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Abstract 
 

Soil bacteria are indispensable members of the soil environment, vital for supporting 

both natural ecosystems and agricultural land. It is therefore crucial that we understand how 

natural and anthropogenic driven variation in the soil impacts bacterial communities and their 

functional contributions. This thesis applied next-generation sequencing technology to 

investigate patterns in soil bacteria biogeography at small and large spatial scales to ultimately 

determine how bacterial communities can be used to inform on soil quality.  

A methods study was conducted to identify a DNA extraction protocol which can be 

universally applied to investigate bacterial communities, and eukaryotic taxa, across a wide 

range of environment types. This method was then employed to extract DNA from soil, stream 

sediment and stream water samples collected across small spatial scales (e.g., tens to hundreds 

of metres) within a native forest catchment. Amplicon sequencing of these samples revealed 

transient connectivity between bacterial communities in terrestrial and aquatic environments. 

Large scale investigations of soil bacterial communities in ~5,000 samples collected across 

New Zealand confirmed that pH and soil nutrient content strongly correlated with changes in 

bacterial community composition, more so than spatial or climatic variables. These soil 

variable changes were closely linked to land use, and land use history impacted bacterial 

community composition and functional potential. Even eight years after conversion from pine 

plantation to grazed pasture, bacterial communities within the soil were distinct to those found 

within long term reference sites for both the historic and current land uses. Finally, the 

relationships between soil bacterial communities, land use and soil physicochemical variables 

were shown to be predictable to the extent where bacterial community composition can be used 

to determine the quality of the soil.  

This thesis greatly advances our understanding of the factors which govern the 

distribution and functional potential of soil bacterial communities across New Zealand and 

helps to close the gaps in global bacterial diversity data. Importantly, the implications of human 

land use on soil microbial communities are highlighted and crucial evidence is provided for 

how soil monitoring can be improved by incorporating bacterial data. The results from this 

thesis can be used to advise best-practice guidelines for soil monitoring that ultimately ensures 

the long-term sustainability of our agricultural and pastoral industries, while caring for our 

natural environments.  
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Upon this handful of soil our survival depends. Husband it and it will grow food, our fuel, 
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Chapter 1 

 

General Introduction 
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1.1 The importance of soil bacterial communities 

Microbial organisms are ubiquitous across the planet, including in marine (Ghiglione 

et al. 2012), freshwater (Lear et al. 2013) and soil (Griffiths et al. 2011; Hermans et al. 2017; 

Terrat et al. 2017) ecosystems. They are so widespread and abundant that global microbial 

carbon is equivalent to that stored in plants, while microbial nitrogen is tenfold greater 

(Whitman et al. 1998). However, our long-standing interest in microbial communities stems 

not only from their wide abundance, but also from the fundamental roles bacteria have in 

ecosystem functioning. Soil bacterial communities are no exception; they perform wide-

ranging contributions to the soil. They are involved in the cycling of important nutrients such 

as carbon, nitrogen and sulphur, as well as trace elements like iron, nickel and mercury (Ranjard 

et al. 2000). They have direct and indirect impacts on the growth of plant species; the formation 

of beneficial or detrimental relationships with structures such as the roots directly impacts plant 

growth (Compant et al. 2005; Wu et al. 2008). Interacting with the soil environment, or other 

organisms further impacts plants indirectly; for example, certain microbial communities can 

protect plants against pathogens (Mendes et al. 2011). Furthermore, the presence of specific 

taxa can provide broader ecosystem protection against-soil borne pathogens. This occurs 

through various mechanisms, and can be the result of general competitive activities of the 

overall microbial communities, or the specific suppression by one or a few taxa (Raaijmakers 

and Mazzola 2016). Finally, the organic and inorganic acids produced by bacteria impact soil 

weathering, therefore microbial communities can also affect overall soil structure (Wu et al. 

2008). The wide array of roles and influences soil bacterial communities have on soil 

ecosystems means their contribution to natural ecosystems, as well as agricultural land, is 

indispensable.   

The soil environment is a highly structured and complex ecosystem. Gradients in pH, 

substrate concentration and a wide range of chemistries, all encapsulated within the soil matrix, 

provide spatial isolation at various scales (Torsvik et al. 2002). Ultimately, this creates an 

environment with many niches and variable resources, allowing bacteria to adapt and thrive in 

different microhabitats within the soil. Given the complex environment within which they 

reside, it is therefore no surprise that soil bacterial communities are extremely diverse. 

Harbouring perhaps the greatest diversity of all global ecosystems, it is estimated that a single 

gram of soil can contain a billion bacterial cells, of up to one million different species (Gans et 

al. 2005), although this number is highly contested (Schloss and Handelsman 2006). While 

such high diversity presents challenges for uncovering the bacterial communities present in 
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soil and understanding what governs their distribution, the rapid advancement of next-

generation sequencing technologies (Shokralla et al. 2012) now allows for the detailed 

exploration of these communities. Understanding which bacteria are present in the soil, the 

functional roles they occupy, and how these change under natural and anthropogenic driven 

variations in the soil environment is an essential research area. Most importantly, given the 

complexity of these microbial systems, it is vital that research is conducted at different spatial 

scales, to capture both the small-scale changes within local areas and the large-scale changes 

that occur regionally, or even nationally. Only then will we be able to understand how bacterial 

communities interact with communities in adjacent habitats, the natural variations that occur 

in their distributions, the extent to which they are impacted by anthropogenic activity, and how 

these changes can be used to monitor the quality of our soils.  

1.1.1 Methods to study soil bacterial communities 
Traditional, culture-based methods employed in the early years of soil microbial 

ecology research have long been replaced by culture-independent, molecular based approaches. 

While the true proportion of soil bacteria that can be cultured is still actively debated (Martiny 

2019), it is well known that the diversity captured on an agar plate massively underestimates 

the true diversity of bacterial communities. Therefore, while culture-based methods remain 

invaluable for studying bacterial behaviour in isolation, the development and improvement of 

molecular methods has been vital to the advancement of soil microbial research at community 

levels.  

Less than a decade ago, medium to large scale soil microbiology studies still relied 

heavily on molecular fingerprinting methods, such as Terminal Restriction Fragment Length 

Polymorphism (T-RFLP; Liu et al. 1997) to characterise soil microbial communities (e.g. 

Griffiths et al. 2011; Ranjard et al. 2013). Such methods are limited to crude taxonomic 

classifications, and estimates of microbial community diversity are inaccurate (Blackwood et 

al. 2007). When comparing community profiles that are generated by both sequencing and 

fingerprinting methods, maximal correlations are observed when low (60-70%) sequence 

similarity is used to classify the sequence data (Griffiths et al. 2011), indicating the low 

taxonomic resolution at which fingerprinting methods discriminate taxa. A more detailed and 

accurate method for characterising microbial communities is to use next-generation sequencing 

(NGS). Since the development of the first next-generation sequencer (Margulies et al. 2005), 

substantial advances in sequencing technologies have occurred, and we are now able to obtain 
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staggering amounts of sequencing data for hundreds of samples in parallel (Shokralla et al. 

2012). The improvements and concordant reduction in cost associated with NGS methods over 

the last decade have resulted in an increase in the application of these methods for 

investigations of soil bacterial communities. Most studies to date, however, are at small 

(Žifčáková et al. 2015; Zhou et al. 2016) and intermediate (Maestre et al. 2015; Hermans et al. 

2017) spatial scales, or cover wide areas with relatively few samples (Delgado-Baquerizo et al. 

2018a); there are still very few examples of NGS methods being applied at larger scales. NGS 

is a promising technique for large scale soil datasets to more accurately depict microbial 

community composition and function, and progress beyond a basic understanding of what 

impacts the biogeography of soil bacteria. 

The increased use of DNA-based methods, and the large amount of data with detailed 

taxonomical information that can be obtained using NGS has highlighted several 

methodological biases. There is strong evidence suggesting that nucleic acids extraction 

methods directly influence the quantity and quality of recovered DNA (Fredricks et al. 2005; 

Wagner Mackenzie et al. 2015). This can lead to differences in observed richness, diversity 

and distribution of microorganisms (Martin-Laurent et al. 2001; Luna et al. 2006; Wagner 

Mackenzie et al. 2015). These discrepancies are further exacerbated by different sample types, 

each of which present their own challenges for the efficient extraction of DNA (Priemé et al. 

1996). As a result, targeted DNA extraction approaches for specific organism and sample types 

have led to a wide array of extraction methods utilized by different studies. Given the biases 

associated with different methods, results from different studies cannot be easily compared. 

There are projects, such as the Earth Microbiome Project (EMP; Gilbert et al. 2014) which 

utilise a single, consistent, DNA extraction method to study the microbial communities across 

a range of different biomes. However, there is a lack of literature that assesses the ability of 

this DNA extraction method, and alternatives, in their ability to obtain optimal DNA from a 

range of sample types. The identification of a single DNA extraction method that can be 

standardised across multiple environments would be greatly beneficial. 

As well as providing more accurate and detailed descriptions of microbial community 

composition, NGS technologies can be used to determine the functional characteristics of these 

communities. Metagenomics involves the analyses of all the microbial genomes within a 

sample through ‘shotgun’ sequencing of the total DNA extracted from a sample (Wooley et al. 

2010). This approach has been used to show that communities under different land uses have 

variable functional diversity (Mendes et al. 2015b) and that the functional attributes of desert 
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soil communities, for example, are different to those of non-desert communities (Fierer et al. 

2012b). Due to the large diversity and complexity of soil microbes, and the deep sequencing 

required to account for this (Mocali and Benedetti 2010), metagenomics is still somewhat 

restricted to small or medium sized studies. Additionally, since this method is based on DNA, 

it is limited to describing functional potential. Transcriptomics, proteomics, or metabolomics, 

which analyse RNA, protein and metabolites, respectively, would be required to gain insights 

into the functions actively being carried out by any given community, at any given time 

(Biswas and Sarkar 2018). Nonetheless, metagenomic sequencing can uncover important 

ecological roles of soil bacteria and identify patterns that result in changes to these roles.  

1.2 Soil bacterial communities explored at various spatial scales 

Bacterial communities have been studied at a wide range of scales, both in terms of the 

number of samples analysed, and the spatial area covered. Different environmental variables 

vary over different scales, and therefore the spatial grain of studies determines which patterns 

are detected. The scale at which bacterial research is conducted is therefore inherently 

important to interpreting the results.  

1.2.1 Small spatial scales 
The term “small-scale” is somewhat ambiguous when discussing soil bacterial 

communities. Given their microscopic size, it can be hard to determine what spatial scale is the 

most appropriate for community sampling, and relative to bacterial cell sizes, even studies 

conducted in small plots within paddocks could be considered large scale. While few studies 

have looked at bacteria at truly small – micrometres to centimetre – scales, there is evidence of 

patterns and variability. Imaging techniques of soil thin sections have revealed that within the 

soil, despite the vast number of bacterial cells present, each bacterium is in direct contact with 

on average only 120 other bacterial cells (Raynaud and Nunan 2014). Furthermore, spatial 

patterns in the distribution of bacteria have been observed at similarly small scales (Nunan et 

al. 2003). At slightly larger scales, communities sampled within metres of each other have been 

shown to be distinct (O’Neill et al. 2013). 

While studying bacterial communities at microscopic scales is relevant, most ‘small-

scale’ studies assess the variability at scales of metres to kilometres. For the purposes of my 

thesis, small-scale will refer to studies localised to individual study sites, such as those 
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conducted within a single paddock, or localised forest area. Many soil bacterial community 

studies have been conducted at this scale, and these often consider the small-scale changes in 

the soil environment. The pH of soil can vary over small areas; soils near trees have a different 

pH to soil located less than a metre away (Riha et al. 1986). Similarly, soil nutrients vary 

spatially at scales of centimetres to metres, and changes in nutrient concentrations are 

correlated to the distribution of plants (Schlesinger et al. 1996). The spatial scale at which soil 

variables differ may vary between sites; organic horticulture fields require more samples per 

area than conventional fields to capture the increased variation in the soil environment 

(Cambardella and Karlen 1999). While climatic variables and vegetation will not change much 

over small spatial scales, studies conducted on elevational gradients can encompass significant 

changes occurring within a locality, along with changes in the soil environment (Garten et al. 

1999). Overall, small-scale studies reveal important insights into the relationship between the 

soil environment and bacterial communities, often without conflicting variables such as climate 

affecting the results.   

1.2.2 Intermediate and large spatial scales 
In comparison to small-scale studies, my thesis considers intermediate and large scale 

studies as those that are conducted at regional (e.g. Hermans et al. 2017) and national or 

continental scales (e.g. Fierer and Jackson, 2006; Griffiths et al. 2011; Terrat et al. 2017), 

respectively. There are also a limited number of large scale studies collected at global scales 

(e.g. Prober et al. 2015; Delgado-Baquerizo et al. 2018a). Ideally the increased spatial scale is 

matched with an increase in replicate samples at the scales of greatest interest. This is not 

always feasible however, and most, if not all, studies that are large in geographic range consist 

of a limited number of samples. Our perception of the patterns in bacterial communities will 

depend on the scale and intensity at which we are sampling, so it is important that we collect a 

suitable number of replicates (Bellehumeur and Legendre 1998). This number will depend on 

the level of natural variation, which remains largely unknown at these scales. Additionally, the 

effect of sampling design has not been well investigated.  

While small-scale studies are useful for teasing apart the impact of subtle changes in 

soil environmental variables, large scale studies offer the ability to determine how changes in 

climate, soil type and land usage impact bacterial communities. Importantly, these comparisons 

can be made simultaneously, increasing our understanding of how bacterial communities vary 

over both natural and anthropogenic driven changes in the environment. Large scale studies 
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are important for increasing our understanding of total bacterial diversity, the ubiquitous nature 

of dominant taxa, and the roles of rare taxa. Analyses of ~250 samples, spread over 18 countries 

and six continents revealed that the majority of bacterial taxa are rare, and only a small 

proportion are shared among samples (Delgado-Baquerizo et al. 2018a). While only 2% of total 

taxa were considered dominant, these were present in over half the samples, and accounted for 

over 40% of the sequence data (Delgado-Baquerizo et al. 2018a). While dominant taxa are 

likely to be major contributors to the soil ecosystem, it is important that rare taxa are not 

ignored. Rare taxa are an important source of functional diversity, which can be transferred to 

more dominant microbes via horizontal gene transfer (Low-Décarie et al. 2015), and they may 

be more metabolically active when present in low abundance (Dimitriu et al. 2010). 

Additionally, these rare taxa can become more abundant when conditions change, therefore it 

is said they act as a “microbial seed bank” (Lennon and Jones 2011). Large scale investigations 

of the distributions of dominant and rare microorganisms, and their relationships with 

environmental variables, will provide important insights into what is shaping these 

communities, and could allow us to predict how future environmental changes will impact the 

distribution of these taxa. 

1.3 Natural drivers of soil microbial diversity and richness 

Bacteria respond to natural variation in the soil environment, climate and above ground 

plant communities. Investigating these patterns is important for advancing our understanding 

of the roles microbial communities have in the soil ecosystem, the natural causes and extent of 

microbial community variation and how they may respond to a changing climate. Overall, 

studies have highlighted the importance of environmental variation in explaining variation in 

community composition (Figure 1.1).  
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Figure 1.1. A summary of the variables that are important for shaping the 
composition of bacterial communities according to previous research. The biotic 
and abiotic variables are ordered according to their relative importance, which is 
based on the ease of detecting their effects on the composition of soil bacterial 
communities. Figure is from Fierer (2017) and is reproduced with permission.  

1.3.1 Soil pH 
One of the most consistent, and well-established patterns in soil bacterial biogeography 

is the strong correlation between pH and changes in bacterial diversity and community 

composition. This relationship was first shown at a continental scale, where differences in 

diversity and richness was largely explained by soil pH (Fierer and Jackson 2006). Since then, 

this phenomenon has been confirmed, and elaborated on in many studies, both at small- and 

large-scales.  

Capitalising on a soil pH gradient ranging from 4 to 8.3 within 200 m, it has been shown 

that bacterial growth, as measured by leucine and thymidine incorporation, decreased fivefold 

at the lower pH (Rousk et al. 2009). This in turn, results in the abundance of bacteria increasing 

fourfold along the pH gradient, with a doubling of diversity at the highest pH, compared to the 

acidic soils (Rousk et al. 2010). Furthermore, the pH gradient resulted in changes in bacterial 

community composition separated by distances of less than 200 m that were larger than 

changes that are observed when sampling different biomes across North and South America 

(Rousk et al. 2010). Similar patterns are consistently observed in other studies. Along 
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elevational gradients with different vegetation types, both bacterial diversity and richness 

correlated positively with soil pH, even though the pH range was much smaller than in the 

aforementioned transect study (Shen et al. 2013). Similarly, along a pH gradient of 3.6 to 7 in 

pastures, changes in bacterial communities most strongly correlated with the pH change, 

compared to other measured variables such as a range of soil nutrients (Zhalnina et al. 2015). 

Overall, there is strong and consistent evidence for the relationship between pH, soil bacterial 

diversity and microbial community composition. 

In samples collected across the UK, soil pH was also determined to be the strongest 

predictor of bacterial alpha diversity (Griffiths et al. 2011), and soil bacterial richness across 

France appears to be strongly driven by pH (Terrat et al. 2017). Studies surveying even wider 

geographical ranges similarly find that pH is strongly related to bacterial diversity (Fierer et al. 

2012b; Thomson et al. 2015). Soil pH is to be a good predictor of the distribution of dominant 

bacterial taxa (Delgado-Baquerizo et al. 2018a) and this relationship is reliable to the extent 

where it allows for predictions of bacterial diversity (Griffiths et al. 2015). Overall, soil pH is 

a major driver of bacterial community composition, is one of the most well documented 

relationships, and is applicable at all spatial scales.  

Given the changes in bacterial community composition, it seems plausible that pH may 

impact the functional contributions of soil microbial communities. Indeed, bacteria involved in 

phosphorus cycling have differing composition in soils with different pH; the relationship 

between composition and pH was stronger than between the bacteria and phosphorus status 

(Ragot et al. 2016). In paddy soil, the taxonomic lineages of bacteria involved in nitrification 

varied with changing pH, and archaea dominated this process in acidic soils (Jiang et al. 2015). 

Similarly, the community of ammonia oxidising bacteria changed in composition along a pH 

gradient of 4.9 to 7.5 (Nicol et al. 2008). Such studies reveal the impact pH has on the functional 

contributions of bacteria to the overall soil ecosystem.  

The strong selection pressure imposed by soil pH is often hypothesised to be a driving 

factor in the relationship between pH and bacterial communities. A meta-analysis of different 

successional studies has revealed that soil pH impacts the importance of various community 

assembly processes; acidic or alkaline soils have stronger deterministic processes, while neutral 

pH soils leads to more stochasticity in the phylogenetic assembly of bacterial communities 

(Tripathi et al. 2018). Soils with more extreme pH (either acidic or alkaline) likely represent a 
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more stressful environment for microbial communities, leading to stronger selection pressures, 

thereby explaining the more stochastic assembly processes that occur in neutral soils.  

While the relationship between bacterial communities and soil pH is well documented, 

it is important to consider that this may be due to confounding relationships between soil pH 

and other soil variables (Brady and Weil 2008; Aciego Pietri and Brookes 2008). For example, 

within Britain, soils with a lower pH have more environmental heterogeneity which correlates 

with greater bacterial beta diversity between samples of low pH (Griffiths et al. 2011). 

However, due to the complexity associated with distinguishing between the direct versus 

indirect effects of pH on soil bacterial communities, this is often ignored. One study that  

distinguished between direct and indirect effects of pH found that some taxa are more impacted 

by the direct effects of pH, while others change in response to the indirect effects (Lammel et 

al. 2018). The indirect effects were mainly changes in the availability of elements such as 

aluminium, iron and copper, or the effect pH has on plant growth and nutrient cycling. 

Altogether, there are clearly more factors involved in shaping bacterial communities than soil 

pH alone, and there is still a lot that can be learned.  

1.3.2 Other soil variables 
While pH appears to have a dominant relationship with bacterial community variability, 

there are certainly many more soil variables that correlate with changes in bacterial diversity. 

This is especially apparent in certain biomes, such as grasslands, where pH does not appear to 

be driving bacterial diversity, though it still explains differences in composition (Maestre et al. 

2015). In France, bacterial richness and the turnover rate of bacterial diversity are both driven 

by variation in the environment, and especially by variation in soil physicochemical properties 

(Ranjard et al. 2013; Terrat et al. 2017). Even when pH exerts an effect, additional influences 

are observed; aforementioned studies highlighting the impact of pH were able to reveal 

important relationships between soil bacterial communities and other measured variables such 

as plant diversity, C:N ratio, soil moisture content, and clay content (Griffiths et al. 2011; Terrat 

et al. 2017). Other studies have also revealed additional drivers of change, for example, the 

classification of the soil (Kaminsky et al. 2017). 

It is likely that additional relationships revealed in large-scale studies become apparent 

due to the large dataset, and therefore increased statistical power. This pattern highlights the 

need for soil bacterial diversity studies to be conducted at multiple spatial scales, including 
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large national scales, to truly uncover all the factors driving their distribution. Overall, the soil 

environment is more important for explaining differences in soil bacterial community 

composition and diversity than climatic, geomorphological, or purely spatial variables 

(Dequiedt et al. 2009; Hermans et al. 2017). It is crucial that bacterial biogeography studies 

incorporate an extensive range of metadata into their analyses to enable us to fully understand 

the complex relationships between bacterial communities and their soil environment.  

1.3.3 Climate, vegetation and biomes 
The belowground environment is undoubtedly important when assessing changes in 

bacterial communities, however, above ground variation can also drive, or correlate with, 

changes to these communities. Aridity is one such factor; on a global scale, the abundance and 

diversity of both bacterial and fungal communities decreases with increasing aridity, including 

when there is no correlation between diversity and pH (Maestre et al. 2015). In forest sites 

across North America, temperature was the primary driver of differences in soil microbial 

communities (Zhou et al. 2016). However, bacterial turnover rates were much lower across the 

temperature gradient measured than what was observed for plants (Zhou et al. 2016). These 

results contradicts those from another study where extensive sampling across four continents 

revealed a relationship between bacterial communities and above ground plant communities: 

plant beta diversity can be used to predict soil microbial beta diversity (Prober et al. 2015). 

This correlation did not extend to bacterial community alpha diversity however, indicating 

bacterial diversity is further impacted by other variables. Insights into factors such as aridity 

and temperature, which are predicted to change drastically over the coming century, provide 

insights not only into current patterns in bacterial communities, but also how these 

communities will change in the future.  

Bacterial community turnover is driven by overall habitat turnover, especially in the 

top layers of soil (Powell et al. 2015). Assessing the distribution of bacterial taxa across biomes, 

which likely also vary in plant diversity and climatic conditions, will therefore lead to a more 

complete picture of bacterial biogeography. Such studies can contrast different biomes from 

across the globe (Fierer et al. 2012b), or compare variability in bacterial communities in global 

samples from the same biomes (Prober et al. 2015). For example, cold desert soils have lower 

taxonomic diversity than hot deserts or non-desert soils; functional diversity was also lower in 

this biome in most cases (Fierer et al. 2012b). Overall, there was a greater difference in both 

taxonomy and functional potential between desert and non-desert soils, than within different 
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deserts. However, different biomes do not always harbour different microbial communities. 

When comparing arctic soils to non-arctic biomes, the phylogenetic diversity and richness of 

bacterial communities does not appear to differ (Chu et al. 2010). Covering a wide range of 

different biomes, either in individual studies, or across multiple studies, is important because 

certain biomes, or land uses, are more likely to occur in particular environmental conditions. 

For example, arable land is often confined to sites with specific soil conditions, while 

grasslands occur over a broader range of conditions (Plassart et al. 2019). Both natural and 

anthropogenic biomes should therefore be studied.  

1.4 Anthropogenic drivers of soil bacterial communities 

The quality and quantity of food that can be grown in agricultural settings is directly 

related to the quality and fertility of soils (Gregory et al. 2012), and bacteria are important for 

maintaining soil quality (Lehman et al. 2015). It is no surprise, therefore, that a large proportion 

of soil bacterial research focusses on the impact human land use has on these bacterial 

communities. Soil sampling across Europe, at sites that encompass varying land uses, has 

shown that community composition, diversity and richness show strong spatial variation and 

differ in relation with environmental factors (Plassart et al. 2019). When grouping samples 

according to similarity in environmental and climatic variation,  land use was further shown to 

be an important factor correlating with different bacterial community composition (Plassart et 

al. 2019). Additionally, soil bacterial biomass appears to be impacted by land use (Dequiedt et 

al. 2011), and within Israel, bacterial communities differ more strongly between ecosystem 

types than along a precipitation gradient (Angel et al. 2010). Since human land use directly and 

indirectly alters many soil characteristics such as the pH, nutrient content and soil structure, it 

is important that we understand more explicitly how anthropogenic activity correlates with 

changes in soil bacterial communities.  

Most land used for agriculture contains only a few plant species or is grazed by a small 

number of domesticated animals. This means that we are decreasing the natural diversity above 

the ground, which can impact the diversity in the soil (Benton et al. 2003). Indeed, soils under 

monoculture have lower beta diversity than soils under crop rotation management (Figuerola 

et al. 2015), indicating that loss of above ground biodiversity results in a reduction of below 

ground biodiversity. This loss of bacterial diversity increases over time, and could contribute 

to the decline of soil quality (Liu et al. 2014). The density of grazing animals can also impact 
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bacterial communities, as a number of different genes involved in the nitrogen cycle (amoA, 

nifH and narG) increase in abundance with an increase in the number of sheep per hectare 

(Wakelin et al. 2009). This is likely related to the increased nutrient inputs associated with a 

greater concentration of grazing stock, for example in the form of nitrate (Di and Cameron 

2002). The implementation of sustainable land management practices, such as crop rotations 

or controlling stock numbers, might be warranted to preserve soil bacterial community 

diversity and functioning, but further research into the implications of these changes needs to 

be conducted.  

Many agricultural or pastoral land management practises aim to alter the soil 

environment. One of the most explicit ways is through the application of fertilizer to increase 

the nutrient content of soil, thereby assisting the growth of pasture and crops. Since this practice 

directly changes the soil environment, it has been assessed for the impacts it has on soil 

bacterial communities. The addition of high levels of nitrogen fertiliser increases the ratio of 

copiotrophic to oligotrophic bacteria, compared to soils with low levels, or no nitrogen added 

(Fierer et al. 2012a). Copiotrophic bacteria  are fast growers and thrive in environments with 

greater nutrient availability, while oligotrophic taxa grow slower and thrive in low nutrient 

environments (Langer et al. 2004). Differences in bacterial communities are also observed 

when comparing the effect of nitrogen (N), phosphate (P), potassium (K), or NPK fertilisers, 

although the specifics differ between studies. Sometimes differences are only found between 

fertilized soils compared to control soils (Pan et al. 2014). But differences between fertiliser 

treatments can also be observed: N fertiliser application results in bacterial communities that 

are significantly different to those found in soils that have P fertiliser, NPK fertiliser or no 

fertiliser applied (Cassman et al. 2016).  However, the application of mineral fertiliser has also 

been shown to reduce bacterial community diversity and negatively impact their functional 

contributions to soil biogeochemical cycles (Saad et al. 2018). Perhaps the response of bacterial 

communities to fertiliser is more complicated than simple changes in nutrient content. It could 

be related to the indirect effects, or the response of plants to the fertilizer, explaining the varying 

results in different studies.  

