 0.3 0.02 

PWY-6969 3.96 3.7 4.38 0.72 1.49 0.43 0.25 0 

PWY-7003 0.93 0.54 1.43 0.91 2.31 0.24 0.33 0.02 

PWY-7097 -2.07 -3.24 -0.36 2.21 5 0.39 0.28 0.01 

PWY-7098 -1.91 -3.1 -0.19 2.31 5.04 0.39 0.29 0.01 

PWY-7315 0.99 -0.57 2.02 2.43 3.2 0.64 0.22 0 

PWY-7371 -1.69 -2.55 0.06 2.71 5 0.52 0.2 0 

PWY-7374 -1.73 -2.71 -0.08 2.78 5.05 0.52 0.21 0 

PWY-7431 2.93 1.89 3.92 2.08 2.81 0.64 0.2 0 

PWY-7446 -3.05 -4.66 -1.74 3.25 5.71 0.49 0.27 0 

PWY0-1277 0.79 0.24 1.5 1.19 3.29 0.29 0.34 0.01 

PWY0-1479 2.67 2.42 2.88 0.58 1.79 0.23 0.35 0.01 

PWY0-1533 1.65 0.74 2.75 2.09 2.59 0.7 0.17 0 

PWY0-321 1.77 0.32 2.28 1.79 3.12 0.46 0.3 0 
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PWY0-41 -0.53 -1.25 0.28 1.6 3.67 0.41 0.31 0 

PWY490-3 -0.95 -2.02 0.4 2.33 4.48 0.41 0.27 0.02 

RHAMCAT-PWY 0.59 -0.21 1.24 1.47 2.77 0.45 0.27 0 

1CMET2-PWY 4.54 5.09 4.17 -1.03 1.96 -0.47 0.28 0 

ARGORNPROST-PWY 3.28 3.55 3.01 -0.81 2.23 -0.34 0.34 0.02 

ARGSYN-PWY 4.52 5.05 4.19 -0.88 1.98 -0.39 0.32 0 

ARGSYNBSUB-PWY 4.56 5.15 4.24 -0.9 2.02 -0.4 0.31 0 

ARO-PWY 4.58 4.85 4.34 -0.58 1.71 -0.27 0.35 0 

AST-PWY 2.33 3.15 1.61 -1.33 3 -0.4 0.33 0.01 

BIOTIN-BIOSYNTHESIS-
PWY 

3.57 3.95 3.38 -0.67 1.93 -0.31 0.35 0 

BRANCHED-CHAIN-AA-
SYN-PWY 

4.9 5.12 4.71 -0.5 1.89 -0.24 0.38 0 

CALVIN-PWY 4.64 4.89 4.41 -0.56 1.84 -0.3 0.34 0 

COA-PWY 4.38 4.8 4.01 -0.85 1.95 -0.41 0.29 0 

COMPLETE-ARO-PWY 4.65 4.94 4.39 -0.57 1.73 -0.26 0.35 0 

DENOVOPURINE2-PWY 3.97 4.44 3.68 -0.65 1.27 -0.46 0.28 0 

DTDPRHAMSYN-PWY 4.31 4.9 4.1 -0.8 2.2 -0.31 0.36 0 

FASYN-ELONG-PWY 5.03 5.47 4.76 -0.71 2.22 -0.32 0.34 0 

FERMENTATION-PWY 3.97 4.16 3.81 -0.4 1.32 -0.25 0.35 0 

FOLSYN-PWY 4.53 5.06 4.07 -0.92 1.41 -0.57 0.26 0 

GLUTORN-PWY 4.6 5.09 4.2 -0.89 1.96 -0.42 0.31 0 
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GLYCOCAT-PWY 3.93 4.14 3.7 -0.42 1.57 -0.22 0.4 0.01 