Altering, or controlling, the pH of soil is another important agricultural practice 

undertaken to ensure optimal growing conditions and improve crop production (Castro et al. 

2016). Given the important relationship between soil pH and bacterial communities, this in turn 

would result in agricultural land management impacting the bacteria. Indeed, the application 

of lime, which aims to reduce the acidity of soil, changes the composition of bacterial 
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communities, relative to untreated soils, and increases diversity (Cassman et al. 2016). This is 

consistent with the increased bacterial diversity observed in studies across pH gradients (Rousk 

et al. 2010; Shen et al. 2013). 

Sampling at larger, regional scales has also revealed the impact of human land use on 

bacterial communities. When comparing sites with different land use intensities across 

California, differences in microbial community composition are observed (Drenovsky et al. 

2010). Highly managed soils had significantly different bacterial profiles to unmanaged soils, 

and overall soil water availability was an important predictor of bacterial community 

composition; differences in water availability were related to different land management 

practises such as tillage and irrigation (Drenovsky et al. 2010). In Southern Amazonia, land 

use conversion from native to agricultural land did not impact bacterial community richness, 

but a compositional change associated with land use differences was noted (Lammel et al. 

2015b). More specifically, the intensity of the land management impacted bacterial community 

composition. Comparisons of native forest, deforested areas, agricultural sites and pasture 

fields in the Amazon show that land use has an impact on soil bacterial communities, along 

with environmental variables such as pH, carbon and nitrogen content (Mendes et al. 2015a). 

The additional environmental variables are likely to differ between sites because of land use 

impacts; changes in soil environmental conditions brought about by land uses impact bacterial 

community composition, and the abundance of specific phyla (Hermans et al. 2017). Other 

geographic or geomorphological factors are usually observed to be less important at regional 

scales (Dequiedt et al. 2009; Drenovsky et al. 2010). However, even when differences in 

bacterial community are present at broad scales, more subtle land use differences may not 

impact bacterial communities. For example, forest and grasslands contain different bacterial 

communities, but land management regime within these land uses did not correlate with a 

change in bacterial community composition (Kaiser et al. 2016). Additionally, different land 

uses do not always result in different bacterial communities (Tripathi et al. 2012), suggesting 

the observed patterns depend on the land uses being considered, or the strength of their impact 

on the soil environment. Overall, there is compelling evidence that above ground activities 

impact the belowground bacterial communities through instigating changes in the soil 

environment.  
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1.5 Connectivity among soil bacterial communities and other 
habitats 

All aforementioned studies have assessed the soil bacterial communities in isolation, 

ignoring the surrounding environments, and the microbes that inhabit those surroundings. To 

a large extent they have also assumed that the bacterial communities present in their samples 

were shaped by factors in the soil environment being analysed, or general climatic factors. 

They fail, however, to analyse or account for the movement of microbial cells. While soil can 

be thought of as a relatively stationary environment, compared to aquatic systems, the bacteria 

within the soil can still be transported short and long distances through various dispersal 

mechanisms. Furthermore, the bacteria in the soil can be spread to surrounding environments, 

or even have originated from other nearby ecosystems.  

1.5.1 Transport of bacteria to other soil environments  
One of the first theories in microbial ecology, “everything is everywhere, but the 

environment selects”, is based on the idea that due to their small size, bacterial cells are easily 

transported and therefore ubiquitous (Baas Becking 1934). While this theory, and the lack of 

dispersal barriers, is still being debated (Martiny et al. 2006), there is evidence of the ability of 

microbial cells from the soil to be transported. Microbes can move short distances through the 

dispersal of soil, for example through human or animal activity, but also by mechanisms such 

as rainfall which transfers bacterial cells from the soil to the air by generating aerosols 

containing bacterial cells, resulting in long-distance transport (Joung et al. 2017). When 

accounting for all environmental factors, including soil chemistry, climatic variables and the 

plant communities, there are spatial patterns in soil bacterial community composition 

indicating dispersal (Bissett et al. 2010). Specifically, bacteria with known “survival stages” 

such as the ability to form spores did not exhibit geographic patterns, suggesting they were 

freely dispersed, while more sensitive organisms showed strong geographic patterns, indicative 

of limited dispersal. The ability of organisms to spread likely depends on their life history. The 

lack of a spatial pattern in bacterial community composition at regional and national scales 

further highlights that soil bacteria can be transported between sites and across regions, and are 

not endemic to spatial locations (Griffiths et al. 2011; Hermans et al. 2017). 

Soil bacteria can be transported at global scales. Storm activity can transport soil 

particles to altitudes higher than 5 km in the form of dust, especially in arid regions (Carlson 
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and Prospero 1972). Such dust storms also transport entire soil microbial communities; 

conservative estimates put the number of bacteria transported via airborne dust at a quintillion 

(1018) cells per year (Griffin et al. 2002). As many as 20% of the particles at 8-15 km altitude 

are viable bacteria (DeLeon-Rodriguez et al. 2013), but the viability appears to be related to 

climate conditions (Prospero et al. 2005). It is important, however, to distinguish between 

viability and metabolic activity; while these cells remain viable, in the upper troposphere 

temperatures can be as low as -70 °C and therefore these bacteria are extremely unlikely to be 

metabolizing. Arctic terrestrial environments are also sources and recipients of atmospheric 

bacteria, indicating that these processes are not just happening because of dust storms. The 

diversity of these atmospheric communities is correlated with climatic variables such as 

temperature and humidity (Šantl-Temkiv et al. 2018). While the importance of global dispersal 

events for increasing the biogeographic range of taxa or the impact these transported bacteria 

have on soil microbial communities at their destination is unclear, it does highlight the 

occurrence of long-distance dispersal of microbial taxa.  

1.5.2 Transport of soil bacteria to different environments  
Soil ecosystems, and the bacterial communities within them, while often studied in 

isolation of the rest of the environment, are very much part of a larger whole. When assessing 

patterns in soil bacterial communities, most studies ignore the neighbouring ecosystems that 

also harbour bacterial communities. Within a stream catchment for example, bacterial 

communities are present in a range of habitat types. From the terrestrial environment where 

bacterial communities reside in the soil, leaf litter, in and on plants, to the aquatic environment 

where communities are present in the stream water, attached as biofilm and residing in the 

stream sediment. While there have been many studies that have assessed the bacterial 

communities in these habitats in isolation (e.g. Lear et al. 2013; Gibbons et al. 2014; Kim et al. 

2014), such studies fail to acknowledge the potential connectivity that is present within systems 

such as catchments, both in terms of the biotic and abiotic environment.  

The proximity of two ecosystems, is not necessarily an accurate predictor of the 

similarity of the bacterial communities in those environments. For example, leaf litter contains 

bacterial communities that are significantly different to those in the soil directly underneath 

(Smith et al. 2015a), plants contain distinct endophytic bacterial communities in their leaves 

compared to roots (Bodenhausen et al. 2013), and even adjacent soils contain different 

communities if they are under different land management (Holland et al. 2016). The 
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relationships between bacterial communities in adjacent or connected environments is likely to 

be complex, and difficult to untangle. However, elucidating these complex interactions will 

increase not only our understanding of microbial communities in a broad ecological context, it 

will also improve our knowledge on the importance of soil bacterial communities outside of 

their contributions to their direct surroundings.  

There are a handful of studies which have assessed microbial community connectivity 

between ecosystems. Since there is a strong link between freshwater and terrestrial 

environments through hydrological networks (Rodriguez-Iturbe et al. 2009), the bacterial 

communities within these environments offer a good starting point for exploring microbial 

connectivity across different systems. Indirectly assessing this has revealed that bacterial 

communities in lakes and streams are likely being inoculated by soil water or hyporheic zone 

communities (Crump et al. 2007). Specifically, stream bacterial communities become less 

similar to the communities in their source lake, as the distance from the lake increases. This 

suggests an introduction of bacterial cells from soil water or hyporheic zones (Crump et al. 

2007). Simultaneous sampling of lake and soil water communities has confirmed this 

hypothesis, with evidence that bacterial communities in the lake contain taxa that first occur in 

upslope soil environments (Crump et al. 2012). Similar studies have shown bacterial 

community connectivity within stream water and sediment samples, as well as to a lesser extent 

with terrestrial soil samples (Griffin et al. 2017), and that stream communities are dominated 

by terrestrially derived taxa (Ruiz‐González et al. 2015). More in-depth investigations of the 

links between soil and freshwater environments will shed light on important ecological patterns 

and processes in catchments, and the contributions of soil bacteria outside of the soil 

ecosystem. The identification of DNA extraction methods that can consistently obtain DNA 

from a range of different environmental samples will aid the advancement of such research. 

1.6 Using soil bacterial communities to monitor soil quality 

Both in New Zealand and globally, the importance of soils in agricultural, pastoral and 

natural ecosystems is well appreciated. Soil quality is crucial for food production to ensure 

food security, and financial stability for those that grow crops worldwide (Oliver and Gregory 

2015).   Furthermore, sustainably managed soils are indirectly required for our ability to breathe 

and drink (Wall et al. 2015). Despite this, it is estimated that over a third of global soils are in 

a state of degradation (Wall and Six 2015). 



18 
 

1.6.1 Current soil quality monitoring methods 
Given our heavy reliance on soils to feed the world’s growing population, the quality 

of soil is often monitored, especially in agricultural and pastoral settings. In New Zealand, this 

is predominantly achieved by regional councils who participate in the ongoing State of 

Environment (SoE) monitoring program (Hill and Sparling 2009; Curran-Cournane and Taylor 

2013). For this, a suite of chemical and physical parameters are analysed in a wide variety of 

soil samples collected across the regions. Different land uses and soil types are assigned 

different target values; values outside of this range are assigned to varying levels of concern 

(Hill and Sparling 2009). Overall, these classifications are used to determine the extent to 

which land management practises are depleting soil resources. Similar monitoring programs 

are in place globally, including in many European countries such as France, Germany and the 

Netherlands, as well as in the UK and Canada (Winder 2003; Bronswijk et al. 2004; Gardi et 

al. 2009). These programs are still actively being developed and altered; the Agriculture and 

Horticulture Development Board (AHDB) in the UK has recently released a new monitoring 

programme, utilising a traffic light system (Table 1.1) which scores a range of soil quality 

indicators as red, orange or green, indicating whether action is required (red) or not (green) 

(Stockdale 2019). However, there are limitations associated with monitoring programs which 

rely on abiotic variables. Chemical measures can often be slow to respond to the effects of land 

use on the environment and reflect the total proportion of nutrients or contaminants present, 

not their bioavailability which can be greatly impacted by many soil characteristics (Hodson et 

al. 2011). Living organisms present in environments, however, respond much more rapidly to 

these changes, and in a biologically relevant manner.  



19 
 

Table 1.1. Example scorecards as used by the Agriculture and Horticulture Development 
Board (AHDB) in the UK, to assess the quality of soils. Soil quality scorecards examine 
the chemical, physical and biological characteristics of the soil, and using a traffic light 
system identify where soils are not meeting the recommended thresholds. Red indicates 
further investigation is needed, orange means monitoring is required and green indicates 
no action is needed. Table is based on data from Stockdale (2019).  
Soil attribute Farm 1 Farm 2 Farm 3 

Soil organic matter (%)   3.4 2 2.2 

pH 6.7 6.9 7.0 

Extractable Phosphorus (mg/L) 40.6 59.6 37.2 

Extractable Potassium (mg/L) 158 106 148 

Extractable Magnesium (mg/L) 82 89 144 

VESS score* 2 2 2 

Earthworms (number/pit) 13 8 1 

*VESS: Visual Evaluation of Soil Structure 

1.6.2 Biological indicators 
Using biological indicators to assess the health of environments is not a novel concept; 

macroorganisms have long been used for this purpose. Environmental disturbances in aquatic 

environments can be monitored by parameters such as invertebrate taxonomic distinctness, 

which is inversely correlated with water quality (Marchant 2007), or the ratio of tolerant to 

sensitive species to certain environmental perturbations can be used to detect changes and 

contamination (Cairns Jr and Pratt 1993). In soil environments, nematodes have been used to 

monitor rates of nitrogen cycling, and nematode maturity rates correlate with above ground 

management practises (Neher 2001). There is therefore a lot of evidence for the efficacy and 

usefulness of biological indicators to monitor environmental health.  

One of the best examples of well-established biological indicator is the River 

Invertebrate Prediction and Classification System (RIVPACS), which is a modelling approach 

for determining the quality of rivers using macroinvertebrate organisms (Wright et al. 2000). 

The system is based on determining the macroinvertebrates that are present in pristine reference 

sites and then using this information to determine what organisms should be present in other 

rivers in the absence of contamination; the extent to which the ‘true community’ at the tested 

site differs from the ‘predicted community’ gives an indication of the ecological quality of the 

environment (Clarke et al. 2003). This system is used throughout the UK and has been adapted 

for use in other countries (Hargett et al. 2007). A similar approach is used in New Zealand; the 
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Macroinvertebrate Community Index (MCI) is based on the presence or absence of a range of 

freshwater macroinvertebrates which have each been assigned a tolerance value (Stark and 

Maxted 2007). The presence of species with a high tolerance score, in the absence of those 

with a low tolerance score, indicates a more impacted or polluted environment. The total 

community is used to calculate a score which can then be used to assign the stream to a quality 

class.  

Compared to aquatic indicators, soil biological indicators are less established and 

standardised. Nematodes, arthropods, protozoa and earthworms have been used as biological 

indicators of soil quality, as have general microbial characteristics such as biomass (Cluzeau 

et al. 2012; Paz‐Ferreiro and Fu 2016). However, the shortcoming of most macroorganism 

based indicators is their heavy reliance on the isolation and taxonomic classification of the 

organisms in the environment. Not only is this challenging and time consuming (Cairns Jr and 

Pratt 1993), it can also be destructive for the very environment that is being monitored with the 

aims of preserving it. New indicators, or approaches, are constantly being considered and 

sought, and the use of microbial based indicators is gaining increased attention (Stone et al. 

2016)    

1.6.3 Bacteria as indicators of soil quality 
Given their important involvement in the soil ecosystem, their ubiquitous nature and 

known sensitivities to environmental changes, it seems plausible that soil bacterial 

communities could be used to measure, or monitor, the quality of soils. Bacterial indicators can 

circumvent many of the limitations associated with macroorganism based indicators by using 

molecular methods, and the small sample sizes required.  

While their use as indicators is limited, there are examples and proof of concept studies 

highlighting the potential of bacterial communities to be used in this manner. A bacterial 

community index model has been successfully designed to represent the level of disturbance 

in a stream catchment; this index was validated both based on its correlation with water quality 

data and macroinvertebrate data which is traditionally used to determine stream health as 

described above (Lau et al. 2015). Bacterial communities in groundwater samples can be used 

to identify the presence of a range of contaminants, including uranium and nitrate (Smith et al. 

2015b). In soils, the abundance of certain bacterial species can be used to estimate potato yield 

(Jeanne et al. 2019) and the correlation between specific taxa and soil variables suggests they 
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can be used to indicate changes in the soil environment (Hermans et al. 2017). Bacterial 

indicators likely have to be based on fine taxonomic levels as different genera within the same 

phylum can indicate variation in different soil environmental variables (Plassart et al. 2019). 

Given the specific management practices, and small sample sizes in most studies to date which 

assess soil bacterial communities as indicators, the robustness of bacterial indicators is 

undefined, and their ability to signal more general and widely applicable soil quality parameters 

is unknown.  

There are several possible approaches to develop a bacterial indicator of soil quality. 

The biological indicator systems such as RIVPACS and MCI, as described above in section 

1.6.2, provide excellent frameworks for creating bacterial indices. Similarly, the soil 

monitoring programs provide guidelines for how soil quality information, as determined by the 

bacterial indictor, can best be delivered to end users. Traffic light systems such as those used 

by AHDB are a simple way to portray the information obtained by a bacterial indictor to 

farmers and crop growers, without the need for expert knowledge. However, the development 

of a bacterial indicator requires the collection of extensive baseline data. Large scale soil 

biogeography studies, especially those that sample both natural and human-impacted 

environments, provide great statistical power to further delineate how bacterial communities 

reflect the quality of the soil environment, and should be utilised to develop this concept 

further. 
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1.7 Thesis objectives 

This thesis has five main objectives: 

1. Determine the optimal methods for extracting DNA from a range of 

environmental sample types (Chapter 2) 

A range of environmental samples were collected, and six different DNA extraction 

methods were assessed for their ability to extract high quality DNA from the various sample 

types, their bias towards easier to lyse organisms, and their consistency. This is important 

to establish the DNA extraction method that can be used throughout the rest of the thesis. 

Furthermore, it provides a consistent method for a wide range of researchers to use. 

Ultimately this increases the reliability, reproducibility and comparability of DNA based 

research. 

2. Investigate the role of soil bacterial communities in structuring stream water and 

stream sediment bacterial communities (Chapter 3). 

Soil, stream water and stream sediment samples were collected within a single catchment 

to determine the connectivity between bacterial communities in the terrestrial and aquatic 

environments, both over space and time. This research is vital for increasing our 

understanding on how bacterial communities are transported through hydrological 

networks at small spatial scales and providing insights into the temporal dynamics between 

terrestrial and aquatic bacterial communities. 

3. Determine the large-scale biogeographic patterns exhibited by soil bacterial 

communities, and investigate how they change in response to natural, and 

anthropogenic driven changes in the soil environment (Chapters 4A and 4B) 

Themes related to this aim are discussed in Chapter 4A, and this aim is directly addressed 

in Chapter 4B which uses extensive national soil sampling to increase our knowledge on 

the distribution and diversity of soil bacteria at large spatial scales. Overall, this is important 

to help us understand the bacterial communities present in New Zealand’s soils, but also to 

increase our knowledge in a wider context on how natural variation and human land use 

impact bacterial communities. 
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4. Examine the changes in soil bacterial community composition and functional 

potential that occur after land use conversions (Chapter 5) 

Metagenomic sequencing was used to compare soil bacterial community composition and 

functional potential at sites which were converted from pine plantations to dairy pasture to 

those at long term pine or pasture sites. This research provides crucial insights on how 

changing anthropogenic pressures alter the composition of microbial communities, and the 

functions they provide. 

5. Explore the potential of soil bacterial communities to act as indicators of soil 

quality (Chapter 6) 

Samples analysed in chapter 4B were used to determine how bacterial communities can 

predict the type of human impact, the general soil characteristics and specific soil variables. 

Additionally, this chapter explores if these predictions are accurate and reliable enough to 

be applied for soil quality monitoring. Ultimately, this research provides additional tools 

that can be used to determine the quality of soils and complement current soil monitoring 

programs. Implementing the use of bacterial indicators could help ensure the long-term 

sustainability and productivity of our agricultural and pastoral industries.  
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Chapter 2  
 

Optimal DNA extraction methods for the simultaneous 
analysis of microbial communities from diverse sample 

types. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This chapter is a modified version of: 

Hermans, S. M., Buckley, H. L., and Lear, G. (2018) "Optimal extraction methods for the 

simultaneous analysis of DNA from diverse organisms and sample types." Molecular ecology 

resources 18(3): 557-569.  
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2.1 Introduction 

Given their extensive importance to a wide range of ecosystems and habitat types, 

bacterial communities have long been studied in a range of environments. However, the vast 

majority of studies conducted to date have focused on assessing the diversity and composition 

of bacterial communities within a single sample type, such as soil (Fierer and Jackson 2006; 

Rousk et al. 2010; Hermans et al. 2017), leaf litter (Kim et al. 2014) or biofilm (Lear et al. 

2013). Since different sample types present unique challenges for the extraction of DNA, these 

different studies often use diverse methods to obtain microbial DNA. This prevents the reliable 

comparison of studies due to biases associated with different extraction methods. Furthermore, 

the lack of knowledge on which DNA extraction methods perform optimally for a range of 

sample types is a barrier to conducting research into microbial communities in different habitats 

simultaneously. Such studies could provide insights into total microbial biodiversity within 

entire ecosystems, as well as the connectivity and interactions between microbial communities 

in different habitats within an ecosystem.    

There is ample evidence that different extraction techniques result in different quantities 

and qualities of DNA (Fredricks et al. 2005; Wagner Mackenzie et al. 2015). Although the use 

of polymerase chain reaction (PCR) methods means a high DNA yield is not a stringent 

requirement for molecular approaches (Rogers and Bendich 1994), methods which obtain more 

DNA of a better quality are still considered superior to their counterparts (Bag et al. 2016). 

Perhaps more important however, is the evidence that different extraction methods also impact 

measures of richness, diversity and composition for microorganisms (Martin-Laurent et al. 

2001; Luna et al. 2006; Wagner Mackenzie et al. 2015). A large portion of these biases are 

thought to be due to differences in the structure of microbial cell walls, which makes some 

harder to lyse than others (Frostegård et al. 1999). Most bacteria can be classed as either Gram-

positive or Gram-negative, with Gram-positive bacteria having a much thicker, stronger, 

peptidoglycan layer in their cell wall (Cabeen and Jacobs-Wagner 2005). This makes Gram-

positive bacteria more difficult to lyse than Gram-negative taxa and can lead to an 

underrepresentation of Gram-positive bacteria. The ability of different methods to lyse a range 

of cells means different taxa have different detection probabilities, and consequently there are 

biases in species richness and abundance associated with different methods.  

The sample type itself can affect DNA recovery. For example, soil contains compounds 

which bind to both DNA and cells, thereby affecting the amount of DNA that can be recovered; 
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the extent of this binding can vary for different organisms and therefore causes biases (Priemé 

et al. 1996). Despite this, there is little research comparing the efficacy of different methods on 

a range of sample types. The ever-decreasing cost of sequencing will likely encourage 

molecular microbial research to be carried out not only at larger scales, but also result in studies 

that assess multiple environments simultaneously. Such studies are still very rare, likely at least 

in part due to methodological considerations such as how to extract DNA consistently. 

Therefore, the identification of a single method that accurately detects microorganisms across 

a variety of environmental sample types would help to advance knowledge on the distribution, 

diversity and ecosystem contributions of environmental microbial communities.  

Finally, the consistency of different DNA extraction methods should be considered, as 

this has important implications for both the reproducibility of a study, as well as the 

comparability of data from different studies. While the effect of downstream processes such as 

PCR and DNA sequencing on the consistency of technical replicates has been assessed and 

shown to result in variation among replicates (Wu et al. 2010; Wen et al. 2017), less effort has 

gone into determining if different DNA extraction methods provide results that are more 

consistent than others. Not only does comparing the similarity of replicates allow you to 

determine how consistent your method is, this information is vital to confirm what sample size 

is sufficient to capture the majority of the biodiversity present in an environment (Deiner et al. 

2015). While often overlooked, the reproducibility of DNA extraction methods should be 

assessed and considered when choosing an approach for biodiversity monitoring. 

The aim for this chapter was to identify an optimal method for extracting both 

intracellular and extracellular DNA from six different types of environmental samples: soil, 

leaf litter, stream water, stream sediment, stream biofilm and kick-net samples. Specifically, 

we assessed: (1) The quality and quantity of total DNA obtained; (2) The ability of each method 

to extract DNA for detection of bacterial community composition; and (3) The similarity of 

community composition detected from replicate extractions, which indicates the consistency 

of each method. Ultimately, a DNA extraction method that most accurately represents the 

bacterial community composition from the widest range of sample types can be recommended 

as a standardized DNA extraction method for future molecular studies that aim to capture the 

ecosystem biodiversity. This optimal method will be used to extract DNA in all further chapters 

in this thesis. The adoption of standardized approaches which do not require multiple rounds 

of DNA extraction for the analysis of different sample types, will ensure that DNA sequence 

data can be more reliably compared, and biases quantified, among different studies.  
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2.2 Materials and methods 

2.2.1 Environmental sample collection and processing  
Soil, leaf litter, stream water, stream sediment and kick-net samples were collected 

within the catchment of Kelly Stream, West of Auckland, New Zealand (36°53'53.8"S, 

174°32'17.3"E). Kelly Stream is a first and second order, perennial stream which is roughly 

1.4 km long draining a native forest catchment. For the collection of soil, leaf litter and stream 

sediment, five samples were collected in three separate locations along or in the stream, located 

~200 m apart. Soil samples were collected to a depth of 10 cm using a soil corer (25 mm 

diameter) and leaf litter samples were each collected from ~10 cm2 areas of the forest floor. 

Both terrestrial samples were collected within 5 m of the stream. The three stream sediment 

samples were each taken from a different 1 m reach of the stream bed, using 50 mL falcon 

tubes to scoop the top layer of sediment. At each of these three locations, 3 L of stream water 

was also collected. The kick-net sample was collected using a Surber net while disturbing a 1 

m upstream reach of the stream bed for ~ 3 mins. Invertebrates, leaf litter and other debris were 

transferred from the net into 70% ethanol. The quantity of stream biofilm that could easily be 

collected from Kelly Stream was insufficient for our study needs. For this reason, biofilm 

samples were collected from Waikumete stream (36°54'30.5"S, 174°38'37.7"E) by removing 

rocks from the water and swabbing the upper surface using sterile sponges (Speci-Sponge™; 

VWR International, Arlington Heights, IL, U.S.A.). All samples were stored on ice until 

subsequent processing in the lab upon completion of fieldwork. 

All soil cores were combined and manually homogenized into one representative 

sample. All leaf litter samples were combined and frozen in liquid nitrogen before grinding 

into a powder using a mortar and pestle. Stream water was combined and mixed before 

subsequently filtering 600 mL aliquots through separate 0.22 µm polyethersulfone filters 

(Sterivex, Merck Millipore). Stream sediment samples were individually centrifuged at 4,000 

g for 20 min after which the pellets were homogenized into one. For the kick-net sample, larger 

debris was removed, after which ethanol was poured off before allowing residual ethanol to 

evaporate. Subsequently the sample, still containing some leaf litter, was frozen in liquid 

nitrogen and ground into a slurry using a mortar and pestle. Each stream biofilm sponge was 

processed as described previously (Lear et al. 2008), before being combined and homogenized. 

All samples were stored at -20 °C until further use. 
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2.2.2 Molecular methods 
Six different commercially available extraction methods (Table 2.1) were used to 

isolate DNA from the sample types. The different methods encompass a range of lysis methods, 

including thermal, mechanical and chemical/enzymatic. 

Table 2.1. The six different DNA extraction methods used in this chapter.  
Extraction method Method abbreviation  Lysis method Elution volume 
Qiagen DNeasy 
Blood & Tissue Kit 

BT Heat, chemical, 
enzymatic 

200 µL 

Qiagen DNeasy 
PowerSoil Kit 

PS Mechanical, 
chemical 

100 µL 

MoBio PowerWater 
DNA Isolation Kit† 

PW Mechanical, 
chemical 

100 µL 

Qiagen DNeasy Plant 
Mini Kit 

QP Mechanical, 
chemical, freezing 

200 µL 

Qiagen QIAamp 
DNA Stool Mini Kit 

QS Heat, chemical 200 µL 

ZymoBIOMICS 
DNA Miniprep Kit 

ZB Mechanical, 
chemical 

100 µL 

†This kit is now produced by Qiagen and is sold as “Qiagen DNeasy PowerWater kit”. While the version used 
in this chapter was produced by MoBio, no differences should exist between the two. 

We used 0.25 g of soil, leaf litter, stream sediment and kick-net material for each 

extraction. Due to the lower amount of biomass available, 0.15 g was used for stream biofilm 

samples. For the stream water samples, one filter (i.e. from 600 mL water) was used per 

extraction. In addition to the environmental samples, we also extracted DNA from a 

commercially available microbial mock community (ZymoBIOMICS™ Microbial 

Community Standard, Ngaio Diagnostics Ltd, New Zealand) which contains known 

concentrations of eight bacterial species (Table 2.2). DNA was extracted from 75 µL of this 

mock community. Negative extractions, where no sample was added, were performed for each 

method. Each sample was extracted in triplicate according to manufacturer’s instructions, 

except for these changes: the mechanical lysis step for the PowerSoil (PS) and ZymoBIOMICS 

(ZB) methods were performed by agitating the tubes in a Qiagen TissueLyser II (Retch) for 

four and five min respectively, at a frequency of 30 Hz; mechanical lysis for the PowerWater 

(PW) method was done on a vortex at maximum speed for 10 min with the tubes positioned 

horizontally; for the DNeasy Plant (QP) method, Lysis Matrix E Tubes (MP Biomedicals) were 
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used for the mechanical lysis step in the TissueLyser at 30 Hz for two min, after tubes were 

first immersed in liquid nitrogen; for the DNeasy Blood and Tissue (BT) method, samples were 

incubated in the ATL-proteinase K mixture for 24 h at 56°C, and samples were centrifuged at 

4,000 g for 30 s to collect large debris before loading onto the DNeasy Mini spin column.  

Table 2.2. The composition of the mock community that each method was expected to obtain 
if no biases are present is based on the expected portion of 16S rRNA gene reads. 
Species Gram stain Expected portion of 

genomic DNA  
(%) 

Expected portion of 
16S rRNA gene 

reads† (%) 
Pseudomonas aeruginosa - 12.5 4 
Escherichia coli - 12.5 10 
Salmonella enterica - 12.5 11.3 
Lactobacillus faecalis + 12.5 18.8 
Enterococcus faecalis + 12.5 10.4 
Staphylococcus aureus + 12.5 13.3 
Listeria monocytogenes + 12.5 15.9 
Bacillus subtilis + 12.5 15.7 
†This was calculated based on genomic DNA composition, using the following formula: 16S rRNA 
gene copy number = total genomic DNA (g) x unit conversion constant (bp/g)/ genome size (bp) x 
16S rRNA gene copy number per genome. 

The quality of each DNA extract was determined spectrophotometrically using a 

Nanophotometer N60 (IMPLEN, Inc., Westlake Village, CA, USA). Extracts are considered 

to contain sufficiently pure genomic DNA if they have an A260/A280 nm ratio between 1.8 

and 2.0, as this range contains the weighted averaged absorbance of the nucleotides present in 

DNA; ratios outside of this range indicate that there are proteins, phenols or other contaminants 

present. DNA concentrations in the extracts were quantified using a Qubit double-stranded 

DNA (dsDNA) High Sensitivity assay kit. Any samples with low DNA (<1 ng/µL) present for 

all three replicates were extracted again as described above. If the concentration did not 

improve, the original extracts were used. 

The V3-V4 regions of the bacterial 16S rRNA gene were amplified from all DNA 

extracts using modified versions of the primers 341F (5’-  

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCA

G-3’) and 785R (5’- 

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGACTACHVGGGTATCT

AATCC-3’; (Klindworth et al. 2013). The primers included Illumina adapter sequences 

(underlined) that are required for downstream sequencing. KAPA HiFi HotStart ReadyMix 
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(KAPA Biosystems) was used for all PCRs under the following amplification conditions: (i) 

95°C for 3 min; (ii) 25 cycles of 95°C for 30 s, 55°C for 30 s, and 72°C for 30 s; and then (iii) 

72°C for 5 min. PCR products were purified using ZR-96 DNA Clean-up kits (Zymo 

Research), after which they were quantified using a Qubit double-stranded DNA (dsDNA) HS 

assay kit (Life Technologies, USA).  

The published version of this chapter (Hermans et al. 2018) included the analyses of 

DNA extraction methods for the detection of macroorganisms, alongside the bacterial data 

presented here. The past decade has seen the development of DNA based approaches to assess 

biodiversity. DNA extracted from the environment, referred to as eDNA (environmental DNA) 

can simultaneously provide information about the occurrence, distribution and diversity of 

organisms across multiple branches of life (Valiere and Taberlet 2000; Henry and Russello 

2011; Yoccoz et al. 2012). To help improve methods for the increased use of eDNA outside of 

microbial studies, amplicons to detect plants, animals, fish and fungi were also included in the 

library sent for sequencing. However, given the bacterial focus of my thesis, the methods and 

results related to eukaryote DNA are presented in Appendix A.  

Sequencing was conducted by New Zealand Genomics Ltd. (Auckland, New Zealand) 

on an Illumina MiSeq instrument using 2 x 300 bp paired-end chemistry. Prior to DNA 

sequencing, the sequencing provider attached a unique combination of Nextera XT dual indices 

(Illumina Inc., USA) to the DNA from each sample to allow multiplex sequencing; two 

sequencing runs were performed with ~ 150 samples multiplexed per sequencing run. 

2.2.3 Bioinformatic methods 
We used the Cutadapt algorithm (Martin 2011) to extract the bacterial reads from each 

sample (i.e., to remove the eukaryote amplicons), based on the forward primer sequences. The 

DNA sequence data were then quality-filtered using USEARCH v 7.0 (Edgar 2010). The 

forward and reverse sequences were merged and reads were truncated at the first position with 

a quality score (Q score) of less than 3, and set the minimum length of the merged read to 200 

bp. Reads with more than one expected error were discarded before we dereplicated the 

sequence data and removed singletons. We then clustered sequences into Operational 

Taxonomic Units (OTUs) at 97% sequence similarity, using the UPARSE-OTU algorithm, 

which also detects and removes chimera sequences (Edgar 2013).  
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Taxonomic classification of 97% similar OTUs was done using BLAST (Altschul et al. 

1990) against the non-redundant microbial database (downloaded on 10-09-2017). Only one 

sequence match per OTU was allowed, and a minimum similarity threshold of 80% was used 

for the BLAST search. While curated bacterial databases are available (e.g. Greengenes; 

McDonald et al. 2012), this chapter uses the NCBI database as this also has nucleotide 

databases available for the classification of the eukaryote amplicons (Appendix A, section 

A.1.3), therefore allowing a consistent method for the classification of all taxa that made up 

the larger study. The resulting BLAST file was imported into Megan6 (Huson et al. 2007) to 

obtain taxonomic paths for each OTU.  

The OTU table was rarefied to 2,400 reads, which allowed most samples to be retained, 

while ensuring an equal and comparable sequencing depth across all samples.  

2.2.4 Statistical methods 
To compare the quality and quantity of DNA obtained using different methods, 

Kruskal-Wallis tests were performed, followed by Dunn’s test with Bonferroni corrections. For 

the DNA quantity, these tests were performed on the raw DNA yield values, while for the DNA 

quality the A260/A280 nm ratios were converted to values that represented the “distance” of 

each quality from the optimal quality (defined as an A260/A280 nm ratio of 1.9, which is the 

middle value within the acceptable range of 1.8-2.0). In this resulting dataset, values closer to 

zero represent DNA extracts that are of a better quality than those further from zero. 

We used Primer v7 (Clarke and Gorley 2015) to perform permutational analysis of 

variance (PERMANOVA) on Bray-Curtis dissimilarity matrices to determine if there were 

significant differences in community composition between different sample types, as well as 

among the different methods. Unrestricted permutations of the raw data, with Type III sum of 

squares, were used for PERMANOVA (Clarke and Gorley 2015). 

Alpha diversity values of OTU abundances (at 97% sequence similarity), represented 

as the Shannon’s diversity index (Shannon 1948), were calculated in QIIME (Quantitative 

Insights into Microbial Ecology; Caporaso et al. 2010). Kruskal-Wallis tests were used to test 

for significant differences in alpha diversity, followed by Dunn’s test with Bonferroni adjusted 

P-values.  

The consistency of each method, in terms of detecting the same species composition 

under replication, was determined by calculating the average similarity of each set of replicates, 
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using Bray-Curtis dissimilarity. The lower the dissimilarity measure, the more consistent and 

therefore reproducible that method was inferred to be. Unless otherwise stated, all analyses 

were performed in R v3.3.2 (R Core Team 2016). 

2.3 Results 

We obtained 6,838 OTUs using the bacterial primers and 95.4% of these OTUs were 

classified to at least phylum level. 

2.3.1 DNA quality and quantity 
The DNA extraction methods resulted in a range of DNA yield and quality (Figure 2.1). 

In total, 32 of our 108 DNA extracts fell within the optimal DNA quality range for genomic 

DNA (A260/A280 nm ratio of 1.8-2.0; Figure 2.1a); most of these were obtained using the PS 

method. Overall, the PS method generated better quality DNA extracts than the BT, QP, QS 

and ZB methods (P < 0.001 for all; Dunn’s pairwise comparisons test; Figure 2.1a). 

Additionally, the PW method produced better quality DNA than the BT, QS and ZB methods 

(P = 0.01, 0.02, 0.02 respectively; Dunn’s Test). For DNA yield, overall the PS and ZB 

methods extracted significantly more DNA than the BT and QS methods (P < 0.001 for PS and 

P = 0.002, 0.03 for ZB respectively; Dunn’s test; Figure 2.1b).    
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Figure 2.1. The (a) quality and (b) quantity of DNA extracted, using each 
method, for the different sample types. The colour of each point represents 
the extraction method used ( BT,  PS,  PW,  QP,  QS, or  ZB; 
see Table 2.1 for method details). Extractions were performed in triplicate. 
The grey bar in (a) indicates the optimal A260/A280 nm ratio for genomic 
DNA. 
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2.3.2 Comparison of bacterial community diversity in the environmental samples 
There were significant differences in bacterial community composition between the 

different sample types for all possible pairwise comparisons (P < 0.01; PERMANOVA; Figure 

2.2). However, within each sample type, there were no significant differences (P > 0.05) in 

community compositions obtained using the different methods (Figure 2.2).  

 

Figure 2.2. Non-metric multidimensional scaling (nMDS) plots indicating 
the underlying differences bacterial community compositions obtained for 
six different sample types, using each extraction method. The colour of each 
point indicates the extraction method used ( BT,  PS,  PW,  QP,  
QS, or  ZB; see Table 2.1 for method details). Shapes indicate the sample 
type the DNA originated from ( stream biofilm, kick-net, p leaf litter, 
 stream sediment, Ú soil, or s stream water). 

Differences between samples were observed when comparing the bacterial community 

alpha diversity obtained by the different extraction methods. These differences were within the 

bacterial communities obtained from the soil, stream water, leaf litter and kick-net sample types 

(Figure 2.3). Specifically, the PS methods obtained higher alpha diversity than the QP method 

for both soil and stream water samples (Dunn’s P = 0.017, 0.027 respectively). The BT method 

obtained bacterial communities with lower alpha diversity than the PW and ZB methods in leaf 

litter (Dunn’s P = 0.032, 0.040 respectively), and in the kick-net sample, the QP method 

obtained bacterial communities with higher alpha diversity than the ZB method (Dunn’s P = 

0.023). 
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Figure 2.3. The predicted alpha diversity (based on the Shannon index, 
calculated for 97% similarity OTUs) of the bacterial communities in the six 
sample types. The colour of each point represents the extraction method used ( 
BT,  PS,  PW,  QP,  QS, or  ZB; see Table 2.1 for method details). 

2.3.3 Mock community comparisons 
To test whether different methods bias against certain bacterial taxa, we extracted DNA 

from a mock community containing eight known bacterial species (Table 2.2). All methods 

were able to extract DNA from the eight species present, but the abundances detected by each 

method varied. The similarity of the community composition obtained to the true mock 

community ranged from 0.66 to 0.81 depending on the method used, where 1 represents 

complete similarity as calculated from a Bray-Curtis measure (Figure 2.4). The community 

profile obtained using the QP method most closely resembled the “true” mock community and 

was also the least biased towards easy to lyse bacteria (Figure 2.4).  
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Figure 2.4. The relative abundance of taxa present in bacterial mock community as 
determined using a range of DNA extraction techniques (see Table 2.1 for method details). 
(a) The first bar on the left indicates the “true” abundance of the eight taxa present in the 
mock community composition, based on the relative abundance of DNA expected after 
complete, unbiased DNA extraction. The remaining bars indicate the relative proportion of 
each taxa obtained using each method; the order of the bars along the x-axis is from most 
to least similar to the “true” mock community. (b) The relative abundance of Gram-negative 
and Gram-positive bacteria present in the mock community (first bar) and the extracts 
obtained using the six different DNA extraction methods. Bars are ordered according to the 
abundance of Gram-positive bacteria detected.  
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2.3.4 Consistency of each method 
To assess how consistent, and therefore reproducible, each method was, we calculated 

the between-replicate similarity for all sets of samples and averaged those values for each 

method (Figure 2.5). A higher averaged similarity among replicates indicates that a method is 

more consistent and therefore reproducible; the similarity among replicates ranged from 0.80 

to 0.83, where 1 represents complete similarity as calculated from a Bray-Curtis measure. The 

BT method was the most consistent for the detection of bacteria, while the PW method was the 

least consistent.  

 

 

Figure 2.5. The mean similarity of replicates for each kit, with a darker colour 
indicating a more similar predicted community composition of replicate 
samples, based on a Bray-Curtis similarity measure and the variation associated 
with the means, based on standard errors, where a darker colour indicates larger 
variation. 

2.3.5 Overall performance of the different methods 
We ranked the methods according to their performance across a range of quantitative 

categories that considered the quality and quantity of DNA extracted, the range of sample types 

it successfully extracted DNA from (represented as the total number of successful samples), 

the accuracy with which DNA was extracted from the mock communities, and the consistency 

of replicate sample data (Figure 2.6). These performance parameters include the results for the 

eukaryote amplicons, presented in Appendix A (section A.2). Overall, the PS method obtained 

the highest score, and is therefore the most universally applicable method, followed by the PW 

method. The strength of the PS method was the extraction of high quality and quantity DNA, 

while it also performed well when assessed on the consistency of replicates for the different 

sample types and the number of mock species detected. The BT and QS methods tended to 
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perform the least well in most categories, although the BT method had highly consistent 

replicates when averaging across the different taxa types (Figure 2.6).  

 
Figure 2.6. The performance of each method for all the variables that they were 
assessed on, as presented in this chapter and in Appendix A (section A.2). The colour 
of each point represents the extraction method ( BT,  PS,  PW,  QP,  QS, 
or  ZB; see Table 2.1 for method details). The position of each point along the x-
axis represents how well each method performed for that category; the further to the 
right, the better the method performed. The position along this axis for each category 
is based on the mean values for each method which were scaled from 0-100 
representing the minimum and maximum values obtained for each measure 
respectively: (i) 0.4-3.25 260/280 nm ratio, (ii) 0.24-3.17 µg DNA, (iii) 55-76 samples 
where sufficient DNA for sequencing was extracted, (iv) 24-29 mock species detected, 
(v) similarity to expected mock communities of 0.52-0.64 (Bray-Curtis measure), (vi) 
similarity among replicates of 0.79-0.81 averaged for taxa type being considered 
(Bray-Curtis measure), or (vii) similarity among replicates of 0.77-0.79 averaged for 
sample type being considered (Bray-Curtis measure). The overall performance of each 
method was calculated based on its position along the x-axis for all other categories. 

2.4 Discussion 

Understanding how different DNA extraction methods affect the biodiversity detected 

in a wide range of sample types is important for the advancement of molecular microbial 

research. Here, we quantified variation in the bacterial community composition obtained by 

extracting intra- and extra-cellular DNA from terrestrial and aquatic sample types using six 

commercially available DNA extraction methods. Until now, none of these methods have been 

comprehensively assessed for their ability to extract DNA from a range of sample types 

simultaneously. The aim of this chapter was to find a high throughput DNA extraction method 

that would generate reproducible and consistent data for a range of sample types, allowing it 
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to be used for the remainder of the studies in this thesis.  In addition to the methods compared 

here, a range of manual, non-kit DNA extraction approaches are commonly used, and have 

been shown to be successful (e.g. phenol-chloroform extraction; see Renshaw et al. 2015). 

However, these methods were not included in our analyses since their execution tends to vary 

between researchers, in contrast with the use of commercial extraction methods, which are 

more standardized. 

2.4.1 Differences in alpha diversity 
In the context of current molecular research, it can be argued that the accurate detection 

of all the taxa present in the environment is more important than the quantity of DNA obtained, 

and both here and previously it has been shown that higher yield does not consistently translate 

into increased alpha diversity (Yuan et al. 2012; Deiner et al. 2015; Djurhuus et al. 2017). More 

emphasis should therefore be placed on the differences in alpha diversity we detected, which 

are likely to be due to the different lysis methods used. Bacterial cells are often hard to lyse, so 

mechanical lysis is more suitable as shown by the higher bacterial alpha diversity obtained by 

methods which used mechanical lysis. Methods which used mechanical lyses were also 

generally least biased towards Gram-negative bacteria which are easier to lyse than Gram-

positive bacteria. However, methods which include a mechanical lysis step did not prove to be 

the best across the board, and significant differences in alpha diversity were detected among 

them. This is likely due to variation in how mechanical lysis is performed, in combination with 

different post-lysis steps.  

2.4.2 Extracting DNA from different sample types 
The lack of significant differences in the community compositions obtained using the 

different methods, and the minimal differences in alpha diversity, could lead one to believe that 

the choice of DNA extraction method is not important. However, these results do not consider 

the failed samples, where a certain method was not able to extract enough DNA from certain 

sample types, ultimately resulting in insufficient sequence data. The absence of data for the 

composition of bacterial communities present in the kick-net sample obtained using the PS 

method is consistent with previous work where this method has failed to extract bacterial DNA 

from insect samples (Rubin et al. 2014). Insects are associated with a rich microbiota (Dillon 

and Dillon 2004), therefore the lack of bacterial DNA extracted suggests that despite the 

mechanical lysis this method uses, it is not able to adequately disrupt the exoskeletons to reach 
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the microorganisms present inside the insects. When using the BT method on soil, leaf litter or 

stream sediment samples, we were not able to obtain sufficient DNA for the analyses of 

bacterial communities. Since it did obtain DNA from these taxon types in other environmental 

samples, the most likely explanation is that the BT method was not effectively able to deal with 

contaminants present in these samples. For example, humic acids or other compounds present 

in soil are known to interfere with both DNA extraction and downstream processes (Frostegård 

et al. 1999). A large portion of genera in our samples were ubiquitous to the different sample 

types. Therefore, it is important to understand how different sample types may impact the 

extraction of DNA, to allow us to assess how the abundance of these ubiquitous organisms 

varies between sample types and environments. Overall, these results highlight the importance 

of considering both the range of taxa a DNA extraction method is suitable for, as well as the 

sample type. 

2.4.3 Consistency of different methods 
As expected, we found variability between technical replicates, and not all the 

dissimilarity among replicates can be attributed to the different DNA extraction methods used. 

All the downstream processes that occur are known to result in variation among replicates 

(Zhou et al. 2011). However, since these processes should influence all our samples in a similar 

manner, the differences in the consistency of data from replicate samples between the different 

methods is likely the result of the DNA extraction. The replicate extractions for 

microorganisms were generally more consistent than for some macroorganism communities 

(Appendix A, section A.2), indicating that the size of the samples (i.e. sample input volumes) 

and the number of replicates was appropriate to capture the majority of the bacterial 

biodiversity present, but not macroorganism diversity (Deiner et al. 2015). It seems logical that 

smaller sample volumes would be required for studying microbial communities, than what is 

required for macroorganisms, and this is reflected in the small sample input requirements for 

the microbially targeted DNA extraction methods assessed. 

2.4.4 Concluding remarks 
Adopting a single DNA extraction method will greatly increase the comparability of 

different studies, and the consistency of molecular methods overall. Based on our results, the 

PS method is the most universally applicable DNA extraction method, which should obtain 

high quality data, with lower bias than other methods. This method will therefore be used to 
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extract DNA from soil, stream water and stream sediment samples for the remainder of my 

thesis. Furthermore, this method performs optimally for a wider range of taxon types, including 

macroorganisms (Appendix A, section A.2).  This suggests that it would be suitable for a wide 

range of molecular research that wishes to monitor the biodiversity of a range of organisms 

present in a variety of sample types, without having to use separate extraction methods. 

However, we appreciate that a completely universal approach to DNA extraction methods is 

not necessarily realistic, or useful in some circumstances. The strengths and weaknesses of 

each method, as reported here and detailed in Appendix A.4 (Figures A.4-A.6), provide clear 

guidelines for the selection of an optimal DNA extraction method for different studies and 

research aims. This resource should ensure that similar studies use the same method, allowing 

comparability. It is important to note that biases can be introduced during all aspects of a study, 

from sample collection, to PCR, sequencing and bioinformatics processing. The size and 

impact of these biases remains largely uncertain and unaccounted for. Therefore, while we have 

addressed biases associated with the extraction of DNA here, further research needs to be 

conducted to investigate other sources of bias. The biases associated with the methods that we 

have shown, and effects on the biodiversity detected, should be acknowledged in future 

microbial or eDNA research and can provide useful information when comparing different 

studies that have employed different techniques.   
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Chapter 3  
 

Connecting through space and time: Catchment-scale 
distributions of bacteria in soil, stream water and sediment 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This chapter is a modified version of:  

Hermans, S. M., Buckley, H. L., Case, B. S. and Lear, G. (2020) “Connecting through 

space and time: Catchment-scale distributions of bacteria in soil, stream water and sediment.” 

Environmental Microbiology 22(3):1000-1010
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3.1 Introduction  

Ecosystems are connected by the movement of both biological and physicochemical 

factors; species migrate between habitats within and between generations (Baguette et al. 2013), 

and abiotic structures such as hydrological networks transport organisms, matter and nutrients 

across small to large spatial scales (Freeman et al. 2007). The importance of ecosystem 

connectivity is widely recognized for macroorganisms where mobile predators facilitate and 

require connections between habitats (McCauley et al. 2012), habitat fragmentation decreases 

total biodiversity (Haddad et al. 2015), and connectivity is essential for the success of 

conservation efforts (Carr et al. 2017). However, the extent to which microbial communities in 

adjacent ecosystems are connected has not yet been well-established. Delineating the 

connectivity among microbial communities in terrestrial and aquatic ecosystems is crucial to 

increase our understanding of how the transport of microbial life among ecosystems contributes 

to the overall structure of environmental microbial communities. The movement of organisms 

among ecosystems has major implications for biodiversity monitoring as well as for quantifying 

the extent to which terrestrial disturbances impact aquatic bacterial communities and vice versa. 

Knowledge of the importance of bacterial communities for ecosystems has led to a 

multitude of studies investigating what influences the distribution of bacteria in habitats 

including streams (Larouche et al. 2012; Lear et al. 2013) and soils (Fierer and Jackson 2006; 

Griffiths et al. 2011). Such investigations have revealed that, across spatial scales, bacterial 

communities typically show decreases in community similarity with increasing distance 

(Bissett et al. 2010; Griffiths et al. 2011). Bacterial communities conform to macroecological 

patterns including the latitudinal diversity gradient (Lear et al. 2013) and Rapoport’s rule, where 

the geographic range sizes of organisms increase closer to the poles (Lear et al. 2017b). Soil 

bacterial communities are strongly influenced by pH, as well as other environmental variables 

such as plant diversity, C to N ratios or the moisture and clay content of soils (Lauber et al. 

2009; Griffiths et al. 2011; Terrat et al. 2017). Stream bacterial communities are strongly 

impacted by physicochemical parameters including sediment grain size and surface area 

(Mendoza‐Lera et al. 2016), and seasonal temperature change (Hullar et al. 2006). 

Cumulatively, this research has resulted in an increased understanding of what governs the 

distribution, and composition of microbial communities in terrestrial or aquatic habitats. 

However, despite the strong link between freshwater and terrestrial environments through 
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hydrological networks (Rodriguez-Iturbe et al. 2009), there is a paucity of literature exploring 

the relationships and strength of linkages for bacterial communities between these ecosystems. 

The connectivity of terrestrial and freshwater environments through hydrological 

networks is well studied, and evident in the movement of nutrients and other elements through 

these systems. Spatial changes in concentrations of dissolved organic carbon within a stream 

are linked to spatial changes in soil carbon concentrations (Billett et al. 2006), the concentration 

of nitrogen in streams is strongly linked to processes occurring in the upslope environment 

(Goodale and Aber 2001), and soil and stream water nitrate levels are strongly correlated 

(Sudduth et al. 2013). It seems logical therefore, to assume that along with nutrients, 

microorganisms are transported via overland hydrological networks, resulting in a connection 

between upslope soil communities and stream communities. Consistent with this, some streams 

harbour communities that are different to their source lakes (Crump et al. 2007), indicating that 

there are other sources of bacterial taxa, perhaps derived from the terrestrial environment, that 

contribute to the composition of bacterial communities further downstream. Indeed, when 

attempts are made to determine the habitat of origin for bacterial species based on phylogeny, 

there is evidence that annual seasonal cycles in stream communities are due to both terrestrial 

and aquatic inputs (Hullar et al. 2006). However, few studies have directly investigated whether 

streams are inoculated by soil bacteria that have moved through the terrestrial environment and 

into streams after rain events. Sampling across large catchments has revealed some connectivity 

between terrestrial and aquatic bacterial communities. For example, in a 65 km2 arctic tundra 

catchment, analyses of less than ten independent soil, stream and lake water samples showed 

that bacterial communities in surface waters appear to be structured by inoculation of microbes 

from the soil in the upslope environments (Crump et al. 2012). Griffin et al. (2017) showed, 

through surveying a 3600 km2 catchment with 77 soil, sediment and stream water samples that 

bacterial communities present in downstream water were highly connected to those present in 

upstream water and connected to a lesser extent to upstream soil and sediment communities. In 

boreal ecosystems, bacterial communities in freshwater streams and lakes were shown to have 

a common terrestrial source; terrestrially-derived taxa dominated the communities when 

analysing ~200 terrestrial and aquatic samples from a ~19,000 km2 catchment (Ruiz‐González 

et al. 2015). It is crucial to determine at which spatial scales these patterns hold true. The 

aforementioned studies, which form the basis of our understanding of the connectivity between 

microbial communities in terrestrial and aquatic habitats, all involve sampling large catchments 
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with relatively small sample numbers. Intensive sampling at smaller spatial scales is required 

to more accurately determine the strength of connectivity, in terms of community resemblance, 

between soil, stream water and stream sediment habitats. 

In stream ecosystems, spatial and temporal patterns are intrinsically linked because the 

movement of water, and the bacteria residing in the stream, from the source waters to the stream 

mouth represents a continuum in space and time. It has been suggested that when the residence 

time of bacteria in a flowing stream is shorter than the average doubling time of bacterial cells, 

streams act merely as a channel through which lotic communities travel, not as a place where 

populations grow, and communities establish (Crump et al. 2007). Connectivity between the 

terrestrial and aquatic environments may therefore be transient, and only detected for short 

periods of time. Only when assessing bacterial community composition over greater distances 

in a river, and therefore over increased residence time, is community succession be observed 

(Read et al. 2015). This is likely due to the increased time allowing for establishment of certain 

bacterial taxa in the aquatic environment, whereby transient taxa are outcompeted and replaced. 