GLYCOGENSYNTH-
PWY 

3.82 4.24 3.59 -0.51 1.63 -0.29 0.37 0.01 

GLYCOLYSIS 4.29 4.51 4.17 -0.29 1.84 -0.14 0.42 0 

HISTSYN-PWY 4.38 4.81 3.99 -0.87 2.12 -0.36 0.31 0 

ILEUSYN-PWY 5.13 5.27 4.97 -0.46 1.96 -0.2 0.4 0 

LACTOSECAT-PWY 1.07 1.14 1.04 -1.02 5.81 -0.17 0.4 0.02 

NONOXIPENT-PWY 4.96 5.21 4.75 -0.55 1.98 -0.25 0.37 0 

OANTIGEN-PWY 4.22 4.71 4.05 -0.66 2.1 -0.3 0.35 0 

P125-PWY 2.56 2.92 2.18 -1.6 3.57 -0.4 0.3 0 

P161-PWY 3.58 3.79 3.26 -0.64 2.23 -0.25 0.34 0 

P164-PWY 1.25 1.49 0.18 -1.29 6.47 -0.2 0.36 0.02 

PEPTIDOGLYCANSYN-
PWY 

4.42 4.86 4.07 -0.77 1.98 -0.35 0.31 0 

PHOSLIPSYN-PWY 4.86 5.46 4.47 -1.09 1.89 -0.51 0.27 0 

POLYISOPRENSYN-
PWY 

4.46 4.79 4.2 -0.71 2.07 -0.32 0.34 0 

PWY-2942 4.65 4.96 4.38 -0.65 1.88 -0.31 0.34 0 

PWY-3001 4.69 4.95 4.5 -0.6 1.93 -0.3 0.34 0 

PWY-5101 5.19 5.36 5.04 -0.42 1.91 -0.18 0.41 0 

PWY-5103 4.83 5.09 4.61 -0.55 1.93 -0.26 0.37 0 

PWY-5154 4.47 4.89 4.12 -0.78 2.05 -0.34 0.34 0 
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PWY-5507 -4.09 -2.75 -7.28 -3.65 5.97 -0.56 0.27 0 

PWY-5667 4.97 5.77 4.51 -1.08 1.98 -0.5 0.26 0 

PWY-5686 4.53 5.04 4.26 -0.78 1.96 -0.38 0.3 0 

PWY-5695 4.82 5.2 4.52 -0.78 1.92 -0.36 0.34 0 

PWY-5747 2.53 2.96 2.3 -1.08 2.49 -0.38 0.34 0 

PWY-5837 1.78 2.03 1.62 -0.87 3.67 -0.23 0.37 0 

PWY-5840 2.36 2.61 2.11 -0.91 3.22 -0.26 0.36 0 

PWY-5863 1.91 2.17 1.73 -0.87 3.64 -0.23 0.37 0 

PWY-5897 2.34 2.57 2.1 -0.79 3.19 -0.21 0.37 0.01 

PWY-5898 2.34 2.56 2.09 -0.8 3.19 -0.24 0.36 0 

PWY-5899 2.34 2.57 2.1 -0.78 3.21 -0.23 0.37 0 

PWY-5910 1.96 2.2 1.64 -1.33 4.66 -0.27 0.33 0 

PWY-5973 5.08 5.41 4.77 -0.59 2.07 -0.27 0.36 0 

PWY-6121 4.62 4.98 4.45 -0.66 1.89 -0.34 0.34 0 

PWY-6122 4.57 4.92 4.42 -0.64 1.92 -0.27 0.36 0 

PWY-6123 4.36 4.79 4.08 -0.74 1.94 -0.35 0.32 0 

PWY-6126 4.56 5.04 4.3 -0.78 1.9 -0.38 0.31 0 

PWY-6151 3.64 3.74 3.48 -0.4 1.82 -0.17 0.38 0 

PWY-6163 4.48 4.68 4.29 -0.45 1.71 -0.21 0.38 0 

PWY-6277 4.57 4.91 4.42 -0.56 2.01 -0.25 0.36 0 

PWY-6385 4.42 4.86 4.06 -0.76 1.99 -0.34 0.31 0 
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PWY-6386 4.42 4.87 4.07 -0.81 1.92 -0.4 0.29 0 