While temporal dynamics in freshwater environments have been investigated (Yannarell et al. 

2003; Hullar et al. 2006; Lear et al. 2008; Eiler et al. 2012; Febria et al. 2015; Graham et al. 

2017), there is a clear lack of temporal investigations in catchment connectivity studies 

undertaken to date. Overall, this makes it difficult to determine the temporal dynamics of 

ecosystem connectivity within catchments.  

Establishing the strength of linkages between soil and freshwater environments will 

shed light on important ecological patterns and processes shaping the diversity of life within 

catchments, and, the extent to which aquatic communities are structured by inoculation with 

terrestrial bacteria. Ultimately this could have important implications for how we monitor the 

health of terrestrial and aquatic environments. In this chapter, we investigate the degree to 

which bacterial communities in both stream water and sediment habitats, are compositionally 

similar to the bacterial communities found in the soil within the draining catchment. 

Specifically, we tested the following hypotheses: (1) Bacterial communities in the three 

different habitats will differ significantly, with soil and stream sediment communities being 

more similar to each other than to those in the stream water, (2) Stream communities more 

closely resemble soil communities that are directly connected via overland flow paths to the 

stream; this similarity will decrease with increased distance along connecting flow paths, and 

(3) Temporal changes in stream bacterial communities will mean that over a period of weeks, 
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these communities will become less similar to the soil bacterial communities observed at the 

first sampling point.  

3.2 Materials and methods 

3.2.1 Sample collection 
In total, 550 soil, 61 stream water and 40 stream sediment samples were collected for 

analysis of the bacterial communities present within the Kelly Stream catchment, in West 

Auckland, New Zealand (36°53'53.8"S, 174°32'17.3"E). The 1.4 km of streams within this 

catchment comprise a first- and a second-order perennial stream, draining a native podocarp-

broadleaf forest catchment dominated by the podocarp tree species kauri (Agathis australis (D. 

Don) Loudon). Soil samples were collected along ten transects (T1-T10; Figure 3.1a), which 

ran perpendicular to the stream; 10 cm soil cores were collected at 50 m intervals along each 

transect, which were located 100 m apart. ‘Non-grid’ samples were also collected at three 

locations along each transect, within 25 m of a grid sample (Figure 3.1a). The location along 

each transect, direction and distance (≤ 25 m) from the transect for these samples was randomly 

allocated. For transects T1-T4, 42 additional soil cores were collected where each transect 

intersected the stream (Figure 3.1b). For transects T5-T10, we collected 12 additional soil cores 

where each transect intersected the stream (Figure 3.1c). Finally, every 200 m along every 

second transect, bulk soil core samples (~500 g) were collected for soil chemical analyses 

(Table B1; Appendix B).  
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Figure 3.1. Distribution of soil, stream water and stream sediment samples 
collected in the study catchment. (a) Blue dots indicate the location of stream and 
sediment samples collected from Kelly Stream (blue line), red dots indicate 
location of soil samples collected along each transect (T1-T10), and green dots 
indicate the location of the “non-grid” samples that were collected adjacent to the 
transects. Transect T8 was only partially sampled due limited access. (b) On 
transects (T1-T4) at each location where the transect intersected the stream, soil 
samples were collected at increasing scales: ten samples at 1 m intervals (yellow 
lines), five samples at 2 m intervals (red lines) and 6 samples at 5 m intervals 
(green lines). (c) On transects T5-T10 at each location where the transect 
intersected the stream, soil samples were collected at 10 m intervals, starting 1 m 
away from the stream bed, as shown by the red dots. Stream water and stream 
sediment sample collection points are indicated by the purple stars on (b) and (c). 
Three stream sediment samples, 1 m apart, were collected at the stars labelled Y, 
while stream water and stream sediment samples were only collected at the stars 
labelled Z for transects T1, T3, T5 and T7. 
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Stream water samples were collected at the location where each transect intersected the 

stream, 10 m downstream of this location, and for every second transect, 50 m upstream of this 

location (Figure 3.1b,c). For each stream water sampling point, 600 mL of stream water was 

filtered through a 0.22 µm polyethersulfone filter (Sterivex, Merck Millipore). At each location 

where stream water was collected, a sediment sample was also collected by scooping the top 

~5 cm layer of sediment into 50 mL falcon tubes. At the intersect of the stream with each 

transect, three stream sediment samples were collected, 1 m apart, whereas at the 10 m 

downstream and 50 m upstream areas, a single stream sediment sample was collected from each 

(Figure 3.1b,c).  

The samples described above were all collected over a four-day period in March 2017. 

To assess temporal changes in bacterial communities within the catchment, additional stream 

samples were collected at the intersects and 10 m downstream locations on transects T1-T5 

(Figure 3.1a) one week, two weeks, four weeks and six weeks after the main sampling event. 

Transect T7 (Figure 3.1a) had two additional stream samples collected, at the intersect and 10 

m downstream, two weeks after the main sampling. Upon collecting, all soil samples, stream 

water filters and sediment tubes were stored on ice until they were transported back to the 

laboratory later the same day, where they were stored at -20 °C until further use.  

3.2.2 Sample processing and DNA extraction 
Before DNA extraction, each soil sample was thawed and thoroughly homogenized by 

manual mixing. Stream water filters were cut into strips with a sterile scalpel. Stream sediment 

samples were individually centrifuged at 4,000 g for 20 min after which the supernatant was 

discarded, and extractions performed on 0.3 g of the resulting pellet. All DNA extractions were 

performed using DNeasy PowerSoil HTP kits (Qiagen). This method was shown in Chapter 2 

to be suitable for DNA extraction from multiple sample types, with minimal biases. Extractions 

were performed as per the manufacturer’s instructions, but with minor modifications: (i) 

mechanical lysis was performed by agitating the plates in a Qiagen TissueLyser II (Retch) for 

4 min at a frequency of 30 Hz, (ii) ethanol air drying time was extended to 15 min, and (iii) 

plates incubated at room temperature for five min after elution buffer was added. 
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3.2.3 Amplicon library preparation and sequencing 
To characterize the bacterial communities present in each sample, we amplified the V3-

V4 hypervariable regions of the bacterial 16S rRNA gene in each DNA extract using the 341F 

and 785R primers as described in Chapter 2. Due to the lower concentrations of DNA present 

in stream water and sediment samples, 2 µL of DNA was used for sediment samples, and 

duplicate PCRs were performed for stream water samples, which were pooled prior to 

purification. Sequencing was conducted by Auckland Genomics (University of Auckland, New 

Zealand) on an Illumina MiSeq Instrument using 2 × 300 bp paired-end chemistry. Prior to 

DNA sequencing, the sequencing provider attached a unique combination of Nextera XT dual 

indices (Illumina Inc., USA) to the DNA from each sample, to allow for multiplex sequencing. 

Three sequencing runs were performed, two with 192 samples, and one with 96 samples.  

3.2.4 Bioinformatics and statistical analyses 
The amplicon sequence data were quality-filtered using USEARCH v 7.0 (Edgar 2010). 

The first 25 bp were trimmed off all forward and reverse reads, to remove primer sequences, 

and reads were truncated at the first position that had a quality score (Q score) of less than three. 

Forward and reverse reads were then merged, and reads shorter than 200 bp, or with more than 

one expected error, were discarded. Finally, the data were dereplicated, singletons were 

removed and sequences clustered into operational taxonomic units (OTUs) at 97% sequence 

similarity using the UPARSE-OTU algorithm (Edgar 2013). This algorithm checks for and 

removes chimeric sequences as part of the OTU clustering process. Taxonomic assignment 

against the Greengenes reference database version 13.8 (McDonald et al. 2012) was performed 

within QIIME (Quantitative Insights into Microbial Ecology, version 1.8). Sequencing depth 

was randomly rarefied to 9,800 reads per sample prior to all statistical analyses.  

The ‘vegan’ package (Oksanen et al. 2017) in R v3.3.2 was used to compute a Bray-

Curtis dissimilarity matrix among all samples. This Bray-Curtis dissimilarity matrix was also 

compared to Jaccard (presence-absence), weighted UniFrac and unweighted UniFrac matrices 

(Figure B1, Appendix B) and was shown to be highly correlated with all three alternative beta 

diversity measures (all Mantel R > 0.92, P = 0.001; see table B2, Appendix B for more details). 

Therefore, Bray-Curtis dissimilarity was used for all downstream analyses. Differences in 
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bacterial community composition between habitat types were tested using PERMANOVA, 

implemented through the ‘vegan’ package with 999 permutations. 

To assess the similarity in bacterial community composition within and between habitat 

types, all pairwise Bray-Curtis similarity values were extracted from the matrix. A Mann-

Whitney U test was then used to compare the pairwise values for samples from the same habitat, 

to the pairwise values for samples from two different habitats. Similarly, Dunn’s test for 

multiple comparisons was used to compare all combinations of pairwise similarities for within 

each specific habitat type (soil-soil, stream-stream, sediment-sediment), and between each 

habitat type (soil-stream, soil-sediment, stream-sediment). Results were visualized as a density 

plot, created using the ‘geom_density’ function in ‘ggplot2’ using default parameters 

(Wickham 2009). 

We predicted the physical connectivity of the soil samples with the stream water and 

sediment samples using ArcGIS Pro v2.2. A Digital Elevation Model (DEM) based on LiDAR 

raster data with 1-m cell sizes was used to create a raster of flow directions across the sampled 

region (Figure B2a; Appendix B). These flow directions were then used to map overland flow 

paths to connect each soil sample to the stream (Figure B2b; Appendix B). The total distance 

of overland flow paths was calculated from each soil sample to each stream sample to which it 

was connected as the overland distance plus the within-stream distance.  

We used SourceTracker2 (Knights et al. 2011), a Bayesian-based community-wide 

microbial source tracking tool, to estimate the proportion of sequences in the stream water and 

sediment samples that originated from the other ecosystems. This tool uses Gibbs sampling to 

determine which ‘source’ community each OTU in a ‘sink’ community may have originated 

from, based on its abundance in each source. For the stream water samples, the soil and stream 

sediment samples were classified as “source” communities, while to estimate the sources for 

the stream sediment samples, soil and stream water were classified as “source” communities. 

Since our input OTU table was pre-rarefied, the default rarefaction step was disabled.  
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3.3 Results 

Soil, stream sediment and stream water samples were collected along ten transects 

within a native podocarp-broadleaf forest catchment (Figure 3.1). In total, across the three 

habitats, we observed 40,185 OTUs after rarefying to 9,800 reads per sample. These OTUs 

classified into 75 phyla and 1,327 genera. 

3.3.1 Bacterial communities in soil, stream water and stream sediments 
 Each sampled habitat contained bacterial communities that differed significantly in 

taxonomic composition from the other habitats (pairwise PERMANOVA, all P < 0.001); 

habitat type explained 30% of the variation in bacterial community composition (Figure 3.2). 

Bacterial community composition in samples from the same habitat were significantly more 

similar to each other than those from different habitats (Mann-Whitney U P < 0.001); soil 

derived communities were most similar to each other (Dunn’s P < 0.001; Figure 3.3a). For 

between-habitat comparisons, there was greater similarity between stream sediment and soil 

bacterial communities, which shared 5,201 OTUs, than between stream sediment and stream 

water bacterial communities, which shared 2,883 OTUs (Dunn’s P < 0.001; Figure 3.3). The 

bacterial communities in the soil and stream water habitats were least similar to each other in 

composition overall but shared more OTUs than stream water and stream sediment (Dunn’s P 

< 0.001; 3,415 OTUs, Figure 3.3). There were no phyla that were unique to the soil 

environment, however one phylum was only found in stream samples, and four phyla were 

unique to the stream sediment samples (Figure B3; Appendix B). On average, soil and stream 

sediment communities contained a lower abundance of Proteobacteria and Bacteroidetes, but 

more Acidobacteria, Actinobacteria and Chloroflexi compared to stream water communities 

(Figure B4; Appendix B). Stream water and sediment communities contained more OD1 

bacteria, and Nitrospirae were most abundant in stream sediment (Figure B4; Appendix B). 
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Figure 3.2. Non-metric multidimensional scaling plot showing relative 
compositional differences (Bray-Curtis similarity) between bacterial 
communities from the different habitat types (soil, stream sediment and stream 
water). Stream samples were collected at five different time points: concurrently 
with the soil and sediment samples, and one, two, four and six weeks later. 
Results from permutational analysis of variance (PERMANOVA) are shown in 
the top right corner, the stress value from the ordination is 0.079. 
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Figure 3.3. (a) Density plot of the pairwise Bray-Curtis similarity values 
calculated between samples from the same habitats (dashed lines), and different 
habitat types (solid lines) calculated with a default Gaussian smoothing kernel; 
y-axis density represents the smoothed number of pairwise comparisons for the 
corresponding Bray-Curtis similarity value along the x-axis. Colours indicate the 
habitats being compared. (b) The number of shared and unique OTUs for each 
sample type. 

3.3.2 Resemblance of stream and soil communities according to connectivity  
Despite strong spatial patterns in soil bacterial community composition (Figure B5; 

Appendix B), stream samples connected to nearby soil samples via overland flow paths were 

not more similar to one another than unconnected samples (Figure 3.4a). However, soil samples 

< 20 m away from a stream water sample showed, on average, a greater bacterial community 

similarity to stream water communities than soil samples > 20 m away (Figure 3.4a). Bacterial 

communities in soil samples that were located close to each stream sediment sample (< 20 m) 

were more similar to the bacterial communities in that sample than those located an intermediate 

distance (20 to 200 m) or further (> 200 m) from the sediment sample (Figure 3.4a). Overall, 

soil samples were more similar to connected stream sediment communities than those that were 

not connected to a particular sediment sample (Figure 3.4a).  
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Figure 3.4. (a) The pairwise similarity of bacterial communities 
computed between soil and stream water at the original time point (left 
panel), and soil and stream sediment (right panel), based on connectivity 
category. Soil samples were classified as close (< 20 m), intermediate (20-
200 m), far (> 200 m) or unconnected to the stream water and sediment 
samples according to overland flow path distances. Boxes within each 
panel without the same letter were significantly different from each other 
(Dunn’s P < 0.05). Boxes represent the interquartile range (IQR, 25-75% 
of the data). Median values are indicated by the bar within each box and 
whiskers show the values within 1.5 times the IQR; all other values are 
outliers and are shown as points. (b) Source environment proportion 
estimates for stream water and stream sediment samples estimated using 
SourceTracker2 (Knights et al. 2011). Colour of bars indicates proportion 
estimated to be contributed by each habitat type or unknown sources. 
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On average, less than 3% of the OTUs present in the stream water samples from the 

original time point were estimated to originate from the soil samples in the catchment, with 

between 32-44% coming from the stream sediment (Figure 3.4b). For the stream sediment 

samples, between 13-65% of OTUs were estimated to have come from the catchment soil, and 

a further 3-54% from the stream water (Figure 3.4b). The source of the remaining OTUs in both 

habitats could not be determined. 

3.3.3 Temporal changes in connectivity between stream water and soil 

communities 
While soil samples were only collected once in this study (“original” time point), stream 

samples on a subset of transects (transects T1-T5, T7; Figure 3.1) were resampled four 

additional times (1 week, 2 weeks, 4 weeks and 6 weeks after the “original” sampling). Stream 

water bacterial communities from the same time point more closely resembled each other than 

those from different time points, regardless of where in the stream they were collected (Figures 

B6, B7; Appendix B). The connectivity pattern in the subset of stream samples from the original 

time point for which there were temporal data available was consistent with patterns observed 

in the full dataset (Figure 3.4a). However, stream samples collected at these locations one week 

after soil sample collection showed higher similarity to connected soil samples, which was scale 

dependent as the similarity decreased with increased distance from the stream (Figure 3.5a). 

Additionally, the soil samples, on average, were most similar to the stream samples collected 

one week later overall (Figure 3.5b). Soil samples within 20 m of the stream water sampling 

locations were significantly more similar to the stream samples collected two weeks after the 

main sampling period than to any other stream samples from that time point (Figure 3.5a). 

Bacterial communities in stream samples collected four and six weeks after soil sampling in 

general showed greater similarity to soil samples located < 20 m from the stream, than those 

further away (Figure 3.5a). The overall similarity of the soil bacterial communities to the stream 

water samples collected two, four and six weeks later decreased significantly as more time 

passed (Figure 3.5b).



56 
 

 

Figure 3.5. The similarity in bacterial community composition between stream 
water at different sampling times and soil samples. Stream samples were 
collected simultaneously with soil samples (O) and one week, two weeks, four 
weeks and six week later. (a) Differences over time based on connectivity. Only 
the subset of stream samples for which temporal data was available was used in 
this plot (located on transects T1-T5, and T7; Figure 3.1). Soil samples were 
classified as close (< 20 m), intermediate (20-200 m), far (> 200 m) or 
unconnected to the stream water samples according to overland flow path 
distances. (b) The bacterial community similarity between the stream samples 
and all the soil samples collected at the original time point. Boxes within each 
panel not linked by the same letter are significantly different from each other 
(Dunn’s P < 0.05). Boxes represent the interquartile range (IQR, 25-75% of the 
data). Median values are indicated by the bar within each box and whiskers 
show the values within 1.5 times the IQR; all other values are outliers and shown 
as points. 
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3.4 Discussion  

This chapter provides new insights into the connectivity between bacterial communities 

in soil, stream water and stream sediments at small spatial scales (~1 m - 1 km), building on 

previous knowledge obtained at much larger spatial scales (Crump et al. 2012; Ruiz‐González 

et al. 2015; Griffin et al. 2017). Through intensive sampling of the soil, stream water and stream 

sediment in a native forest catchment, we have shown that, while the microbial communities in 

these different habitats are distinct from one another, there appears to be a degree of 

connectivity among them all, but the proportion of shared taxa varies by habitat combination. 

Overall, the soil and sediment habitats had the strongest connectivity, and this pattern was 

dependent on the spatial location of soil samples relative to the stream. The connectivity 

between soil and stream water habitats was comparatively weaker and transient. 

3.4.1 General habitat differences 
Differences in bacterial community composition among the three habitats were present, 

as hypothesized given the extremely different environmental conditions. However, the 

dissimilarities were very high, especially when comparing the soil and stream water 

environments. Distinct bacterial community composition in sites or samples that are spatially 

co-located has been previously observed; bacterial communities in hyporheic zones across 

hydrologically connected locations have been shown to contain distinct bacterial communities, 

both when comparing different zones (e.g. inland hyporheic and nearshore hyporheic zones) 

and when comparing waterborne and attached bacterial communities within a zone (Graham et 

al. 2017). Griffin et al. (2017) showed that over large spatial scales, bacterial community 

similarity was greater within habitat types than between when comparing soil and stream water, 

or stream water and sediment. Interestingly, in their study, the bacterial communities in soil and 

sediment samples were indistinguishable from each other. This is in contrast with our results 

which also showed greater bacterial community dissimilarity among the different habitats 

overall. These differences could be due to the level of catchment homogenization caused by the 

intensive landscape management in the river basin that Griffin et al. (2017) sampled, compared 

to our native forest catchment, which was environmentally heterogeneous. Combining data 

from multiple catchments will be an essential next step to further develop our knowledge on 

what shapes microbial communities across ecosystems. 
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3.4.2 Habitat connectivity  
With the exception of the Griffin et al. (2017) study, previous investigations of the 

connectivity between terrestrial and aquatic environments appear to have focused solely on 

stream water, ignoring stream sediment communities. The sediment bacterial communities 

were clearly distinct from the stream water bacterial communities and exhibited different 

connectivity patterns; their inclusion in ecosystem connectivity is therefore vital. The increased 

connectivity of the stream sediment communities to soil communities could be due to the stream 

sediment habitat being less dynamic than stream water, allowing establishment of the soil taxa 

over time, resulting in communities that are more similar to the source communities in the 

adjacent soil. However, the less-stochastic nature of the stream sediment, compared to stream 

water, alone cannot explain the increased similarity to the soil communities. Stream biofilms 

have been shown to contain bacterial communities that are not strongly influenced by sources 

within a catchment (Besemer et al. 2012), indicating that residence time alone does not result 

in increased similarity to potential source communities. 

The higher pairwise bacterial community similarities between soil and stream sediments 

could also be due to the greater similarity of these two habitats; both are solid states and provide 

an abundance of nutrients and minerals (Nealson 1997). The similarity of bacterial communities 

was greatest when soil samples were located closer to the stream sediment. This could partly 

be explained by dispersal limitations, which although usually only applicable to bacteria at 

much larger scales than what we sampled (Schauer et al. 2010; Martiny et al. 2011), have been 

observed over small spatial scales (Stegen et al. 2013). However, environmental selection is a 

stronger driver of spatial turnover (Stegen et al. 2013) and within hyporheic zones deterministic 

assembly processes have a greater role in shaping microbial communities than stochastic 

processes (Graham et al. 2017).  The similarity between soil and stream sediment bacterial 

communities is therefore more likely to be due to those soil samples being more water-logged 

than the soils further upslope, creating an environment that is more similar to the sediment in 

terms of moisture content and oxygen levels. The small spatial scale at which we conducted our 

sampling, compared to the extensive areas covered in previous studies, likely increased our 

ability to detect these subtle differences in similarity. Indeed, when comparing communities 

within marsh sediments, the moisture content of the sediment explained a dominant proportion 

of the variability (Martiny et al. 2011). Additionally, the increased water content in soils closer 

to the stream may be facilitating the transport of microbial cells into the stream (Lindström and 
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Langenheder 2012). Overall, it seems likely that the increased similarity between soil and 

sediment communities is at least partially related to the similar environments created by these 

habitats.  

3.4.3 Connectivity in Kelly Stream catchment compared to previous studies 
Our study showed weaker connectivity between the terrestrial and aquatic environments 

than has been shown elsewhere (Crump et al. 2012; Ruiz‐González et al. 2015; Griffin et al. 

2017). Our sampling scale was sufficient to detect spatial changes in soil microbial communities 

(Figure B5, Appendix B) and we also observed decreased species richness downstream, a 

pattern observed previously across larger spatial scales (Savio et al. 2015; Figure B8, Appendix 

B). We can therefore be confident that the weak connectivity described in this chapter is due to 

minimal transport of bacteria from the soil to the aquatic environment, and not due to sampling 

insufficiencies, especially given the considerably larger sample size used here compared to 

prior studies. Characteristics such as topography, hillslopes and soil characteristics, which as 

mentioned above influence the hydrological connectivity of a catchment, differ between 

different environments (e.g. boreal vs arctic tundra). Therefore, it is expected that studies in 

different catchments will reveal different levels of connectivity. Overall, this highlights the 

importance of investigating different environment types, to understand how the landscape 

affects the microbial connectivity, much as has been done for abiotic factors.  

3.4.4 Temporal dynamics in connectivity 
While the stream in this study was only sampled over a six-week period, changes in 

stream microbial communities occurred, and different conclusions on terrestrial-aquatic 

connectivity can be drawn at each time point. This highlights the importance of conducting 

temporal sampling for microbial studies. Streams, and other aquatic environments, are very 

transient with complex patterns of hyporheic exchange flow (Anderson et al. 2005). It is 

therefore not surprising that bacterial communities in aquatic environments exhibit strong 

temporal patterns, including annual and seasonal patterns (Yannarell et al. 2003; Hullar et al. 

2006; Eiler et al. 2012). However, changes in stream microbial communities have not been 

well-studied on temporal scales similar to what was sampled here. Without a clear 

understanding of the temporal changes in microbial communities, it can be difficult to assess 

spatial variation within and between different studies, as the two are often intrinsically linked. 
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The transient connectivity between the soil and stream water habitats we observed 

indicates that stream bacterial communities are sourced from the terrestrial environment to 

some extent, but that the degree to which this happens is not stable over time. A possible 

explanation for dynamics in connectivity between soil and stream water bacterial communities 

is variation in the rainfall occurring within the catchment. Pore-water microbial communities 

in temporary headwater streams have been shown to change rapidly in relation to flooding 

events, which likely occurs due to the influx of bacteria associated with, or attached to particles 

from the surrounding terrestrial environment (Febria et al. 2015). As well as increasing surface 

flow, rainfall also has the potential to increase microbial transport by transferring bacterial cells 

from the soil to the air by generating aerosols which contain bacterial cells resulting in long-

distance transport (Joung et al. 2017). There was almost no rain the week prior to our soil, 

stream water and stream sediment sampling (Figure B9; Appendix B), which could explain the 

lack of connectivity observed at this time point. The following weeks, during which our 

temporal sampling was conducted, there was more rainfall (Figure B9; Appendix B). This could 

have initially increased the mobilization of terrestrial bacteria into the stream, resulting in the 

increased connectivity observed after one week, but ultimately decreased connectivity again as 

the water flow increase, decreasing the stream residence time of terrestrially sourced bacteria. 

Ultimately, the rate at which catchment scale connectivity appears, and then disappears, 

in a dataset is likely dependant on several catchment features; hydrological networks, and the 

runoff generated within a catchment, are strongly influenced by factors such as topography 

(McGuire et al. 2005), the arrangement of hillslopes (Jencso et al. 2010), and soil characteristics 

(Soulsby et al. 2006). Streams which are less geomorphically complex, such as our study 

stream, have shorter storage residence time when analysing solutes (Gooseff et al. 2007). 

Therefore, it is likely our stream also has a shorter residence time for bacterial communities, 

which could explain the transient patterns. The persistence of connectivity has not been 

explored in previous studies; therefore this transient pattern greatly expands our understanding 

of how terrestrial and aquatic environments are connected. 

3.4.5 Implications for biodiversity and bioindicator monitoring    
The importance of both accurate and extensive biodiversity data is increasingly being 

recognized, especially in light of the loss of biodiversity due to human-driven changes in the 

environment (Valentini et al. 2015; Schmeller et al. 2017). Historically, biodiversity monitoring 
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has focused on macroorganisms; however, understanding the biodiversity of microbial 

organisms on Earth, and their contribution to ecosystems, is equally important (Griffiths et al. 

2016). While this chapter has shown that there is connectivity between the terrestrial and 

aquatic environments within a catchment, this connectivity was relatively weak and extremely 

transient. Furthermore, the extensive differences observed between the microbial communities 

in the habitats in this chapter highlights that a complete understanding of microbial diversity in 

an area can only be gained by sampling the diversity of habitats present. Therefore, biodiversity 

monitoring of bacterial communities still requires sampling of each habitat in each ecosystem, 

in detail, to ascertain the taxa that are present. Additionally, changes that occur in microbial 

communities because of human activity in terrestrial environments will have minimal influence 

on the aquatic microbial communities, if the human impact is contained to the terrestrial 

environment. This means that these environments can be individually monitored, and the extend 

of the human impact more accurately established; if signatures of human driven changes are 

observed in aquatic environments alongside terrestrial environments, this would indicate the 

wide reaching impacts, rather than the changed terrestrial bacterial communities traveling into 

the aquatic environment.  

3.4.6 Concluding remarks 
Uncovering the connectivity between terrestrial and aquatic environments is important 

to aid our understanding of the ecological processes that are occurring in catchments, the extent 

to which terrestrial disturbances impact aquatic environments, and to optimize biodiversity 

monitoring efforts. Overall, we have shown that soil bacterial communities are connected to 

stream bacterial communities, and especially to stream sediment communities. However, the 

connectivity was weak, and the short residence time of bacterial taxa in stream waters resulted 

in transient connectivity. While this work has progressed our understanding of ecosystem 

connectivity, research on more catchments, and across longer temporal scales is an essential 

next step to build on the knowledge gained thus far.  
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Closing the global gaps in soil microbial diversity data 
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4A.1 Global microbial communities 

The geographic ranges of biological species, and therefore the biodiversity of 

ecosystems, are continually changing over ecological and evolutionary timescales. The 

collation of national and international databases has proven vital to better understand patterns 

in current species distributions, supporting evidence-based conservation efforts (Jetz et al. 

2012), and to predict species range-shifts under, for example, climatic change and future land 

use scenarios (Thomas et al. 2004; Pompe et al. 2008). However, although climate and land use 

projections are increasingly highly resolved, often at resolutions of a few kilometres or finer 

(Chen et al. 2015; Abatzoglou et al. 2018), the spatial grain of resolution for most known 

species distributions remains far coarser (Jetz et al. 2012). Microorganisms, the most abundant 

group of organisms on Earth, are key players in global biogeochemical cycles, yet only limited 

attempts have been made to characterize their distributions across wide geographic ranges using 

analyses of large datasets. This is especially true for soil microbial communities, where 

environmental heterogeneity leads to many distinct microbial habitats (Fierer 2017), and global 

dissimilarities in soil physicochemical characteristics present unique considerations to ensure 

accurate cataloguing of their diversity across landscapes, regions and continents. Substantial 

efforts are required to reduce the gaps in soil microbial diversity data, which will require studies 

with adequate sampling depth across all global biomes. 

Systematic surveys of microbial life are essential for providing new perspectives on 

bacterial distributions and the causal processes driving these patterns. Understandably, the 

significant effort and costs associated with consistently sampled national or global studies 

means it is common to see research that covers large spatial extents, but with spatially irregular 

sampling and relatively low replication. Even the most extensive national-scale datasets of soil 

bacterial biogeography, such as surveys of the British Isles (Griffiths et al. 2011) and Australia 

(Bissett et al. 2016), use non-uniform sampling designs, and may comprise of sample 

replication that is biased towards more populated and/ or accessible areas. To avoid or account 

for these biases, random or regular (e.g., grid-based) sampling is considered desirable, but is 

rarely attempted (Powell et al. 2015; Terrat et al. 2017). Therefore, to inform approaches for 

expanding global soil microbial datasets, it is useful to understand the effects of these 

alternative sampling approaches on our estimations of bacterial soil community structure. This 
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information is vital if we are to continue our efforts to close the global gaps that exist in current 

microbial diversity datasets.  

4A.2 The French dataset: a case study 

Comprehensive global soil microbial biodiversity datasets must be assembled from 

regional studies; however, the relative comparability and compatibility of regional datasets will 

determine how useful a given global dataset would be. Thus, this chapter explores a previously 

published national dataset that does not suffer from the usual sampling limitations of many 

regional datasets to determine the possible effects of variation in sampling design and 

replication on detection of soil microbial biodiversity. Using bacterial community data 

collected across a 16 km regular sampling grid within France as part of the French Soil Quality 

Monitoring Network (Ranjard et al. 2010; Terrat et al. 2017), we quantified the effects of 

sampling strategy and intensity for soil bacterial biodiversity estimates (see Appendix C, 

section C1). This analysis showed that the most common OTUs were, in fact, detectable from 

the analysis of only ~4% samples collected (Figure 4A.1a, as indicated by the plateau of the 

curve). This is largely irrespective of whether samples were collected from random locations, 

in a regular grid format, or proportionally to represent the natural diversity of soil environments 

(Figure 4A.1b, Figure 4A.2). The dominance of a relatively small number of bacterial taxa is 

similarly reported at the global scale (Delgado-Baquerizo et al. 2018a). Variation in sampling 

design and intensity that is commonly observed among regional datasets may therefore not be 

an important consideration for capturing common and dominant bacterial taxa at a global scale. 

https://www.frontiersin.org/articles/10.3389/fmicb.2019.01820/full#h3
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Figure 4A.1. (a) Taxa accumulation curve showing the OTUs detected by the random (lines) 
and grid (points) sampling approaches. The lines indicate the number of rare (<0.001% of total 
reads; solid line) and common (>0.001% of total reads; dashed line) OTUs detected with 
increased random sampling; 100 permutations were used, with sites added in a random order, 
to calculate average values. Standard deviations are indicated in grey. Red points indicate the 
number of rare (hollow points) and common (filled points) OTUs detected with decreasing grid 
size (and therefore increased sampling intensity). (b) The number of unique and shared OTUs 
detected by the different sub-sampling approaches. 
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Figure 4A.2. The number of common ( >0.001% of total reads) and rare ( <0.001% of 
total reads) OTUs captured by different sampling approaches. All samples: locations of samples 
comprising the complete dataset which we subsampled, containing 1798 samples collected on 
a 16 km grid (Terrat et al. 2017). Representative: sampling described by (Orgiazzi et al. 2018) 
to capture a range of different land uses, soil properties and climatic conditions (n = 144). 
Random: 144 samples randomly selected from the complete dataset (100 permutations were 
used, average ± standard deviation is shown). Grid: 151 samples collected in a grid format. 

While intensive sampling of local environments may not be required for the detection 

of many common taxa, sampling intensity significantly impacts community diversity measures, 

largely caused by the increased detection of rare OTUs with greater sampling effort (Figure 
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4A.1a). Taxa may be rare due to their low local abundance, habitat specificity or restricted 

geographic spread, but can have a disproportionately large influence on ecosystem processes 

(Jousset et al. 2017; Karimi et al. 2018). Conditionally rare bacterial taxa (Shade et al. 2014) 

may be more metabolically active, even when present in low abundance (Dimitriu et al. 2010), 

and their vast genetic resource enhances the functionality of more abundant microbes, via the 

horizontal transfer of beneficial genes (Low-Décarie et al. 2015). The number of rare OTUs 

detected in the French dataset did not appear to be influenced by sampling design (i.e. grid vs 

random sampling) but did increase with increasing sample numbers (Figure 4A.1a). Even with 

the inclusion of all available samples, a complete plateau in the increase of rare OTUs detected 

was not reached, although the number of new OTUs detected did decrease with increasing 

sample numbers (Figure 4A.1a). This suggests that decisions about sampling intensity within 

national biodiversity monitoring are crucial for generating datasets that will be globally 

comparable where the distributions of rare taxa are of interest. 

4A.3 Current “global” datasets 

Perhaps the most comprehensive and coordinated effort to catalogue microbial diversity 

across a range of environments around the globe is the Earth Microbiome Project (EMP; 

(Gilbert et al. 2014), highlighting the substantial progress that can be made through cooperative 

research. However, even within the EMP, multiple regions are grossly under-sampled and 

poorly represented (Figure C1, Appendix C); the continents of Europe, Asia, South America, 

Africa and Australia are each represented by ≤ 10 spatially independent samples of microbial 

DNA. Similar spatial biases are evident in the study of Delgado‐Baquerizo et al. (2018b; see 

appendix 1 Figure S1 in their article). Adding to this knowledge that the spatial scaling of 

variation in microbial community structure differs widely across spatial scales (Constancias et 

al. 2015), substantial efforts must be made to further reduce global gaps in soil bacterial 

diversity data. Sampling to proportionally represent the relative diversity of different soil 

environments, or even to over-represent rare environments, or conditions, may be required for 

valid statistical analysis at global scales, since different environmental gradients dominate 

community assembly across different biomes and spatial scales. For example, soil pH is often 

strongly correlated with bacterial diversity (Thomson et al. 2015), to the extent that it can be 

used to generate large scale predictions of bacterial diversity (Griffiths et al. 2015). However, 

there are certain biomes where this is not true, such as grasslands, where instead aridity drives 
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bacterial diversity (Maestre et al. 2015). Such findings highlight the importance of conducting 

surveys of microbial life appropriate for data analysis at multiple scales because an 

understanding of what affects bacterial community composition at small scales cannot 

necessarily be extrapolated to make reliable conclusions at larger scales. Grid-based sampling 

designs are the most statistically-powerful way to achieve this, providing that the resolution of 

the grid is finer than the scale processes of interest (Hirzel and Guisan 2002; Mallarino and 

Wittry 2004; Nanni et al. 2011). 

4A.4 Utilizing citizen science to help close the gaps 

Increasing the size of national and international soil microbial datasets can be achieved by 

increased cooperation among research facilities, and perhaps even between researchers and the 

general public. Taking a leaf out of the macroorganism ecologist’s handbook, pursuing a 

“citizen science” approach is considered particularly useful for the collection of samples from 

more remote areas (Bahls 2014), although consistent and well documented sample treatments 

must be ensured to allow accurate comparability and reproducibility (Dickie et al. 2018). There 

are already many examples of studies where the public has been engaged to help collect data 

for ecological surveys of birds, trees and tropical reef species (Mckenzie et al. 2007; Ockendon 

et al. 2009; Roelfsema et al. 2016). Arguably, collecting and transporting soil samples requires 

much less time and expertise than identifying and monitoring animals and plants. Since public 

engagement in macroorganism surveys has been shown to be a successful biodiversity 

monitoring tool (Devictor et al. 2010), and is increasingly being utilized for soil microbial 

surveys (e.g., microblitz; www.microblitz.com.au), this is an avenue worth exploring to 

increase global coverage of bacterial community data. 

4A.5 The importance of metadata 

Ensuring better sampling designs and global coverage alone will not be sufficient; 

ecologists are increasingly interested in understanding the factors affecting the present-day 

distributions of organisms. This requires microbial DNA to be collected in tandem with a suite 

of relevant physicochemical variables; however, a shortcoming of many of large-scale studies 

published to date is the limited range of metadata collected, as the high costs associated with 

exhaustive soil analyses remains a major obstacle. A notable workaround for this problem is 
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where microbial surveys are partnered with soil physicochemical monitoring programs 

(Griffiths et al. 2011; Dequiedt et al. 2011; Ranjard et al. 2013; Hermans et al. 2017) which 

include a comprehensive list of soil nutrients, physical characteristics and heavy metal 

concentrations. The benefits of collecting biodiversity data alongside traditional large scale soil 

monitoring programs is increasingly being recognized (Orgiazzi et al. 2018). As environmental 

monitoring agencies become more aware of the utility for microbial data to report on the quality 

and production potential of diverse environments, existing monitoring programs are 

increasingly likely to be adapted to provide valuable support for microbiological investigations, 

helping to identify key correlates associated with changes in community composition and taxon 

presence across diverse spatial and temporal scales. 

4A.6 Going beyond broad changes in microbial communities  

Microbial ecologists have tended to describe changes in composition and diversity from 

DNA sequence data, often without naming individual taxa, or even groups of bacteria. 

Arguably, this approach has inhibited our understanding of the natural history of bacteria 

(Martiny and Walters 2018). However, unlike DNA fingerprinting methods, which previously 

dominated large-scale molecular assessments of microbial community diversity (Gobet et al. 

2014), next-generation sequencing (NGS) allows taxa to be identified from their unique DNA 

barcodes and grouped at various taxonomic levels. It is essential we go beyond describing 

general changes in microbial community composition, to looking at individual taxa, or 

phylogenetic or functional groups of taxa, in more detail, in the same way that traditional 

ecologists studying plants and animals characterize biodiversity by describing and naming the 

species present (Fierer 2017; Martiny and Walters 2018).  

Encouragingly, with more paired microbial and metadata being collected, NGS 

technologies are beginning to be used to assess not only taxonomic data, but also to make 

predictions of functional microbial community attributes. The expense associated with 

adequately sequencing complex soil metagenomes using shotgun DNA approaches mean that 

although microbial functional diversity has been assessed under different biomes and land uses 

(Fierer et al. 2012b; Mendes et al. 2015b), coordinated efforts to collect metagenome data from 

large scale soil datasets remain extremely limited. Nevertheless, scientists can capitalize on the 

increased availability of soil taxonomic and associated metadata to make informed predictions 
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of the biogeography of microbial taxa and traits. As the spatial extent and grain of soil microbial 

community surveys increases, the relationship between soil variables such as pH, and 

concentrations of nutrients or potential pollutants and the distribution and relative abundance 

of microbial taxa are becoming better understood (Hermans et al. 2017; Karimi et al. 2018). 

This allows ever stronger predictions to be made regarding the environments where specific 

organisms or groups of organisms might be found (Delgado-Baquerizo et al. 2018a), even for 

organisms that are yet to be cultured or are only known from their 16S rRNA sequences. 

4A.7 Storing samples, and DNA, for future use.  

Rapidly improving molecular methods means we need to consider how samples collected 

today can be used with technology that may not yet be available for use in large scale 

biodiversity monitoring. Technological changes are very likely to occur for how extracted DNA 

(or RNA) is analysed; improvements and changes may also occur in how raw sample material 

is processed. As described in Chapter 2, DNA extraction methods have repeatedly been shown 

to exhibit biases and limitations (Luna et al. 2006; Wagner Mackenzie et al. 2015). Future 

improvements to current DNA extraction techniques, or the development of new methods, 

could lead to desires to re-analyse previous samples to obtain more accurate representations of 

the microbial communities that were present. It has previously been shown that bacterial DNA 

can be extracted from dried soil samples over a century after the soil was stored (Clark and 

Hirsch 2008), and that DNA can be maintained for months at -80 °C (Gorokhova 2005). 

However, more research needs to be conducted to determine the effect of time and storage 

conditions on microbial community composition in raw sample material, and the degradation 

of DNA over years, rather than months. Following current best practice, storage methods for 

the large sample numbers that will be generated by national, and global surveys of microbial 

diversity is essential. This will provide not only a ‘snapshot in time’ of the current biodiversity 

of soil bacteria globally, but also allow the application of future biodiversity monitoring 

methods without repeating the labour intensive, and expensive sampling process. 

4A.8 Concluding remarks  

Significant progress has been made in the last decade to catalogue microbial diversity across 

the globe, yet the lack of systematic approaches for sampling across national and global scales, 
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is leading to unbalanced datasets which are failing to cover all the Earth’s biomes. Greater 

coordination and collaboration among researchers, soil monitoring agencies and the public 

could facilitate the collection of more spatially extensive datasets. Ultimately, the combination 

of local, regional and national datasets will be required to close the current gaps in soil microbial 

diversity information. Extensive sampling of soils across the globe, to identify the microbial 

taxa residing within them and their functions, is essential to increase our understanding of 

natural variation in these communities, the effect that human land use has on microorganisms, 

and the impact that climatic change may have on future ecosystem function.
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Chapter 4B 

 

Biogeographic patterns in New Zealand’s soil bacterial 

communities 
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4B.1 Introduction  

The composition of soil bacterial communities is shaped by a plethora of different 

factors; spatial, climatic and soil environmental variables all interact to determine what bacterial 

communities look like at different locations. With the ever-increasing capacity of next-

generation sequencing technologies (Shokralla et al. 2012), our ability to investigate bacterial 

biogeography is continuously expanding. Large scale studies, both in terms of the spatial scale 

covered, and the number of samples collected, are crucial to increase our understanding of the 

wide range of responses bacterial communities exhibit to different environmental changes in 

different biomes. Closing the global gaps in bacterial diversity data is crucial for providing 

complete perspectives on bacterial diversity and distributions, and the causal processes driving 

these patterns, as was highlighted in Chapter 4A. To date, most large-scale studies have been 

conducted in the northern hemisphere, although Australia has also been sampled (Bissett et al. 

2016); the biogeography of soil bacteria across New Zealand has not been systematically 

investigated. New Zealand presents many new conditions and environments through its 

geographical isolation from all previous locations for which soil bacterial communities have 

been studied. Its location also presents a unique geology (Sutherland 1999) and different 

climatic conditions (Sturman and Tapper 1996). Furthermore, there is a relatively low impact 

of urbanisation. Some 7 million hectares of primary indigenous forest remains, but much of the 

remaining land is used for agricultural and pastoral purposes (MfE and Stats NZ 2018). 

Determining if the biogeographic patterns in soil bacteria that have been observed elsewhere 

are also present here, or discovering new patterns, will contribute to our understanding of what 

governs the distribution of soil bacterial communities and will help close the gaps in global 

microbial datasets.  

Studying soil bacterial communities at large spatial scales is important to understand 

how their composition varies over space and time. A commonly observed spatial pattern is 

‘distance decay’ where an increase in geographic distance between two bacterial communities 

results in a decrease in similarity between them (Morlon et al. 2008). This spatial variation can 

be driven by dispersal limitations or indicate that soil bacterial communities are shaped by local 

environmental conditions which vary over space (Soininen et al. 2007). It is likely that both 

stochastic processes such as dispersal and deterministic processes related to environmental 

selection are occurring in bacterial communities thereby contributing to observed distance 
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decay patterns; studying the distributions of bacterial communities across large spatial scales 

will help determine the relative importance of environmental variables versus spatial gradients. 

Distance decay, to varying extents has been reported in bacterial communities in lake sediments 

(Barreto et al. 2014), streams (Lear et al. 2013), salt marshes (Horner-Devine et al. 2004) and 

soil (Ranjard et al. 2013). It is often scale dependant; while it can be observed over  small 

distances (Lear et al. 2014), the pattern is strongest when larger distances across regions or 

continents are incorporated (Martiny et al. 2011; Monroy et al. 2012). Likewise, the scale at 

which temporal variation is studied can impact whether variation is observed, and the size of 

change over time. Bacterial communities in marine environments can show seasonal variation 

(Yannarell et al. 2003; Eiler et al. 2012), although within the soil environment, bacterial 

communities exhibit reduced temporal variation (Uksa et al. 2014; Docherty et al. 2015). 

Assessing bacterial community composition across space and time will allow us to better 

determine how stochastic and deterministic processes shape bacterial communities. 

As reviewed in this thesis, especially in Chapter 1, there are strong relationships 

between bacterial communities and the soil environment. There are only a limited number of 

studies conducted at large spatial scales with large sample numbers. These have revealed that, 

consistent with what is found at smaller spatial scales, changes in soil bacterial communities 

are strongly linked to changes in soil pH. Specifically, across Great Britain, alpha diversity 

increased with increasing pH, while beta diversity was highest in soils with lower pH (Griffiths 

et al. 2011). This increase in bacterial diversity in acidic soils was likely at least in part due to 

the increased variability in environmental variables in these soils compared to more neutral or 

basic soils (Griffiths et al. 2011). Across France, pH was shown to be important; it is the most 

important driver of the distribution of phyla and overall richness (Terrat et al. 2017; Karimi et 

al. 2018). However, these large studies also identify other important variables such as land 

management, soil texture, soil nutrients, and climate (Griffiths et al. 2011; Terrat et al. 2017; 

Karimi et al. 2018). Studies at national scales but with considerably fewer samples have drawn 

similar conclusions; across Israel, soil variables such as water content and nutrient 

concentrations correlate with changes in bacterial communities (Angel et al. 2010) and general 

habitat turnover is suggested to drive the changes in bacterial communities observed across 

Scotland (Powell et al. 2015). Many of these patterns, especially those related to habitat 

turnover, land management and climate, will have been identified only because of the large 

spatial scale covered by these studies. Additionally, the large number of samples means 
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increased statistical power for identifying patterns beyond those related to soil pH. This 

highlights the importance of large-scale studies, and the additional information they can impart. 

To date, most ‘global’ soil bacterial studies tend to rely on a comparably small number 

of samples. For example, Delgado-Baquerizo et al. (2018a) collated less than 300 samples in 

their global assessment of soil bacterial communities. These studies undoubtedly impart 

important information, such as the dominance of a small number of phyla across all soils 

(Delgado-Baquerizo et al. 2018a). However, they fail to adequately cover the natural variation 

in environmental variables, likely meaning they under sample the variation in bacterial 

community composition. Indeed, the analyses in Chapter 4A showed that with increasing 

sample sizes, more rare taxa were detected, supporting the idea that when trying to capture the 

diversity of microbial communities across large scales ‘bigger is better’. There needs to be an 

emphasis on biogeography studies that collect large sample numbers over large areas. These 

studies need to incorporate extensive metadata so that the patterns and processes shaping 

bacterial communities can be linked back to changes in the soil and surrounding environments. 

Soil monitoring programs often collect extensive metadata ranging from nutrients to pollutants 

and soil structure (Curran-Cournane and Taylor 2013). Additionally, climatic patterns are 

commonly collated by organizations to track changes over time; much of this data is easily 

accessible (Sorrentino et al. 2012). Combining large scale sampling for microbial data 

collection with these additional sources of metadata provides a valuable experimental set up for 

increasing our understanding of how bacterial communities respond to changes in their 

environment, both above and below ground.  

Nationwide, intensive and well executed sampling of soil bacterial communities is 

crucial to contribute to our understanding of what governs the biodiversity of soil bacterial 

communities. Conducting such research across New Zealand has the potential to not only 

increase our understanding of the bacterial communities present in our soils, but also allows us 

to contribute to a wider, global understanding of how natural and anthropogenic variation 

changes microbial communities. In this chapter, we determined (1) the relationships between 

bacterial communities and spatial, climatic and soil environmental variables, and (2) which 

specific soil variables were important for explaining the composition of soil bacterial 

communities.  
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4B.2 Materials and methods 

4B.2.1 Sample collection 
Samples were collected from ten regions, covering approximately 196,000 km2 of land, 

across New Zealand. Sample collection occurred between 2013 and 2018, and a total of 670 

sites were sampled. Sites were categorized as being dominated by indigenous forest (n=70), 

exotic forest (n=74), pasture (predominantly dairy or dry stock, n=358), or horticulture (n=159); 

see Hill and Sparling (2009) for details. A small number of sites (n = 9) had no land use 

classification available. While most sites were sampled only once over this period, three 

indigenous sites were sampled biannually and 12 were sampled annually. Furthermore, 36 

horticulture, six pasture sites and one exotic site were sampled twice, with repeat samples 

separated by between 12 to 49 months. Using the New Zealand Soil Classification (Hewitt 

2010) we classified all sites to soil order level. Included in our study were Brown soils (n = 

123), Recent Soils (n = 97),  Gley soils (n = 72), Allophanic soils (n =70), Pumice soils (n = 

55), Granular soils (n = 41), Ultic soils (n = 41), and Organic soils (n = 12). The remaining sites 

were not classified due to a lack of data.  

Sampling for bacterial analyses involved collecting five individual soil cores (0-10 cm 

in depth, 2.5 cm in diameter) at each site across a transect at 10 m intervals. Where present, leaf 

litter and plant biomass were displaced prior to collecting soil samples. Soil samples were stored 

on ice until they could be transferred to -20℃ storage at the end of the sampling day. 

Additionally, composited soil samples, consisting of 25 cores collected every 2 m along the 

same transect, were collected for soil chemical analyses, and three intact soil cores (0-9 cm 

deep, 10 cm wide) were collected at 15 m intervals for soil physical analyses. 
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Figure 4B.1. The location of the 670 sites sampled for this chapter. Sites were 
classified as belonging to one of four land uses: indigenous forests, exotic plantation 
forests, horticulture or pasture. 
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4B.2.2 Molecular methods 
Individual soil cores were manually homogenised, and DNA was extracted from 25 mg 

of soil using the PowerSoil-htp DNA extraction kit/DNeasy PowerSoil-htp kit (Mo Bio 

Laboratories Inc or Qiagen, respectively). Both versions of this kit contain the same steps and 

reagents, and the switch of manufacturer should have no impact on the obtained results. DNA 

extraction was performed as per manufacturer’s instructions, except that mechanical lysis was 

performed by agitating the plates in a Qiagen TissueLyser II (Retch) for 4 min at 30 Hz, and 

plates were incubated at room temperature for 5 min after adding the elution buffer, prior to the 

final centrifuge. In total, DNA was extracted from 5,130 samples, which were stored at -20 ℃. 

For each DNA extract, the V3-V4 region of the bacterial 16S rRNA gene was amplified 

and sequenced as described in Chapter 2 (section 2.2.2). Normalised PCR products were 

barcoded (Nextera XT dual indices, Illumina Inc., USA), pooled and sequenced on an Illumina 

MiSeq instrument using V3 chemistry to generate 2x300 bp paired-end reads. A total of 13 

sequencing runs were performed, each with ~384 samples.  

4B.2.3 Bioinformatics and statistical analyses  
Sequence data were processed as described in Chapter 3 (section 3.2.4) using 

USEARCH v 7.0 (Edgar 2010) to filter sequences and then cluster them into operational 

taxonomic units (OTUs) at 97% sequence similarity before classifying against the Greengenes 

reference database v13.8 (McDonald et al. 2012). 

All statistical analyses, and data visualisations were performed in R v3.6.1 (R Core 

Team 2016). Prior to all analyses, the OTU table was rarefied to 2,000 reads per sample using 

the ‘rarefy’ function in the ‘vegan’ package (Oksanen et al. 2017).  

To complement the bacterial and soil physicochemical variables that were generated, 

climatic and site data was extracted for each sampling location using ArcGIS v10.3 

(Environmental Systems Research Institute [ESRI], Redlands, CA). These data were obtained 

from historic climate databases or a digital elevation model using the ‘extraction’ tools within 

the spatial analyst toolset (see Table 4B.1 for a list of variables). To prevent undesirable effects 

on downstream statistical analyses, explanatory variables which were strongly correlated with 

each other (defined as Pearson’s correlation value of <-0.65 or >0.65), were removed from the 
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soil, climate and site categories. A total of five climatic, 12 soil and three site variables were 

kept, and those that correlated with removed variables should be considered representative of 

the removed variables (see Table 4B.1 for details).
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Table 4B.1 The explanatory variables measured or obtained from climate and digital elevation models using GIS software. Variables 
within the same column sharing the same letters (in superscript) correlated with each other (Pearson’s correlations > 0.65 or < -0.65).  
 Space Climate Soil Site 

Variables 
included 

Easting and Northing 
(NZTM) 

Summer (Jan) max 
temperature (℃)a, Winter 
(June) max temperature 
(℃)a, Annual average 
global solar radiation 
(MJ/m2/day), total rain 
days, total rain fall (mm)b. 

pH, Total nitrogen (TN, 
%)a, Olsen P (mg/kg), 
C:N, NO3-N (mg/kg), 
NH4-N (mg/kg), 
macroporosity (MP, % 
v/v), Arsenic (mg/kg)b, 
Cadmium (mg/kg), 
Chromium (mg/kg)c, 
Copper (mg/kg), Zinc 
(mg/kg).   

 

Elevation (m), aspect, 
slope. 

Variables 
removed due to 
correlations 

 Mean air temp (℃)a, 
winter rain total (mm)b, 
summer rain total (mm)b. 

Carbon (%)a, 
Anaerobically 
mineralizable nitrogen 
(mg/kg)a, bulk density 
(t/m3)a, Lead (mg/kg)b, 
Nickel (mg/kg)c.  

 

 

Data source GPS coordinates collected 
during sampling 

Extracted from climate 
databases using GIS 
software (see section 
4B.2.3) 

Analysed from composite 
soil samples (Hill and 
Sparling 2009) 

Extracted from a digital 
elevation model using GIS 
software (see section 
4B.2.3) 
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Spatial trends in the soil bacterial community composition were assessed by comparing 

the relationship between the bacterial community dissimilarity (Bray-Curtis matrix generated 

using ‘vegan’) and the geographical distance between each pair of samples. Since there were 

~4.6 million pairwise comparisons across all the samples, the ‘geom_hex’ command in the 

‘ggplot2’ package (Wickham 2009) was used to visualise this data to prevent the over-plotting 

issues associated with scatter plots. Similarly, the relationship between community dissimilarity 

and the difference in pH was plotted for each pairwise combination of sites. For this, an average 

bacterial community composition was calculated from each of the five replicates per site. 