PWY-6387 4.45 4.88 4.09 -0.76 2.02 -0.35 0.31 0 

PWY-6396 2.76 2.99 2.61 -1.13 3.4 -0.3 0.35 0 

PWY-6470 0.63 0.99 0.25 -1.79 5.91 -0.3 0.33 0 

PWY-6519 3.66 4.16 3.35 -0.85 1.9 -0.4 0.31 0 

PWY-6609 3.47 3.77 3.23 -0.74 2.42 -0.26 0.31 0 

PWY-6612 4.44 4.89 3.92 -0.88 1.34 -0.56 0.26 0 

PWY-6628 4.09 4.58 3.82 -0.6 1.18 -0.43 0.31 0 

PWY-6737 4.27 4.88 3.74 -1.24 2.37 -0.49 0.28 0 

PWY-6897 4.2 4.64 4.03 -0.76 1.97 -0.36 0.32 0 

PWY-6944 -0.17 1.29 -0.86 -2.7 4.88 -0.5 0.28 0 

PWY-7111 5.77 5.95 5.55 -0.46 2 -0.19 0.41 0.01 

PWY-7187 3.71 4.1 3.39 -0.73 1.25 -0.55 0.27 0 

PWY-7208 4.64 5.18 4.35 -0.86 1.98 -0.39 0.31 0 

PWY-7219 4.61 5.05 4.3 -0.83 1.93 -0.41 0.3 0 

PWY-7220 4.56 5.04 4.31 -0.79 2.03 -0.36 0.33 0 

PWY-7221 4.47 4.88 4.18 -0.7 1.89 -0.34 0.32 0 

PWY-7222 4.56 5.04 4.31 -0.78 2.01 -0.35 0.32 0 

PWY-7229 4.63 5.11 4.36 -0.79 1.91 -0.36 0.31 0 

PWY-7234 4.34 4.75 4.07 -0.74 1.92 -0.36 0.31 0 

PWY-7377 -3.03 -2.39 -6.33 -3.17 6.17 -0.49 0.29 0 
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PWY-7400 4.51 5.04 4.19 -0.89 2.03 -0.38 0.32 0 

PWY-7663 5.19 5.62 4.81 -0.83 2.24 -0.34 0.33 0 

PWY-922 1.57 1.81 1.2 -1.44 4.87 -0.29 0.32 0 

PWY0-1061 4.35 5 3.77 -1.53 2.29 -0.63 0.22 0 

PWY0-1296 2.97 3.13 2.82 -0.57 2.51 -0.19 0.37 0.01 

PWY0-1297 3.17 3.41 2.92 -0.7 2.32 -0.27 0.32 0 

PWY0-1298 2.84 3.09 2.69 -0.5 2.54 -0.18 0.37 0 

PWY0-1319 4.97 5.78 4.51 -1.09 1.89 -0.51 0.27 0 

PWY0-1586 4.4 5.11 3.63 -1.62 2.6 -0.61 0.23 0 

PWY0-166 4.21 4.51 4.01 -0.48 1.31 -0.33 0.34 0 

PWY0-845 3.27 3.6 3.16 -0.41 1.85 -0.19 0.41 0.02 

PWY4FS-7 4.66 5.23 4.2 -1.07 1.87 -0.52 0.25 0 

PWY4FS-8 4.66 5.23 4.21 -1.05 1.93 -0.51 0.25 0 

PYRIDOXSYN-PWY 3.11 3.42 3 -0.66 2.18 -0.26 0.38 0.02 

RIBOSYN2-PWY 4.46 4.98 4.1 -0.93 1.92 -0.47 0.29 0 

SER-GLYSYN-PWY 4.8 5.33 4.5 -0.71 1.92 -0.33 0.34 0 

TEICHOICACID-PWY 1.7 1.82 1.47 -0.68 3.36 -0.16 0.39 0.01 

THRESYN-PWY 4.54 4.82 4.34 -0.62 1.91 -0.29 0.33 0 

TRNA-CHARGING-PWY 4.26 4.59 4 -0.49 1.24 -0.33 0.34 0 

TRPSYN-PWY 4.46 4.89 4.15 -0.86 1.97 -0.4 0.3 0 

UDPNAGSYN-PWY 4.46 4.82 4.16 -0.69 1.9 -0.32 0.33 0 
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VALSYN-PWY 5.13 5.27 4.97 -0.4 1.92 -0.18 0.41 0 
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