Temporal trends in the soil bacterial community composition were assessed by 

generating pairwise bacterial community dissimilarity scores (Bray-Curtis matrix generated 

using ‘vegan’) for temporal samples from within the same site. Dunn’s test, a non-parametric 

statistical test for multiple comparisons, was used to determine if the average bacterial 

community dissimilarity between different time points differed significantly. There were only 

two temporal replicates for the exotic site, therefore a Mann-Whitney-Wilcoxon Test was used 

instead.  

Variance partitioning analyses was employed to determine the relative importance of 

spatial, climatic, and edaphic variables as well as site characteristics for explaining the variance 

in bacterial community richness (number of OTUs present at a site) and dissimilarity (the 

average Bray-Curtis dissimilarity of data from each site to all the other site data). The 

abundance of OTUs was averaged for each sites’ five replicates. The spatial explanatory 

variables were Moran's eigenvector maps (MEMs) computed from each site’s coordinates; only 

MEMs which significantly correlated with either community richness or dissimilarity were 

selected. The remaining categories (climate, soil and site) contained the variables as detailed in 

Table 4B.1. All variables were standardised prior to analyses. The variance partitioning analysis 

was performed using the R function varpart.MEM (Legendre et al. 2012) which ultimately 

indicates how much of the total variation in the response variable (richness or average 

dissimilarity) can be explained by each of the explanatory categories alone, as well as for each 

possible combination of categories. This analysis was also used to further separate the variation 

explained by more specific soil variables or groups of variables.   

Conditional inference trees were used to determine the relationship between 

environmental variables (‘climate’, ‘soil’ and ‘site’; see Table 4B.1) and bacterial community 
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richness (number of OTUs present at a site) or dissimilarity (the average Bray-Curtis 

dissimilarity of each site to all the other sites). The abundance of OTUs was averaged for each 

sites’ five replicates. This analysis was performed using the ‘ctree’ function in the package 

‘party’ and is a recursive regression tree method which determines how the explanatory data 

can be used to best split the variation in the response variable (Hothorn et al. 2006). A split was 

only implemented if it would result in a statistically significant difference (P <0.05) as 

determined by Monte Carlo simulation. 

Non-metric multidimensional scaling (nMDS) was performed on an OTU table 

containing averaged abundance data for each site using the ‘metaMDS’ function in the ‘vegan’ 

package. Differences in bacterial community composition between land uses were tested using 

PERMANOVA with 999 permutations. Additionally, soil variables or phyla abundances were 

fitted to the ordination using the ‘envfit’ function with 999 permutations. Lastly, Pearson’s 

correlations between each OTU and each soil variable were calculated; the total number of 

positive and negative correlations >.4 or <-0.4, respectively, were plotted to describe how the 

abundance of OTUs changed with changing soil variables.  

4B.3 Results 

A total of 3,145 samples passed QC and rarefaction, resulting in 586 sites with both 

bacterial community data available for all five replicates, and associated soil metadata. Of these 

sites, 54 were indigenous, 70 were exotic forests, 138 were horticulture and 324 were pasture. 

This final dataset contained 43,501 OTUs, which were classified into 59 different phyla.  

4B.3.1 Soil bacterial communities over space and time 
When assessing the dissimilarity in bacterial communities over geographic space for all 

samples, there was no obvious decay in similarity; sites located within several kilometres of 

each other contained equally dissimilar bacterial communities than sites located over 1,300 km 

apart (Figure 4B.2a). However, when analysing the sites within each land use separately, there 

was a weak distance decay observed in horticulture, indigenous and exotic sites (Figure 4B.2b). 

Pasture sites show no decreased similarity with increasing spatial distance (Figure 4B.2b). 

Mapping richness or community dissimilarity also revealed no spatial trends with samples at 
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the top of the North Island containing similar richness, or averaged bacterial community 

dissimilarity, to samples located in the very southern parts of New Zealand (Figure D1, 

Appendix D). This is confirmed by lack of a significant correlation between latitude and 

richness (Pearson’s correlation P > 0.05) and only a very weak correlation between latitude and 

community dissimilarity (correlation 0.11, Pearson’s correlation P <0.01). 

 

Figure 4B.2. Density plots showing the distributions of pairwise comparisons between 
the bacterial community dissimilarity of two samples (Bray-Curtis, BC), and the 
geographic distance between them for (a) all possible comparisons (n = ~4.6 million) 
or (b) only the pairwise comparisons between samples from the same land use (n = 
~1.7 million). Lighter areas on the plot indicate that a greater number of pairwise 
comparisons are located there. Linear trend lines are shown on each plot and associated 
adjusted R2 and slope values are indicated on the right of each graph.  
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The most abundant phyla across all the samples were Proteobacteria and 

Actinobacteria, which on average had a combined relative abundance over 50%. The top 11 

most abundant phyla were present in all samples, and even around half of the rarer phyla were 

still present in at least half of the samples across the land uses (Figure 4B.3). Some phyla such 

as WPS-2 were more likely to be found in the forest land sites (Figure 4B.3). At the OTU level, 

the more sites that were sampled, the more OTUs that were detected (Figure D2, Appendix D). 

This exponential trend did not plateau when considering the maximum number of samples 

included in the study, indicating the full diversity of the bacteria in the communities has not 

been sampled. The rates at which additional sites detected new taxa did not differ between the 

different land uses (Figure D2, Appendix D). 
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Figure 4B.3. The occupancy rate (left) of all the phyla detected in the samples and 
(right) their average relative abundance (± standard error across all sites and land uses). 
Colours represent the proportion of sites for each land use in which the phyla were 
present. 

For the small (n = 58) number of sites for which temporal data were available, there was 

some evidence of bacterial communities within a site being less similar to each other over 

increased time between sample collection (Figure 4B.4, Figure D3, Appendix D). For all sites, 
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the similarity in bacterial community composition was highest when comparing samples 

collected within the same site at the same time point. However, the extent to which bacterial 

communities differed over time was land use dependent. The indigenous sites, for which there 

was the most comprehensive temporal replication, showed no clear pattern with some samples 

collected < 1 year apart containing equally dissimilar communities as those collected >2 years 

apart (Figure 4B.4). However, the horticulture sites showed a decreased similarity between 

bacterial communities over time except for the samples collected 49 months apart (Figure 

4B.4).  

Overall, neither space nor time seem to be major drivers of changes in bacterial 

community composition as samples collected nearby at the same time can contain bacterial 

communities as dissimilar as samples collected far apart, or at different times. 
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Figure 4B.4. The similarity of bacterial communities within sites over time. A time difference of ‘0’ represents the similarity 
between samples from the same site collected at the same time point, all other comparisons are between samples from the same 
site separated over time; sites are grouped according their land use. Boxes represent the interquartile range (IQR, 25-75% of the 
data). Median values are indicated by the bar within each box and whiskers show the values within 1.5 times the IQR; all other 
values are outliers and are shown as points. Boxes within each land use without the same letter were significantly different from 
each other (Dunn’s P < 0.05 for multiple comparisons or Mann Whitney’s U P < 0.05 for pairwise). Numbers of sites indicated 
for each land use are the total number of sites for which there was temporal data, but not all sites were sampled at each time point. 
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4B.3.2 The relative importance of spatial, climatic and soil variables 
The relative importance of space, climate, soil or site variables (Table 4B.1) in 

explaining the variance in bacterial community richness and dissimilarity were assessed using 

variance partitioning. In total, more variation in community dissimilarity could be explained 

using these variables than for community richness (61% and 49% respectively). The largest 

portion of variance explained by a single category was 13% and 43% explained by ‘soil’ for 

richness and dissimilarity respectively (Figure 4B.5). ‘Soil’ was able to explain a further 13% 

of the variance in bacterial richness and 12% for dissimilarity when assessed in combination 

with one or more of the other variables.  

 
Figure 4B.5. The amount of variance in (a) bacterial richness or (b) bacterial community 
dissimilarity that can be explained by space, climate, soil or site variables. The bacterial 
communities in each of the five replicates per site were averaged to obtain a representative 
community for that site. The dissimilarity score for each site was calculated based on its 
average dissimilarity (Bray-Curtis) to all other sites in the dataset. For more details on the 
variables included in each explanatory category, see Table 4B.1. 

4B.3.3 The relationship between soil bacteria and soil variables  
Since soil variables were able to explain over half of the variation in bacterial 

community dissimilarity, the soil physicochemical environment was further investigated for its 

relationship with bacterial communities.  

Soil pH showed strong patterns with both bacterial community richness and 

composition. There was a strong correlation between soil pH and Shannon’s diversity index 

(Pearson’s correlation = 0.58, P > 0.001). Sites with a more neutral pH contained bacterial 
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communities with greater richness than acidic soils (Figure 4B.6a). These “neutral” soils tended 

to originate from horticultural sites (Figure D4, Appendix D), and this land use had the greatest 

alpha diversity on average, followed by pasture sites (Figure D5, Appendix D). Sites with 

similar soil pH had similar bacterial community composition (Figure 4B.6b) and the greater the 

difference in soil pH between two sites, the more dissimilar their bacterial communities were 

(Figure 4B.6c). Differences in composition at the OTU level represented in figure 4B.6 was 

also observed at the phyla level, with more acidic soils containing on average a lower abundance 

of phyla such as Actinobacteria, Planctomycetes and Bacteroidetes, while more neutral soils 

contained less Acidobacteria and Verrucomicrobia (Figure D6, Appendix D).  
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Figure 4B.6. The relationship between soil pH and the alpha and beta diversity of 
bacterial communities. (a) The correlation between soil pH and Shannon diversity 
index values used to represent the alpha diversity of bacterial communities within 
each soil sample. Points are coloured according to the sample’s land use and a 
LOESS smoothing line has been added. (b) The beta diversity of the bacterial 
communities represented as the underlying distances (Bray-Curtis) between the 
bacterial community data in each soil sample; colour of the points indicates the pH 
of the soil. Results from a PERMANOVA are indicated in the top right corner. (c) 
The relationship between the pairwise dissimilarity of bacterial communities (Bray-
Curtis, BC) and the difference in pH of those two samples. Lighter areas on the plot 
indicate a greater number of points were located there.  
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Even when there was little, or no difference in pH, some bacterial communities still had 

a Bray-Curtis dissimilarity score of as high as 0.8 (where 1 represents a completely distinct 

bacterial community). This indicates that there are other factors contributing to the differences 

among bacterial communities. Bacterial communities in soils from different land uses were 

significantly different to each other (PERMANOVA pairwise P < 0.05). All measured soil 

variables included in the analyses (Table 4B.1) correlated significantly with compositional 

differences amongst the sites (Figure 4B.7a). In general, horticulture sites were characterised 

by a higher concentration of Olsen P, while indigenous and exotic sites had greater C:N ratios 

(Figure 4B.7a). The increased Olsen P correlated with an increased abundance of 

Actinobacteria and Gemmatimonadetes in horticulture sites while Acidobacteria was correlated 

with the increased C:N in forest sites (Figure 4B.7b).  

The relationship between bacterial community richness or dissimilarity and 

environmental variables was assessed using conditional inference trees (Figure D7, Appendix 

D). For bacterial richness, pH, C:N, annual average global solar radiation, average minimum 

air temperature over winter and the average annual rain days of a site were important (Figure 

D7a, Appendix D). For bacterial community dissimilarity, C:N, pH, elevation, TN, average 

annual rain days and Olsen P were important (Figure D7b, Appendix D). 

When considered together, soil nutrients (Olsen P, C:N, NO3-N and NH4-N) explained 

a larger portion of the variance in community dissimilarity (12%) than pH (7%). The physical 

structure of the soil, as indicated by macroporosity, was only able to explain 1% of the variation 

on its own, with a further 15% explained in combination with one or more other category 

(Figure 4B.7c). The concentration of heavy metals explained 2% of the variation on its own, 

with a further 22% explained in combination with the other categories (Figure 4B.7.c).  

In total, there were 967 correlations between individual OTUs and specific soil variables 

that were greater than 0.4 or smaller than -0.4 (Pearson’s correlation value, where 1 or -1 

indicates a perfect correlation). Of these, almost half were between OTUs and pH, with a near 

equal proportion of positive and negative correlations (Figure 4B.7d). In contrast, most of the 

correlations between OTUs and C:N ratio were positive, indicating that these OTUs were more 

abundant in soils with more carbon to nitrogen. Cadmium was the only heavy metal with 

multiple correlations, the majority of which were negative, which was also true for the 

correlations between OTUs and Olsen P (Figure 4B.7d).   
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Figure 4B.7. The relationships between soil bacterial communities and soil environmental 
variables. The bacterial communities in each of the five replicates per site were averaged to 
obtain a representative community for that site.  (a-b) the relative compositional differences 
(Bray-Curtis dissimilarity) between bacterial community composition at sites with different 
land uses. Vectors representing (a) soil environmental variables which significantly 
correlated with the ordination or (b) the most abundant phyla which significantly correlated 
with the ordination. The ordinations have a stress value of 0.14. (c) The amount of variance 
in community dissimilarity explained by soil nutrients (total nitrogen, Olsen P, carbon to 
nitrogen ratio, NO3-N and NH4-N), soil pH, macroporosity and heavy metal concentrations 
(Arsenic, Cadmium, Chromium, Copper and Zinc) either individually or in combination with 
each other. The dissimilarity score for each site was calculated based on its average 
dissimilarity (Bray-Curtis) to all other sites in the dataset. (d) The number of OTUs that 
correlated either positively (Pearson’s correlation ≥ 0.4) or negatively (Pearson’s correlation 
≤ -0.4) with each of the soil variables. Asterisks indicate soil variables that were log 
transformed prior to analyses.  

4B.4 Discussion  

As was highlighted in Chapter 4A there is a need for large scale bacterial biogeography 

studies so global patterns in bacterial communities can be better understood. In this chapter, we 

therefore set out to comprehensively sample the bacterial communities present in soils 
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throughout New Zealand. We were able to show that there are weak spatial trends in the 

bacterial community composition and changes in the soil environment correlated more strongly 

with differences in the bacterial communities. Soil pH, and the concentration of nutrients were 

particularly important. This work presents important insights into the significance of spatial, 

climatic and soil variables for shaping bacterial communities at large spatial scales.  

4B.4.1 Spatial and temporal patterns in bacterial communities  
Large scale studies provide information on the spatial turnover of bacterial communities 

over geographic distances, which is a fundamental biogeography question. The absence of 

spatial patterns in bacterial community composition can signal a cosmopolitan distribution due 

to high dispersal, while spatial patterns indicate dispersal limitations (Green and Bohannan 

2006). There is evidence for significant distance decay in bacterial community composition at 

large scales (>1,000 km), where bacterial communities located further apart are less similar to 

each other than those close together (Ranjard et al. 2013). This has also been observed at smaller 

scales, and for bacterial communities in different environments such as lake sediments (Barreto 

et al. 2014) and salt marches (Horner-Devine et al. 2004). However, while significant, the trend 

is often weak, much like what we found in our dataset. Often spatial patterns that are observed, 

such as a heterogenous distribution of bacterial communities into patches, can be explained by 

underlying spatial patterns in environmental variable such as soil physicochemical properties 

(Terrat et al. 2017). Overall, across large geographic distances, changes in bacterial 

communities due to purely spatial variation are minimal. 

Our pasture sites showed the weakest turnover in bacterial communities over distance, 

while horticulture and indigenous bacterial communities had the strongest. This could be 

explained, in part, by the above ground plant species in these different land uses. Indigenous 

forests in New Zealand contain a different assortment of plant species, depending on where 

they are located, and what the dominant plant canopy species are (Ohlemüller and Wilson 

2000). Likewise, horticultural sites in different regions were dominated by different crops. 

Pasture sites on the other hand, by default, contain only pasture. Given the relationships 

between above ground plant cover, and below ground bacterial communities (Schlatter et al. 

2015; Prober et al. 2015), it is possible that some of the spatial patterns observed in the 

horticultural and indigenous sites were related to compositional differences in plant 

communities. 
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Most microbial biogeography studies, and particularly those studying soil bacteria, 

ignore temporal patterns. Understanding the amount of temporal variation that occurs in 

bacterial communities over time is particularly relevant for large scale studies as these often 

consist of samples collected over a period of months to years (Griffiths et al. 2011; Terrat et al. 

2017). Despite this, temporal changes are often unaccounted for. Temporal patterns are usually 

found to be smaller and less important than spatial or environmental patterns (Uksa et al. 2014; 

Docherty et al. 2015). However, there is also evidence that sampling time can have important 

implications for the biological conclusions drawn; the temporal variation in alpha diversity of 

soil bacteria can be larger than the variation between different land use types (Lauber et al. 

2013). This difference was large enough that, depending on which time point was being 

compared, different land uses would be concluded to have the largest alpha diversity (Lauber 

et al. 2013). Our dataset seems to agree with the studies that found local environmental variables 

to be more important than temporal variation, as there were no strong temporal patterns. We 

can therefore be relatively confident that differences observed between sites collected at 

different time points are due to differences in the current environmental conditions of those 

sites, and not due to the different years in which the samples were collected.  

It is crucial to note that our temporal analysis was not designed to detect seasonal 

variation, only broad variation over time. There is strong evidence of seasonal, and annual, 

variation in aquatic communities (Yannarell et al. 2003; Eiler et al. 2012). Seasonal variation 

can be so strong that the sampling period can be correctly determine based on the composition 

of sea water bacterial communities (Fuhrman et al. 2006) and the seasonal patterns in aquatic 

bacterial communities appear consistent over the years (Gilbert et al. 2012). These patterns are 

likely to be driven the climatic and hydrographic changes that occur in these environments over 

the seasons (Fuhrman et al. 2006). Since our bacterial communities did show some changes 

related to different climatic variables, it is possible that there are seasonal patterns in soil 

bacterial communities too. However, while these should be further explored, they are almost 

certainly going to be much smaller than the relationships between bacterial communities and 

the soil environment that we observed.   

4B.4.2 The importance of soil pH at large spatial scales 
As noted in Chapter 1, the relationship between bacterial communities and soil pH has 

been well described in previous studies, including at national scales (Griffiths et al. 2011; Terrat 
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et al. 2017; Karimi et al. 2018). These patterns were confirmed here. Bacterial community 

assembly in acidic or alkaline soils is more strongly driven by deterministic processes, while 

communities in neutral soils are dominated by stochastic assembly (Tripathi et al. 2018). This 

could partially explain why soils with more dissimilar pH contained more dissimilar 

communities as these comparisons would have been between acidic and neutral soils. Similar 

to what we found, acidic soils around the globe contain bacterial communities with lower 

richness (Fierer and Jackson 2006; Lauber et al. 2009; Griffiths et al. 2011). However, we did 

not observe the unimodal relationship that is found across North American soils where richness 

decreases again in alkaline soils (Fierer and Jackson 2006; Lauber et al. 2009). While this could 

be due to the lower maximum pH of soils in our dataset, linear relationships where alkaline 

soils have higher richness than neutral soils have also been observed elsewhere (Chu et al. 2010; 

Griffiths et al. 2011). This indicates that there are likely additional variables contributing to 

these patterns and stresses the importance of conducting research in a variety of different 

locations, and soil environments.  

The relative abundance of Acidobacteria tend to decrease with increasing pH, while 

Actinobacteria increase, consistent with our results (Lauber et al. 2009; Griffiths et al. 2011; 

Ma et al. 2019). However, our results disagreed with some previous research; for example, 

while Proteobacteria in British soils increase in abundance with increasing pH (Griffiths et al. 

2011), we did not observe this. Generally, however, soil pH is crucial in shaping soil bacterial 

communities across New Zealand. Given the interactions between pH and other soil variables, 

including the effects it has on the bioavailability of nutrients and heavy metals (Brady and Weil 

2008; Zhalnina et al. 2015), it is hard to determine how much of the relationship between soil 

pH and bacterial communities is direct, and how much is indirect. While changes in pH did not 

correlate with any of our other measured variables, it is still likely having effects on the soil 

environment. Therefore, the patterns observed may be a combination of direct and indirect 

relationships between bacterial communities and soil pH. Additionally, it is important to 

highlight that even when soils had the same, or very similar pH, there were still large differences 

in the composition of bacterial communities.  

4B.4.3 Other soil physicochemical variables   
 The high amount of variability in bacterial community richness and composition that 

was explained by the general soil environment in our study is consistent with what has been 
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observed in previous studies. For example, small-scale investigations of bacterial communities 

in rhizosphere soil revealed that 27% of the variability in these communities was explained by 

the soil chemistry alone; the C:N ratio of the soils was particularly important (Ma et al. 2019). 

The response of bacterial communities to increased nutrient concentrations is consistent across 

global grassland sites; the addition of nitrogen and phosphorus fertilisers results in a consistent 

shift of bacterial community composition and functional potential (Leff et al. 2015). Our results 

showed that all measured nutrient variables combined were able to explain more of the variation 

in community composition than pH. This is also true for bacterial communities across Scotland 

where both diversity and composition were more strongly driven by the ratio of carbon, nitrogen 

and phosphorus in the soil (Delgado‐Baquerizo et al. 2017). Overall, there is strong evidence 

for the relationship between soil nutrients and bacterial community composition, and at times 

the nutrient content may be more important than soil pH.  

Not only do soil bacterial communities respond strongly to changes in the soil 

environment, there is also evidence that they themselves contribute to the nutrient content of 

the soil and especially their bioavailability (Rashid et al. 2016). Therefore, the relationship 

between bacterial community composition and soil nutrient content observed here, and in 

previous studies, may also be due the different bacterial community compositions impacting 

the soil chemistry. The functional roles of bacterial communities in the soil ecosystem, and 

therefore their impacts on the nutrients can be studied using metagenomic approaches (Wooley 

et al. 2010). For example, the abundance of nitrogen cycling genes can indicate rates of nitrogen 

fixation (Delmont et al. 2018). Studies employing such methods would help increase our 

understanding on the two-way relationship between soil bacteria and soil nutrients.  

4B.4.4 Soil bacteria and human land use 
Land use and management practices change the soil environment; the pH, nutrient 

content, soil physical structure and presence of contaminants or heavy metals are all variables 

that can be directly and indirectly altered by anthropogenic activity (During 1984; Drewry et 

al. 2004, 2015; Constancias et al. 2013). Given that bacterial communities have been shown to 

respond to these variables, both here and previously, it is no surprise that bacterial communities 

are altered by land use; this can occur even at microscales (Constancias et al. 2013). 

Comparisons of bacterial communities in anthropogenic sites across California showed that 

land use type was the most important explanatory variable for bacterial composition and 
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biomass; water content and soil disturbance related to land use were the main drivers 

(Drenovsky et al. 2010). Land use can also explain some of the variability in bacterial 

communities at national scales (Terrat et al. 2017).  Indeed, the bacterial communities in our 

dataset differed significantly for the different land uses, indicating that current land uses are 

important for shaping soil bacterial communities, likely through indirect effects. However, 

there is conflicting evidence on the role of land use history and bacterial communities. While 

some studies report that land use history does not contribute to differences in bacterial 

community composition (Ma et al. 2019), others show that land use history better explains 

differences in bacterial community composition than current soil condition or vegetation 

(Jangid et al. 2011). The extent to which previous land uses impact current bacterial 

communities likely depends on a range of factors such as the lingering impacts of historic land 

use on the current soil environment (Poeplau et al. 2011). Further research into how historic 

and current land uses impact bacterial communities will increase our understanding of the long-

term consequences of anthropogenic activity and could have important implications for how 

differences in soil bacterial communities are interpreted.  

4B.4.5 Concluding remarks 
The observed changes in bacterial community composition, and variables behind those 

changes, will depend on the spatial scale at which the patterns are being investigated. It is 

therefore crucial that research is conducted at both small and large spatial scales, with adequate 

sample sizes to truly capture the variation at each scale. The research presented in this chapter 

provides an insight into the environmental variables that correlate with bacterial community 

composition at large (>1,300 km) spatial scales. We confirmed the importance of soil variables 

over spatial or climatic variables, with pH showing particularly strong trends, but also 

highlighted additional important variables such as soil nutrients, which may not be identified 

in smaller sample sets. Finally, this chapter has increased our understanding of the soil bacterial 

communities across New Zealand, which have not been well investigated. While this work has 

helped close the global gaps in soil biodiversity data, further studies at similar scales are 

required in regions across the globe.  
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Chapter 5  

 

From pine to pasture: Land use history has long-term 

impacts on soil bacterial community composition and 

functional potential 
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5.1 Introduction  

Land use conversions, which are predicted to be the largest driver of biodiversity changes 

this century (Sala et al. 2000), have been extensively studied for their impacts on the abiotic 

environment (Murty et al. 2002) and the biodiversity of macroorganisms (Reidsma et al. 2006; 

Martínez et al. 2009; Polasky et al. 2011). Less well studied are the impacts on soil microbial 

communities, which contribute essential ecosystem services to ensure the productivity and 

fertility of soils, making them crucial participants in agricultural and pastoral settings. As 

touched on in Chapters 1 and 4B, we understand somewhat how different land uses impact 

bacterial communities as the composition of microbial communities. There is strong evidence 

that different land uses harbour different microbial communities (Yao et al. 2000; Steenwerth 

et al. 2002; Jesus et al. 2009; Drenovsky et al. 2010; Mendes et al. 2015a; Wood et al. 2017; 

Hermans et al. 2017), and even within the same land use type, differences in land management 

lead to different microbial communities (Bossio et al. 2005). However, there are clear 

knowledge gaps when it comes to determining how altering land use impacts bacterial 

communities and how the functional contributions of soil bacteria change following land use 

change.  

The few studies that have investigated how soil bacterial communities change when land 

use is altered have primarily focused on microbial changes in spatial successional plots (time-

for-space comparisons), or along land use intensity gradients. Together this previous research 

has highlighted that after land use conversions microbial community structure is altered (Ranjan 

et al. 2015; Carvalho et al. 2016; Wood et al. 2017) and that bacterial communities are more 

impacted by land use history than current soil variables and vegetation (Jangid et al. 2011). 

Furthermore, there is evidence that community homogenization occurs after switching from 

forestry to grazed pasture, as indicated by an increased similarity in bacterial community 

composition among sites (Rodrigues et al. 2013; Navarrete et al. 2015). These changes in 

bacterial communities are proposed to occur rapidly under new land uses as young croplands 

have communities that are significantly different to those in nearby sites which retain previous 

land uses (Jesus et al. 2009). However, presently investigations into the changes in bacterial 

communities within a few years of conversion events are insufficient, or at multiple time points. 

Such research would reveal important insights into the rate of change occurring in bacterial 

communities. 
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While studies have focused on what happens to bacterial communities when primary forests 

are converted to agricultural lands, there is an absence of literature that assesses what happens 

when land is switched from one anthropogenic land use to another. There have been some 

studies on the changes in the soil chemical environment after such land use conversion (Liu, 

Li, et al., 2018), but the impact on bacterial communities has not been studied. Over a third of 

the global land surface is already used for agriculture (DeFries et al. 2004), and it has been 

estimated that over 80% of the land surface has been either directly or indirectly impacted by 

anthropogenic activity (Sanderson et al. 2002). Therefore, in the future, conversions within 

agricultural land uses are increasingly likely and it is crucial that we understand how this 

impacts microbial communities and their functioning.  

A change in composition does not necessarily translate into a change in functional 

capabilities (Liu et al. 2018b) due to the functional redundancy often exhibited by microbial 

communities (Moya and Ferrer 2016; Louca et al. 2018). At the opposite end of the spectrum, 

even microbial communities that do not show compositional differences can show functional 

variance (Castañeda and Barbosa 2017). Therefore, it is important to study both compositional 

and functional changes when assessing the impact of changing land uses on microbial 

communities. Studies of soil microbial communities under different land uses have shown both 

functional redundancy (e.g. Bissett et al., 2011), as well as different functional profiles 

(Lammel et al. 2015a; Mendes et al. 2015a; Pedrinho et al. 2019). However, comparisons of 

the functional profiles of converted sites to both their historic and current land uses are lacking, 

as are investigations at smaller time scales, or several time points. Such investigations would 

reveal important insights into the rate of change occurring in bacterial communities, and 

whether the conversion event leaves a ‘signature’ that distinguishes them from communities 

under the same land use without a recent conversion history.  

Exploring the impact that land use conversions have on bacterial communities will shed 

light on how historic and current environmental conditions shape bacterial communities, and 

the pace at which these communities adapt to new conditions. This will have important 

implications for our ability to predict how land use changes impact the ecosystem services 

provided by microbial communities. In this chapter, we compared soil bacterial communities 

in sites that had been converted from exotic pine forests (Pinus radiata) to dairy pasture, to 

those found at long-term pine and long-term dairy pasture reference sites. Specifically, we 

investigated the following: (1) whether bacterial community composition at the converted sites 
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was more similar to the historic or current land use five years post conversion, (2) if the patterns 

in composition are consistent with changes in functional potential, and (3) how these patterns 

change over the following years.  

5.2 Materials and methods 

5.2.1 Samples used 
A small subset of the samples from Chapter 4B were used here; these samples were 

from 20 sites in the North Island of New Zealand. Six of these sites were converted from pine 

tree plantation to dairy pasture in 2009; the sites were sampled in 2014 and 2017. The 

conversion event consisted of conventional logging of the large pine trees, bulldozing the terrain 

to remove smaller trees and flatting of the surface, and fertilizing the soil to aid pasture growth. 

Seven long-term pine tree plantations, and seven long-term dairy pasture sites were also used, 

and these were sampled in 2013-2015. The long-term pine reference sites were in their second 

or third pine rotation, making them at least 50 years old. Using the New Zealand Soil 

Classification (Hewitt 2010), sites were classified to soil order level. All converted sites, and 

several long-term reference sites (n = 4) consisted of Pumice soil, while the remainder consisted 

of Allophanic (n = 4;), Ultic (n = 2;), Brown (n = 2;), Gley (n = 1) or Podzol (n = 1).  

5.2.2 Shotgun library preparation and sequencing 
To compliment the bacterial community composition data that was available for these 

samples (see Chapter 4, section 4B.2.2 and 4B.2.3), the functional potential of the microbial 

communities at each site was determined. This was achieved through shotgun metagenomic 

sequencing on composite DNA samples for each site. Composite DNA samples contained equal 

volumes of the DNA individually extracted from the five soil cores from that site. Sequencing 

was conducted on an Illumina HiSeq 2500 Instrument. Sequence length obtained was 2 x 125 

bp for samples collected in 2013-2015, and 2 x 150 bp for those collected in 2017.  

All metagenomic and amplicon sequence data are available from the NCBI Sequence 

Read Archive under accession number PRJNA552615. 
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5.2.3 Bioinformatics and statistical analyses 
 The amplicon sequence data were processed as described in Chapter 4B section 4B.2.3. 

As for that chapter, the resulting OTU table was rarefied to 2,000 reads to ensure equal and 

comparable sequence depth across all samples. 

Whole genome shotgun sequence data for the samples collected in 2017, for which 

sequences were 150 bp in length, were pre-trimmed using Trimmomatic v0.38 (Bolger et al. 

2014) to be 125 bp long, and match the rest of the data. All raw metagenomic sequence data 

were then assessed for quality using FastQC v0.11.7 (Andrews, 2010) before trimming using 

‘sickles’ paired end function (Joshi and Fass, 2011); ends were removed if the average quality 

score fell below 30 and reads were discarded if they were shorter than 80 bp after trimming. 

Trimmed reads (forward and reverse) were combined into a single file before Prodigal v2.60 

(Hyatt et al. 2010) was used to predict open reading frames and DIAMOND v0.8.38 (Buchfink 

et al. 2015) was used to align these sequences against the translated protein reference database 

(NCBI-nr v4.5.15, Benson et al., 2005). MEGAN6 (Huson et al. 2016) was used to determine 

the functional content against the COG database (June 2016 version; Tatusov et al., 2000) for 

general patterns in microbial functional profiles. The KEGG database (February 2015 version; 

Kanehisa and Goto, 2000) was used to determine the relative abundance of nitrogen cycling 

genes.   

Taxonomic information was obtained from the metagenomic data using Metaxa2 v2.2 

(Bengtsson‐Palme et al. 2015) which extracted partial rRNA sequences from the sequencing 

data and assigned them to archaeal, bacterial or eukaryotic origins. This tool classifies reads 

based on the SILVA 111 database (Quast et al. 2013). Average genome size was estimated for 

each sample using MicrobeCensus (Nayfach and Pollard 2015) which aligns metagenomic 

reads to a database of universal single-copy gene families; the average predicted genome size 

of a microbial community in a sample is inversely related to the proportion of total 

metagenomic reads which align to this database.  

The ‘vegan’ package (Oksanen et al. 2017) in R v3.3.2 was used to compute a Bray-

Curtis dissimilarity matrix among all samples for both community composition and functional 

potential (based on Level 3 COG assignments which represent the most detailed functional 

classification). The ‘envfit’ function was used to fit soil environmental factors onto the 

ordination; only soil environmental factors which showed significant correlation (P < 0.05, 



103 
 

based on 999 permutations) with the ordination were fitted. Prior to this, and all analyses using 

the soil chemical data, we identified highly correlated explanatory variables (with a Pearson’s 

correlation value greater than 0.65; either negative or positive), and only included one of the 

representative variables in downstream analyses (see Table E1, Appendix E, for more details).  

To assess the similarity in bacterial community composition or functional potential 

between the converted sites at the two time points, and either the long-term pine or the long-

term pasture sites, all relevant pairwise Bray-Curtis similarity values were extracted from the 

matrix and Dunn’s test for multiple comparisons was used to assess significance of the 

differences in similarity. Dunn’s test was also used to determine if significant differences were 

present between the sites with different land use histories for the abundance of specific taxa, 

the abundance of functional gene categories, the abundance of nitrogen cycling genes, and the 

estimated average genome size. A Mann Whitney U test was used to compare the abundance 

of taxa in the amplicon data to the abundance of taxa in the metagenomic data. 

To explore the relationship between the soil environment and bacterial community 

composition, total community functional potential and the relative abundance of specific Level 

2 COG categories, we used distance-based multivariate multiple regression of the Bray-Curtis 

distance matrices using the ‘DistLM’ function in Primer v.7 (Clarke and Gorley 2015).  Models 

were built by applying a forward selection procedure for the soil variables using adjusted R2 

values as a selection criterion. Statistical significance was assessed by 999 permutations, and 

only significant variables (P < 0.05) were included in each model. Further, we determined the 

direction and strength of the univariate relationship between individual soil variables and L2 

COG category abundance using Pearson’s correlation coefficient. 

5.3 Results 

5.3.1 Bacterial communities at converted sites compared to historic and current 

land uses 
Bacterial communities differed significantly between the pine to pasture converted, 

long-term pine, and long-term dairy sites, both in composition and functional potential (Figure 

5.1). Community compositional changes correlated with differences in soil environmental 

variables associated with these different histories, including soil pH, the physical structure of 
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the soil (macroporosity), nutrients such as Olsen P and measures of nitrogen, and the 

concentrations of heavy metals (Figure 5.1a). Differences in community functional potential 

were not correlated with pH or the physical structure of the soil but did correlate with many of 

the same nutrient and heavy metal variables (Figure 5.1b). When comparing the pairwise 

similarities in community composition or functional potential between the converted sites and 

either long-term pine or pasture sites, we found a greater similarity between the communities 

in converted sites and long-term pasture after five years. This trend increased to show 

significantly greater similarity eight years post conversion (Figure 5.1c,d). Overall, the pairwise 

similarity among all sites was significantly higher for functional potential than community 

composition (Mann Whitney U, P < 0.001). 
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Figure 5.1. Relative compositional differences (Bray-Curtis similarity) between (a) 
bacterial community composition and (b) community functional potential at sites with 
different land use histories, with vectors representing soil environmental variables 
which significantly correlated with the ordination. Sites converted from pine to pasture 
were sampled five- and eight-years post conversion. Soil variables that were highly 
correlated with other soil variables were removed included total nitrogen, anaerobically 
mineralizable nitrogen and the concentrations of various heavy metals (see Table E1, 
Appendix E). Boxplots show pairwise Bray-Curtis similarity values between soil 
bacterial communities in the converted sites at both time points compared to either 
long-term pine or long-term pasture sites for (c) community composition and (d) 
community functional potential. Boxes represent the interquartile range (IQR, 25-75% 
of the data). Median values are indicated by the bar within each box and whiskers show 
the values within 1.5 times the IQR; all other values are outliers and are shown as 
points. Boxes within each panel without the same letter were significantly different 
from each other (Dunn’s P < 0.05).  
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The community composition changes resulting in increased similarity over time 

between the converted sites and long-term pasture sites can be observed as shifts in the relative 

abundances of phyla. Pine sites have a greater abundance of Proteobacteria and Acidobacteria 

compared to pasture sites (Dunn’s P = 0.04, <0.001, respectively), and over time the relative 

abundances of these taxa decreased in the converted sites, although Acidobacteria did not differ 

significantly in abundance between the two time points (Dunn’s P = 0.05 for Proteobacteria, > 

0.05 for Acidobacteria; Figure 5.2). The relative abundance of candidate phylum TM7 was 

higher in the converted sites at both time points than what is found in the pine (Dunn’s P = 

0.002, 0.006 for 5Y and 8Y samples respectively; Figure 5.2). While the abundances of 

dominant phyla were mostly consistent when comparing the amplicon data and taxonomic 

information extracted from the metagenomic data (Figure E1; Appendix E), there was a greater 

abundance of Actinobacteria and decreased abundance of Planctomycetes in the metagenomic 

data (Mann Whitney U P < 0.001). The metagenomic dataset also contained a greater number 

of unclassified bacteria (Mann Whitney U P < 0.001), likely at least in part due to the use of 

different taxonomic reference databases, and length of sequences being classified.  
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Figure 5.2. Relative abundances of the dominant phyla in the pine, 
pasture and pine to pasture converted sites, which were sampled five 
(5Y) and eight (8Y) years post conversion. Comparisons between the 
taxonomic information from the amplicon data to that extracted from 
the metagenomic data can be found in Figure E1 (Appendix E). 

5.3.2 Functional gene category abundance  
After conversion from pine to pasture, the bacterial communities at these conversion 

sites contained different relative abundances of functional categories when compared to the 

long-term pine or pasture sites. After five years, the relative abundance of genes within eight 

functional categories differed between the converted sites and long-term pasture (Figure E2; 

Appendix E). However, by eight years post conversion, only four categories remained different 

and these were related to energy metabolism, the transport and metabolism of coenzymes and 

cell structure/motility (Figure 5.3a). A greater number of categories differed between the 

converted sites and long-term pine, as was expected given the greater dissimilarity between 

these two land-use histories (Figure 5.1d). Most categories that differed were consistent over 

the two time points. However, the decreased abundance of genes related to DNA replication 

and repair and energy metabolism that was observed in converted sites five years post 
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conversion (Figure E2b; Appendix E) was no longer significantly different to the long-term 

pine after eight years (Dunn’s test P > 0.05). Instead there were other differences, including the 

increased abundance of coenzyme transport and metabolism genes at the converted sites 

compared to the pine sites (Figure 5.3b). 

 

Figure 5.3. Level two COG categories which differed significantly (Mann-Whitney U P < 0.05) 
in relative abundance between (a) the converted sites after eight years and the long-term pasture 
sites, or (b) the converted sites after eight years and the long-term pine sites. Negative values 
(red bars) indicate a lower abundance of that functional category in the converted sites, while 
positive values (blue bars) indicate a higher abundance of that functional category in the 
converted sites. Comparisons between the converted sites five years post conversion and the 
long-term pasture or pine sites can be found in Figure E2 (Appendix E). 
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5.3.3 Estimated genome sizes for the different land uses 
Bacterial taxa within long-term pine forest sites had a significantly larger estimated 

average genome size than those within long-term pasture sites (Figure 5.4a). Average genome 

size was related to a lower concentration of Olsen P, and a higher carbon to nitrogen ratio 

(Figure 5.4a-c). Functional categories which were more abundant in samples with a greater 

estimated average genome size included the categories related to the replication, recombination 

and repair of microbial DNA, and genes related to defence mechanisms (Figure 5.4b,e,f). 

Estimated genome size did not correlate with the richness of functional genes observed within 

a sample (Pearson’s correlation P > 0.05), indicating that more functionally diverse 

communities do not necessarily have a larger average genome size.  
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Figure 5.4. Trends in estimated genome size between the different land uses. 
Average genome size was estimated for each sample using MicrobeCensus 
(Nayfach and Pollard, 2015). (a) The estimated average genome size for the 
different land use histories. Median values are indicated by the bar within each box 
and whiskers show the values within 1.5 times the IQR; all other values are outliers 
and are shown as points. Boxes within each panel without the same letter were 
significantly different from each other (Dunn’s P < 0.05). (b) The linear correlation 
statistics for relationships between average genome size and the concentration of 
Olsen P (µg/cm3; visualized in (c)), the ratio of carbon to nitrogen in the soil 
(visualized in (d)), and the relative abundance of genes related to replication, 
recombination and repair, or defence mechanism (visualized in (e-f)). Carbon to 
nitrogen ratio was strongly correlated to the concentration of phosphorus and 
uranium, which were therefore removed before analyses (see Table E1, Appendix 
E). 
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5.3.4 Relationships between functional potential and soil environmental 

variables. 
The overall composition of microbial communities across all sites, was significantly 

related to 7 out of 13 non-correlating soil variables (Figure 5.5). Functional potential was related 

to only five, with iron and pH not explaining a significant proportion of the variability (Figure 

5.5). Olsen P and the ratio of carbon to nitrogen present in the soil explained the greatest overall 

proportion of variability in functional potential. Compared to the overall functional profile, the 

abundance of several specific gene categories displayed stronger correlations with soil 

parameters. Moreover, parameters such as iron, macroporosity, nickel, NO3-N and NH4-N 

explained the variability in abundance of some functional categories, despite not explaining any 

significant portion of the variability in overall functional potential (Figure 5.5).  
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Figure 5.5. Relationship between bacterial community composition, functional profile, 
or the abundances of specific functional categories (Level 2 COG) and each soil variable. 
The radius of each circle represents the amount of variation in community composition 
or taxon abundance that was accounted for by each soil variable, based on adjusted R-
squared values from distance-based multivariate multiple regression analyses; only 
statistically significant (P < 0.05) contributions are shown, based on 999 permutations of 
the data. The univariate relationship between the abundance of each taxon and soil 
variables, calculated using Pearson’s correlation coefficient, is represented by the colour 
of the circle (blue represents a negative correlation; green represents a positive 
correlation). Community composition and functional profile are multivariate variables, 
therefore no correlations with soil variables are shown. Soil variables that were highly 
correlated with other soil variables were removed included total nitrogen, anaerobically 
mineralizable nitrogen and the concentrations of various heavy metals (see Table E1, 
Appendix E). 

Except for the anammox gene hzo, all genes related to the cycling of nitrogen available 

in the 2015 KEGG database (Kanehisa and Goto 2000) were detected in the metagenomic data; 

most of these genes were present in all sites. nirS was not available in the database, therefore 

presence or otherwise could not be determined. Six genes, including key genes involved in each 

step of the denitrification pathway, had significantly higher relative abundance in the dairy 

pasture sites compared to the pine plantations (Figure 5.6a,b). The pasture sites also had higher 

relative abundances of total nitrogen and anaerobically mineralizable nitrogen than the pine 
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plantations or converted sites at both time points (Figure 5.6c,d). Converted sites had 

significantly higher relative abundances of the nirB gene for ammonification than both pine and 

pasture sites after five years, and pine sites after eight years (Figure 5.6a,b; Table E2, Appendix 

E). This gene is involved in the dissimilatory reduction of nitrite into ammonium. The same 

metabolic outcome can also be achieved using the nrfA gene, which was more abundant in the 

long-term pasture sites (Figure 5.6a,b; Table E3, Appendix E). 
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Figure 5.6. (a) The average relative abundance of nitrogen cycling genes (±SE) which 
differed significantly (Kruskal-Wallis P < 0.05) between the sites with different land 
use histories. (b) All nitrogen cycling genes (grey text) that were present in the 
metagenomic data (using KEGG database). Boxes around genes indicate that the 
relative abundance was significantly higher in pasture or converted sites compared to 
other samples as detailed in tables E2-8 (Appendix E). (c-f) The total nitrogen (TN; 
µg/cm3), anaerobically mineralizable nitrogen (AMN; µg/cm3), the ratio of carbon to 
nitrogen and nitrate nitrogen (NO3N; mg/kg) present in soils under the different land 
uses. These soil variables were strongly correlated with others in the dataset (see Table 
E1, Appendix E). Boxes represent the interquartile range (IQR, 25-75% of the data). 
Median values are indicated by the bar within each box and whiskers show the values 
within 1.5 times the IQR; all other values are outliers and are shown as points. Boxes 
within each panel without the same letter were significantly different from each other 
(Dunn’s P < 0.05). 
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5.4 Discussion  

Land use conversion is increasingly practiced, and while there is a wealth of knowledge 

on the impact these conversions have on flora and fauna (Zapfack et al. 2002; de Chazal and 

Rounsevell 2009; Collinge and Forman 2009; Newbold et al. 2015), and the abiotic 

environment (Foley et al. 2005; Martínez et al. 2009), the impact on below ground microbial 

communities remains understudied. This is especially true for changes from one anthropogenic 

land use to another. Through a combination of 16S rRNA gene amplicon and shotgun 

metagenomic sequencing, this chapter revealed the changes in microbial community 

composition and function that occur after land use conversion from pine plantation to dairy 

pasture. Communities within converted sites remained compositionally and functionally 

distinct from communities representing the sites’ historic and current land uses. Furthermore, 

we highlight the impacts that land use history can have on the current functioning of soil 

ecosystems, particularly the cycling of nitrogen. Understanding the lingering effects of land use 

histories on the cycling of nutrients has important implications for resource management and 

how the ecosystem copes with, and processes, current and future nutrient inputs.  

5.4.1 Functional redundancy after land use conversions 
Changes in microbial community composition can result in a concurrent change in 

functional potential, or communities can exhibit functional redundancy to the extent that the 

metabolic potential of the community remains largely unchanged (Louca et al. 2018). Prior 

studies have confirmed soil microbial communities differ both compositionally and 

functionally when comparing agricultural and pastoral sites to forest sites (e.g. (Mendes et al. 

2015a; Wood et al. 2017). Similarly, soils that have been converted from forest to pasture have 

distinct microbial functional profiles as compared to communities within both primary and 

secondary forests after several decades (Pedrinho et al. 2019). Our study shows that this change 

in community composition and functional potential after land use conversion occurs within a 

much shorter timeframe than previous studies have assessed (Mendes et al. 2015b; Pedrinho et 

al. 2019), and confirms the absence of functional redundancy. However, the functional profiles 

between different sites in our study were much more similar than community composition, 

consistent with the results of previous work (Souza et al. 2015). It is possible that the degree of 

functional redundancy depends on the magnitude of taxonomic differences between sites (Bell 
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et al. 2005), or that the magnitude of differences in soil chemistry determine the extent to which 

functional redundancy is observed (Louca et al. 2016). Nonetheless, our work and previous 

studies highlight that human land use, particularly land use conversions, will result in changes 

in the functional contributions of microbial communities to the overall ecosystem.  

5.4.2 Differences in genome sizes 
This chapter revealed varying estimates for average genome size in sites with different 

land use histories. Genome size can reflect the functional ecology of microorganisms; larger 

genomes are indicative of generalist bacteria, with many accessory genes, while those with 

smaller genomes tend to be specialists (Walter and Ley 2011; Sriswasdi et al. 2017). The larger 

estimated average genome sizes in pine forest sites could therefore represent a population 

dominated by generalist bacteria. More gene categories showed greater relative abundance in 

the pine forest sites, compared to the converted sites, which supports the possibility that there 

are more generalist bacteria, harboring a wider array of genes, in the pine sites. Particularly 

interesting is the increased abundance of genes related to defense mechanisms, which is 

consistent with previous comparisons of metagenomes in forest and pasture (Mendes et al. 

2015b; Pedrinho et al. 2019). Communities with more generalists tend to be more competitive; 

if organisms utilize a broad range of energy sources and deal with wider environmental 

variance, there is likely to be greater competition for resources than in specialist dominated 

communities where different organisms thrive in their respective niches (Hardin 1960; Székely 

et al. 2013; Pernthaler 2017). Therefore, the higher relative abundance of defense mechanism 

genes in pine plantations could be derived from a greater intensity of competition. 

5.4.3 Bacterial functional potential and soil chemistry 
The implications for land use conversion on soil physical and chemical properties have 

been extensively studied (Beets et al. 2002; McLauchlan et al. 2006; Geissen et al. 2009; Li and 

Pang 2010; Beheshti et al. 2012). The work presented here confirmed the relationships between 

bacterial communities and these soil variables that are related to land use, and land use change 

(Fierer et al. 2012a; Mendes et al. 2015b; Pedrinho et al. 2019). For example, nitrogen and 

nitrate concentrations in the soil have been linked to variability in community composition in 

forest and pasture soils (Faoro et al. 2010; Mendes et al. 2015a; Kaiser et al. 2016), as have 

elements such as aluminum (Pedrinho et al. 2019). Analyzing microbial functional profiles 
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under these land uses has revealed correlations with changes in carbon to nitrogen ratios and 

concentrations of nitrate, aluminum and potassium (Mendes et al. 2015b; Pedrinho et al. 2019), 

which we also observed. However, our study provides additional insights as we showed that 

the distinct microbial communities in converted and long-term pasture sites are at least in part 

due to the latency of changes in soil chemistry following conversion. The soil environment 

takes a long time to change after land use conversion; changes in soil organic carbon stocks 

after land use change occur over decades (Poeplau et al. 2011). This is reflected in our converted 

sites which have greater carbon to nitrogen ratios than the long-term dairy sites. Overall, our 

study, in conjunction with previous work, highlights how soil chemistry changes after land use 

conversions relate to changes in soil bacterial communities.  

5.4.4 The nitrogen cycle after land use conversion  
A very important ecosystem function contributed by microorganisms, in terms of both 

natural and agricultural systems, is the cycling of nitrogen (Canfield et al., 2010). Land use 

practices, and land use conversions, have been shown to result in different relative abundances 

of genes related to the nitrogen cycle. Evidence shows that increased fertilization with nitrogen 

results in communities that become less reliant on organic nitrogen, manifested in a reduction 

of genes associated with urea decomposition (Fierer et al. 2012a). However, we found no 

molecular evidence for differences in urea decomposition in our sites, which could be due to 

the low use of nitrogen fertilizers in New Zealand pasture soils. Similarly, the abundance of 

ammonia oxidizing bacteria and archaea have also been shown to vary between pine forest and 

pasture sites (Li et al. 2016), which was not observed in our dataset. In direct contradiction of 

our results, after conversion from native tropical forest to agriculture, soils used as grazed 

pasture, had a higher abundance of amoA genes, while native forest soils contained more nirK 

and nosZ genes (Lammel et al. 2015a). Given the differences in nitrogen cycling between 

temperate and tropical soils (Pajares and Bohannan 2016), and between indigenous and planted 

forests (Parfitt et al. 2003) it is important that we ensure that functional work is conducted 

across a greater range of soil and land use types to determine whether our observed trends are 

universal, or biome specific. 

Forested and pasture soils are known to vary in the release of the potent greenhouse gas 

nitrous oxide (N2O), with pasture soils emitting more (Kirschbaum et al. 2012). While a 

truncated denitrification pathway in terrestrial environments is often regarded as the primary 
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process responsible for emitting this gas into the atmosphere (Mania et al. 2016), our pasture 

sites contained an increased relative abundance of  nosZ, which is used to convert nitrous oxide 

to nitrogen gas (N2). While overall the gene abundances would suggest more nitrogen is being 

removed as N2 from the soil in pasture sites compared to our pine plantations or converted sites, 

the pasture sites still had higher levels of nitrogen and nitrate. Measuring the release of nitrous 

oxide from these soils would be the best way to confirm how the different gene abundances 

translate into the loss of nitrogen from the soil (Li et al. 2016). Ultimately, a true understanding 

of how the cycling of nitrogen is impacted by land use conversions, and the associated changes 

in bacterial communities, cannot be determined from these results alone. However, increased 

abundances of nirK and nosZ, as well as nirS, have previously been shown to translate into 

increased denitrifier enzyme activity (Jha et al. 2017). Overall, there remained difference in 

gene abundances between the pasture and converted sites, despite both having been used for 

the same land use for eight years, and this was likely due to the corresponding lag in the nitrogen 

buildup in the soils.  

5.4.5 Moving beyond functional potential 
It is important to reflect upon the distinction between functional potential, which we 

have measured, and metabolic activity. The increased relative abundance of denitrification 

genes in our pasture sites need not necessarily translate into increased activity. Transcriptomics, 

proteomics or metabolomics, which are RNA, protein and metabolite based approaches 

respectively, would be required to gain insights into the functions actively being carried out by 

the different communities (Biswas and Sarkar 2018). Additionally, employing geochemical 

methods to determine the fluxes of dissolved and particulate nitrogen or other nutrients  is 

essential in regard to placing all the molecular information into the context of the entire 

ecosystem (Schwendenmann and Michalzik 2019). Furthermore, fungi prevail in pasture soils 

(Rex et al. 2018). It is therefore also important to acknowledge that the lack of fungal sequences 

in our dataset, which is not uncommon in metagenomic analyses (Fierer et al. 2012a; Delmont 

et al. 2012; Mendes et al. 2015b), indicates that we are not getting a complete picture. Finally, 

although much shallower shotgun sequencing than conducted here has been shown to provide 

useful taxonomic and functional information (Hillmann et al. 2018), it is possible some of the 

observed differences in gene abundances, or absence of functional genes, are due to inadequate 

sequence depth. Supplementing relative abundance data obtained from metagenomic 
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sequencing with quantitative PCR data targeting nitrogen cycling genes would validate these 

results (Hallin et al. 2009; Trivedi et al. 2012). Employing additional methods in studies such 

as this one, or others comparing the impacts of land use on soil microbial communities, is 

crucial if we are to gain a detailed understanding on how human activity impacts the ecosystem 

services provided by microbial communities. 

5.4.6 Concluding remarks 
As the importance of biodiversity is increasingly appreciated, efforts are shifting to not 

only restore above ground diversity, but also to the understand and ecologically restore 

microbial communities (Docherty and Gutknecht 2019). The research presented here shows 

that land use conversions result in distinct bacterial community compositions and functional 

potential, highlighting the impact of anthropogenic actions on soil microbial communities, and 

the ecosystem services provided by them. These changes appear to be strongly linked to 

changes in soil environmental variables, and can be observed in specific microbial functional 

roles, such as the cycling of nitrogen within soil. Overall, this increases our understanding of 

how land use changes alter bacterial communities, the pace at which this happens, and the 

prolonged impacts of land use histories.  
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Chapter 6  

 

Soil bacterial communities can infer physicochemical 

variables and soil quality  
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6.1 Introduction  

Soil quality is underpinned by a complex suite of below-ground processes in both 

natural and agricultural ecosystems. Soil quality is defined as the ability of soil to function as 

an ecosystem component capable of maintaining the quality of surrounding air and water while 

supporting plant and animal productivity (Doran and Zeiss 2000). High quality soils are 

therefore crucial for sustaining agricultural and pastoral industries upon which both food 

security and financial stability depend (Oliver and Gregory 2015). Soils harbour a rich 

collection of microbial life (Wolters 2001), which contribute to the cycling of important 

nutrients (Ranjard et al. 2000), impact plant growth (Compant et al. 2005) and can act as, or 

protect other organisms from, pathogens (Mendes et al. 2011). Macroorganisms interact with 

microorganisms to facilitate this, and independently are important for processes such as 

decomposition (Cole and Bardgett 2002). Despite the importance of living organisms for 

maintaining healthy soil ecosystems, most initiatives that monitor soil quality focus on changes 

in abiotic variables such as soil nutrients, heavy metal pollutants and soil structure (Winder 

2003). Where biological measures are included in monitoring efforts, they are often crude and 

generalized, such as microbial biomass or soil respiration (Winder 2003), although some use 

more specific organisms, such as earthworms, as more sensitive indicators (Rutgers et al. 2009). 

As well as relaying important information about the biological functioning of the ecosystem, 

soil organisms only respond to bioavailable nutrients and contaminants, unlike chemical 

measures which reflect the total proportion present (Hodson et al. 2011). Better incorporation 

of biological indicators in soil monitoring will provide a more sensitive, relevant and holistic 

insight into how anthropogenic activity impacts the soil environment. 

As described in earlier chapters, soil bacterial communities are strongly impacted by 

changes in soil conditions. The diversity and composition of bacterial communities changes 

with changing soil acidity (Fierer and Jackson 2006; Rousk et al. 2010; Zhalnina et al. 2015). 

At national scales or larger, this is often observed to be the strongest explanatory variable for 

bacterial community richness (Griffiths et al. 2011; Terrat et al. 2017) to the extent where large 

scale predictions of bacterial diversity are possible based on pH data alone (Griffiths et al. 

2015). Additionally plant diversity, nutrient concentrations, soil moisture and soil type all 

correlate with changes in bacterial communities (Griffiths et al. 2011; Hermans et al. 2017; 

Kaminsky et al. 2017). As discussed in Chapter 5, there is ample evidence that bacterial 
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communities directly, or indirectly, respond to changes in the soil environment brought on by 

anthropogenic activity. Land use correlates with changes in bacterial community composition 

(Plassart et al. 2019) and heavily managed soils contain distinct bacterial communities 

compared to unmanaged soils (Drenovsky et al. 2010). More specifically, management 

practices such as fertilising, altering soil pH, and creating monocultures of plants or animals 

influence soil microbial communities (Fierer et al. 2012a; Figuerola et al. 2015; Cassman et al. 

2016). Overall, the composition of bacterial communities appears to be heavily influenced by 

changes in the soil environment, many of which are the direct result of land use activities.  

Given their ubiquitous nature, and sensitivity to environmental changes, bacterial 

communities are gaining recognition as promising indicators of environmental health 

(Astudillo-García et al. 2019). In stream ecosystems, bacterial communities are capable of 

indicating the level of catchment disturbance, with results correlating to both abiotic water 

quality data and traditional macroinvertebrate community indicator data (Lau et al. 2015). In 

soil ecosystems, similarly strong correlations between specific microbial taxa and soil variables 

have been reported, suggesting microbial community data can be used to indicate changes in 

physicochemical conditions (Hermans et al. 2017), serve as indicators of ecological restoration 

(Liddicoat et al. 2019) and even predict crop yields (Jeanne et al. 2019). While progress has 

been made towards better understanding how bacterial communities can be indicative of 

environmental health, more effort is required, and soil bacteria remain largely understudied in 

this regard. Investigating if soil bacterial communities respond in a predictable manner to 

human land use and soil physicochemical changes across a wide variety of different soils, 

spatial gradients and climatic conditions will reveal their potential to serve widely as indicators 

of soil quality.  

There are many statistical methods available for indicator development based on 

bacterial community data; particularly promising are machine learning approaches (Astudillo-

García et al. 2019). Broadly speaking, these involve creating a predictive model through 

identifying discriminating independent variables; if successful, the model can then be used to 

classify new samples from assessment of the biological data. Random forest analysis is an 

example of machine learning where an ensemble of decision trees are generated to iteratively 

identify the optimal set of explanatory variables to predict variation in a response variable 

(Breiman 2001). Random forest models based on bacterial community composition have been 

successfully used to determine whether groundwater samples are contaminated with uranium 
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or nitrate and to quantitatively predict a wide range of geochemical variables such as pH and 

heavy metal concentrations (Smith et al. 2015b); similar outcomes have also been reported from 

the assessment of aquatic communities (Good et al. 2018; Glasl et al. 2019). Random forest 

models may outperform other modelling methods when using microbial data to predict 

environmental changes (Smith et al. 2015b) and offer a straightforward and well documented 

approach for creating predictive tools. 

While there is ample evidence that soil bacterial communities act as useful indicators of 

soil quality, there is a lack of research directly exploring this. Incorporating biologically 

relevant measures of soil quality is essential for efficiently monitoring whether agricultural and 

pastoral practices are conducted in a sustainable manner. Therefore, using an extensive dataset 

of soil samples collected from a variety of different natural and managed land uses across New 

Zealand, we aimed to (1) determine how bacterial communities in managed soils differ to those 

in natural, undisturbed environments, (2) determine the extent to which bacterial communities 

in managed soils can predict soil physicochemical characteristics and (3) explore if these 

predictions are accurate and reliable enough to be applied for soil quality monitoring.  

6.2 Materials and methods 

6.2.1 Samples used in this chapter  
A subset of the samples described in Chapter 4B were used here. From the total dataset, 

as described in section 4B.2.1, 606 sites were used. This included all the sites for which land 

use assignments and a complete set of soil metadata was available. The subset consisted of 61 

indigenous forest sites, 72 exotic forest sites, 139 horticulture sites and 334 pasture sites 

(predominantly dairy, sheep or beef farms). The molecular and bioinformatic processing of 

these samples is described in Chapter 4B (sections 4B.2.2-4B.2.3). 

6.2.2 Statistical analyses  
All statistical analyses, and data visualisations were performed in R v3.6.1 (R Core 

Team 2016). Prior to all analyses, the OTU table was rarefied to 2,000 reads per sample using 

the ‘rarefy’ function in the ‘vegan’ package (Oksanen et al. 2017). Furthermore, the replicate 
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data for each site (n = 5) were averaged to obtain one representative bacterial community per 

site.  

After rarefying, there were 42,812 OTUs across all the samples. To reduce the number 

of explanatory variables entering each random forest model, the OTU table was filtered to select 

OTUs which best represented differences amongst the samples. For this, samples were clustered 

according to the composition of their bacterial communities using Ward’s minimum variance 

clustering; this step was performed on three variants of the OTU table, corresponding to the 

three different datasets that were modelled (Figure 6.1). The first OTU table contained sample 

data from all sites (indigenous, exotic, horticulture and pasture), the second all managed (AM) 

sites (exotic, horticulture and pasture), and the third only from non-pasture managed (NP) sites 

(exotic and horticulture). The appropriate number of sample clusters was determined based on 

a trade-off between the best criteria for several parameters (silhouette width, dissimilarity and 

binary matrix correlation and species fidelity analyses; see Borcard et al. 2011), while 

maintaining an adequate number of samples per group. For the OTU table with all sites, five 

clusters were created, while for the AM and NP OTU tables, seven clusters were used. To select 

representative OTUs for each cluster, the ‘indicspecies’ package was used (Cáceres and 

Legendre 2009). Using the ‘indicators’ command, we selected OTUs which were indicators of 

each data cluster with At (specificity) and Bt (fidelity) scores of >0.4 for the five ‘all samples’ 

clusters, and >0.5 for the seven AM and NP clusters. This left 648 OTUs for all the sites, 688 

for the AM sites, and 830 for the NP sites. These OTUs were then used as explanatory variables 

for the random forest analyses. 
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Figure 6.1. Summary of the steps taken to produce the random forest models. A range of models were created, based on three different 
subsets of the data: all native and managed sites, all managed (AM) sites only, or non-pasture (NP) managed sites only. 
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Ward’s minimum variance clustering was also used to cluster the managed sites based 

on the soil conditions at each site (Figure 6.1). This was performed as per the OTU based 

clustering, except with the soil variables in Table 6.1. For the AM subset, this resulted in five 

clusters, while for the NP subset there were four clusters (Figure F1, Appendix F). Dunn’s test 

for multiple comparisons with Bonferroni corrections were used to determine how soil variables 

differed among the clusters and could therefore be used as descriptors for the sites in those 

clusters. Additionally, a Bayesian PCA was performed using the ‘pcaMethods’ package 

(Stacklies et al. 2007) to obtain PCA scores for each site based on the soil chemistry. 

Table 6.1. Metadata used in the random forest models. Data was collected as 
described in Chapter 4B, section 4B.2.1. 

Chemical Physical 

pH, carbon (%), total nitrogen (%), 
anaerobically mineralizable nitrogen 
(AMN, mg/kg), Olsen P (mg/kg). 

Macroporosity (MP, % v/v), bulk 
density (BD, t/m3). 

Random forest analyses were performed using the ‘randomForest’ package with default 

parameters (Liaw and Wiener 2002). Stratified random sampling was used to select 80% of 

sites from each land use to be used as the training dataset for the models. The random forest 

models were then validated on the remaining 20% of the sites. Details for the explanatory and 

response variables used in each model can be found in Figure 6.1 and were either qualitative, 

meaning the algorithm performed classifications, or quantitative meaning regressions were 

performed. The ‘varImpPlot’ command was used to obtain the top 15 most important OTUs for 

each model based on the decrease in mean squared error (% Inc. MSE) when those OTUs are 

included in the model.  

Linear regression models were used to assess the accuracy of the random forest 

predictions for quantitative response variables; R2 and slope values closer to 1 indicate better 

models. Additionally, predicted soil environmental variables were converted to soil quality 

scores. These scores were based on guidelines as detailed by Hill and Sparling (2009; see Tables 

F1-F7, Appendix F for more details). The predicted soil quality scores were compared to the 

true scores for each site, to determine the extent to which the random forest models can be used 

to indicate the quality of managed soils. 
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6.3 Results 

6.3.1 Using soil bacterial community composition to predict land use types 
The composition of bacterial communities at a site could be used to predict the land use 

with 85% accuracy (Figure 6.2b). Whether or not a site was impacted by anthropogenic activity 

(i.e. a managed site) was predictable from the bacterial communities present with 96% accuracy 

(Figure F2, Appendix F).  

 

Figure 6.2. The number of correct (n=103) and incorrect (n=18) predictions 
of land use type, based on a random forest classification of bacterial 
community data. Black borders indicate correct classifications.  

6.3.2 Using bacterial community composition to predict soil conditions 
For subsets of bacterial community data, including data from either all managed (AM), 

or all non-pasture managed (NP) sites, ‘soil clusters’ were assigned for which the soil 

physicochemical environment could be generally defined. For example, cluster A for the AM 

dataset contained sites which in general had the lowest carbon, low total nitrogen and anaerobic 

mineralizable nitrogen, high pH and Olsen P concentration and the highest bulk density when 

compared to all other sites in different clusters (Figure 6.3a). The cluster to which a site 

belonged could be correctly predicted 60% of the time for AM sites and 83% of the time for 

NP sites based only on assessment of the bacterial community data. For the incorrect 

assignments, those sites tended to be located on the border of the data cluster when plotted 
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based on PCA scores, whereas correct assignments were typically located closer to the centroid 

of their group (Figure F3, Appendix F).  

 
Figure 6.3. The number of correct and incorrect predictions of the chemistry cluster to which 
a site belongs, based on a random forest classification of bacterial community data. Models 
were based on either (a) all sites belonging to all managed (AM) land use type (horticulture, 
exotic or pasture) or (b) sites belonging to non-pasture (NP) managed land uses. Black 
borders indicate correct classifications ((a) n = 62 out of 104; (b) n = 33 out of 40). Each 
cluster can be defined by the soil characteristics of the sites within those clusters, as indicated 
to the right of each matrix.  

The bacterial communities at each site were also used to predict individual soil 

physicochemical variables, and soil PCA scores (Figure 6.4). When including all managed 

(AM) sites, regression models comparing the predicted to actual soil variables had an adjusted 

R2 of 0.35-0.73. Excluding the pasture sites (NP) improved the adjusted R2 values to 0.48-0.79 

(Figure 6.4); models containing only pasture sites performed poorly (Figures F4-F5, Appendix 

F). The pasture sites had a weaker relationship between bacterial community similarity and soil 
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environmental differences compared to other land uses (Figure F6, Appendix F), despite 

comparable variability in bacterial community composition and the soil environment (Figure 

F7, Appendix F). 

 

Figure 6.4. Predicted (a-g) soil variable values or (h-i) PCA axes scores based on random 
forest regression analyses versus actual values. Models were based on either (in grey) all sites 
belonging to a managed land use type (AM; horticulture, exotic or pasture) or (in green) sites 
belonging to non-pasture managed land uses (NP). Dashed black lines indicate where points 
should fall for a perfect prediction. Adjusted R2 and slope values for each linear regression 
are indicated on the plots. 
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Predicting pH was more accurate for AM sites (adjusted R2 = 0.73, slope = 0.96) than 

for NP sites (adjusted R2 = 0.68, slope = 0.93); all other NP models outperformed those for AM 

sites. NP models also had slopes closer to 1 (which represents a perfect prediction) when 

predicting all variables except macroporosity, bulk density and PCA axis 2 (Figure 6.4). To 

confirm that the success, or otherwise, of each model was not biased by the combination of 

selected ‘validation’ sites, 100 different randomly selected subsets were created and analysed. 

These results were consistent with what was found using a single subset (Figures F8, Appendix 

F). 

The top 15 most important OTUs for each model were taxonomically classified to 

phylum level (Figure 6.5). Proteobacteria, Acidobacteria and Actinobacteria accounted for half 

or more of the OTUs for each model. This is consistent with their dominance in the soil samples 

in general (Figure F9, Appendix F). Several of the important OTUs for the AM models were 

Verrucomicrobia, but these were less abundant amongst the important OTUs for the NP model 

(Figure 6.5a). For AM sites, the majority of the top 15 most important OTUs were unique for 

each model, while for NP sites, ~55% of OTUs were important in at least two models (Figure 

6.5b). 
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Figure 6.5. Phylum-level classification of the OTUs which comprised the top 15 
most important taxa for each random forest model. (a) The models for which each 
OTU was important. (b) The total number of models for which each OTU was 
important; while there were nine models, no single OTU was important in more 
than six models. 
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6.3.3 Determining soil quality from predicted physicochemical values 
Many current monitoring guidelines recommend ranges for specific soil variables that 

are considered acceptable (Hill and Sparling 2009; Stockdale 2019). According to these 

guidelines the predicted values from Figure 6.4 were converted to the following categories: 

very low, low, normal, high and very high (see Table F1-F7, Appendix F for more details). We 

then determined if the predicted variables resulted in the correct soil quality assignment (e.g. a 

site’s actual score was ‘low’ and the predicted score was also ‘low’), a better soil quality 

assignment (e.g. a site’s actual score was ‘low’ but the predicted score was ‘normal’) or a worse 

soil quality assignment (e.g. a site’s actual score was ‘low’ but the predicted score was ‘very 

low’). For both the models incorporating all managed (AM) sites, and models using only non-

pasture managed (NP) sites, the predicted variables were assigned to the correct categories at 

least 50% of the time (Figure 6.6). The pH categories were predicted correctly 87.5% and 95% 

of the time for AM and NP models respectively, while the TN categories were also predicted 

correctly 95% of the time for the NP model. Where the models were incorrect, they tended to 

result in better quality scoring categories than what was true. 
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Figure 6.6. The accuracy of the soil variable quality scores calculated from 
the models in Fig 4a-g. Soil quality categories for each variable were 
calculated while considering land use type and/or soil type. Predicted soil 
variables either resulted in the correct quality score (according to the quality 
score assigned to the actual value), a worse or better quality category, or a 
quality category of equal magnitude but the wrong direction (e.g. extremely 
high when the real score was extremely low). Detailed threshold for each 
variable can be found in Tables F1-7 (Appendix F).  

6.4 Discussion  

Given the importance of maintaining a healthy and productive soil environment for 

sustainable global crop production, food stability and economic growth (Oliver and Gregory 

2015), improving current soil monitoring programs is highly beneficial. Here, we explored the 

use of soil bacterial communities as indicators of human impact, and changes in specific soil 

variables directly related to soil quality. Our results indicate that bacterial communities are 

strongly manipulated by land management practices, bacterial community data formed groups 

based on similar soil conditions, and specific qualitative values of soil variables could be 
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successfully predicted. This work reveals the exciting potential of soil bacterial communities to 

be utilised as bioindicators of soil quality.  

6.4.1 Bacterial communities for land use predictions  
The presence of human activity in a site was predicted with near perfect accuracy from 

the composition of bacterial communities, despite the inherent variation introduced by sampling 

across a ~1,300 km distance gradient, with diverse soil types. This supports previous reports of 

the impacts human activity has on bacterial communities (Figuerola et al. 2015; Plassart et al. 

2019). However, there were a greater proportion of incorrect assignments of indigenous sites 

compared with other land uses. This misclassification suggests that in some cases, there are 

greater similarities in bacterial communities between indigenous and managed sites which has 

been previously reported (Jangid et al. 2011). Alternatively, it is possible that we had an 

inadequate sample size for indigenous forests. The above-ground plant species composition of 

native forests can vary depending on the dominant canopy species and latitudinal location of 

the forest (Ohlemüller and Wilson 2000). The relationships between above ground plant cover 

and soil bacterial communities are well documented (Schlatter et al. 2015; Prober et al. 2015), 

and since it is possible that not enough of the variation in forest types was captured by our 

sample size, this could explain the reduced accuracy of the model. Indeed, most of the 

incorrectly assigned indigenous forest sites were in southern New Zealand, while most samples 

taken in indigenous forest sites were from northern New Zealand. The inclusion of data from a 

wider range of native forests therefore could improve the predictive power of the models.  

6.4.2 The performance of pasture models  
While pasture sites were correctly classified to their land use type with the highest 

accuracy, the bacterial communities served as poor predictors of specific soil variables. The 

poor modelling results were not due to insufficient variability in bacterial communities, but 

rather likely reflects that the variability is related to other unmeasured variables. The differences 

in bacterial community composition at grazed pasture sites can be related to changes in soil 

variables such as pH, soil fertility and soil organic matter (Carvalho et al. 2016; Dignam et al. 

2018). However, there are additional factors that impact bacterial communities in pasture sites 

such as geographical distance, climate and the intensity of grazing (Hermans et al. 2017; Xu et 
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al. 2017). Measuring, and accounting for these additional sources of variation may improve the 

models based on pasture sites. 

6.4.3 Predicting individual soil variables using bacterial community composition 
Soil pH, which is arguably one of the best described and most strongly correlated variables 

when it comes to changes in soil microbial communities (Fierer and Jackson 2006; Rousk et al. 

2010; Griffiths et al. 2015), was the most accurately predicted variable. Bacterial community 

composition has previously been used to accurately predict the pH of contaminated 

groundwater (Smith et al. 2015b), and the results presented here confirm that soil microbial 

communities can be used in a similar manner. Olsen P, a measure of biologically available 

phosphorous, modelled well for the non-pasture managed sites. Increasing Olsen P through the 

use of fertilisers results in changes in the composition and diversity of microbial communities 

(Yuan et al. 2013). Significant relationships between the abundance of specific taxa, or groups 

of taxa, and Olsen P have been demonstrated (Mander et al. 2012; Hermans et al. 2017). The 

physical structure of the soil also proved to be predictable from the bacterial communities, with 

the macroporosity and particularly the bulk density random forest models performing well. Soil 

compaction, indicated by decreased macroporosity and increased bulk density, has previously 

been identified as having a significant effect on bacterial communities (Hartmann et al. 2012), 

and different groups of taxa are believed to prefer different sized soil aggregates (Constancias 

et al. 2013). PC2 scores were more accurately predicted than PC1 scores; this axis was 

correlated with variables such as pH, Olsen P and macroporosity (data not shown), all of which 

modelled well individually. This further confirms that these variables are more closely linked 

to changes in soil bacterial community composition.  

6.4.4 Using the predictions from bacterial community data for soil monitoring 
Despite a degree of error in the predicted soil variable values, the predictions translated 

to the correct ‘quality score’ much of the time, highlighting the potential of bacterial 

communities as indicators of soil quality. Where the quality score was incorrectly predicted, 

the models tended to result in better scores than what was true. Therefore, in its current state, 

samples classified as having soil variables outside of target ranges are likely to be reliable, 

while a portion of the samples considered within acceptable ranges through these models will 

be incorrect. This indicates the need for further refinements, which may be achieved through 
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the inclusion of more samples with a wider range of soil chemistries; the inclusion of a larger 

number of degraded sites would be especially useful as these were underrepresented in the 

current dataset. However, the inaccuracy of the models could also suggest that current 

thresholds for what is considered acceptable need revising. A major benefit of using soil 

bacterial communities as indicators is that they respond only to the bioavailable portions of the 

nutrients and contaminants in their environment, which can be greatly impacted by many soil 

characteristics (Hodson et al. 2011). The fact that the bacterial data did not always classify a 

site as outside of target ranges when the chemical data would, may therefore indicate that 

changes in the soil chemistry are not always affecting the biological communities in the same 

way. This is crucial information and highlights the advantages of assessing soil bacterial 

communities when monitoring soil quality. Indeed, the guidelines for measuring soil quality 

continue to be updated (Mackay et al. 2013), and the results presented here can both be used to 

help establish new guidelines, and are flexible enough to be adapted if new guidelines arise.  

Ultimately, we would like to use bacterial communities to add biologically relevant 

information, rather than as direct proxies for soil physicochemical variables. Our results show 

that bacterial communities respond in a predictable manner to changes directly related to land 

use activities; an important first step. 

6.4.5 Improving bacterial models of soil quality by using functional data 
Further to the results presented here, exploring the bacterial communities’ functional 

contributions to the soil may provide information on ecosystem processes occurring within the 

soil and how these are being influenced by land management. Microbial genes such as those 

involved in the nitrogen cycle have previously been targeted to offer insights into the ecosystem 

services provided by bacteria (Colloff et al. 2008). Metagenomic, transcriptomic and proteomic 

methods are all rapidly advancing, and becoming more accessible and affordable (Biswas and 

Sarkar 2018). Since they provide functional insights, these methods may even increase our 

understanding of what constitutes a ‘healthy’ soil if we can differentiate between beneficial or 

negative ecosystem processes. For example, the breakdown of soil organic matter to make 

nutrients accessible to plants (Mickan et al. 2019) could be considered indicative of an 

ecosystem that is functioning well, while the presence of genes involved in stress responses or 

the degradation of pollutants could indicate a damaged ecosystem (Feng et al. 2018). Overall, 

applying these methods to delineate the microbial communities in healthy and degraded soils 
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has the potential for increasing our understanding of how human activity impacts the ecosystem 

services being provided by soil microbes.  

6.4.6 Concluding remarks 
With global estimates that over a third of soil is in a state of degradation (Wall and Six 

2015), increased monitoring coupled with better land management is crucial to ensure the 

sustainability of agricultural and pastoral industries. Given the importance of biological 

communities to ensure the functioning of a healthy soil ecosystem, it is time that monitoring 

efforts better account for changes in biotic variables, instead of relying on abiotic changes to 

determine the quality of soils. The research presented here shows the great potential of bacterial 

communities to measure the impact of human land use, and the changes these impacts have on 

the soil environment both generally, and for specific soil variables. A greater use of the soil 

microbial communities as indicators in production landscapes will not only improve our ability 

to manage our soil resources but also contribute important insights to our understanding of what 

exactly constitutes “healthy” soil. 
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Chapter 7  
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Soil bacteria are immensely important for soil ecosystems through their contributions 

to the cycling of nutrients, their direct and indirect impacts on plants, and their interactions with 

the wider communities of other micro- and macro-organisms in soil (Ranjard et al. 2000; Cole 

and Bardgett 2002; Wu et al. 2008). Understanding the natural and human-driven variation in 

soil bacterial communities is crucial if we wish to understand the impact human land use has 

on these communities, and their ability to support healthy and productive ecosystems. In this 

thesis, I explored the patterns and drivers of spatial scaling in soil microbial communities at 

both small and large spatial scales and asked how this information can be applied to assess 

environmental health. Using the optimised DNA extraction methods identified at the start of 

my thesis, the transient connectivity between soil and aquatic bacteria within a native forest 

catchment were described. This work provides an insight into the natural variation that occurs 

in bacterial communities at small spatial scales. The remaining research focussed on large scale 

patterns in soil bacterial communities and showed that across the spatiotemporal scales 

investigated, soil environmental variables are important for explaining differences in soil 

bacterial communities, more so than spatial or climatic variables. Additionally, human land use 

was shown to correlate strongly with differences in bacterial communities. Almost a decade 

after land use conversions, signatures of the old land uses remain, resulting in bacterial 

communities that are distinct from those found in historic and current land use reference sites. 

Finally, the relationship between soil bacterial community composition and the soil 

environment was used to show that soil bacteria can indicate soil quality. In this final chapter, 

the connections between, and wider context for, these findings are discussed before avenues for 

further research are presented.  

7.1 Methodological considerations 

This thesis commenced with exploring the impact of different DNA extraction methods 

on the detection of bacterial communities in diverse environmental samples. The identification 

of a single, widely applicable DNA extraction method is important because, as was shown in 

Chapter 2 and in previous studies, different methods are associated with different biases, 

impacting interpretations of both alpha and beta diversity (Luna et al. 2006; Wagner Mackenzie 

et al. 2015; Hermans et al. 2018). Microbial studies have most often focussed on elucidating 

patterns within a single environment or sample type. As a result, there had been little effort to 

assess DNA extraction methods across multiple sample types simultaneously. However, as our 
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appreciation for the transport of microorganisms and the complex interactions between 

terrestrial and aquatic environments has grown, there has been an increase in studies that assess 

bacterial communities across diverse environments and sample media (Crump et al. 2012; 

Griffin et al. 2017). These efforts are undoubtedly helped by the increased capabilities, and 

reduced cost, of next generation sequencing (NGS) technologies (Shokralla et al. 2012), which 

allow for the inclusion of more samples. Providing evidence for a DNA extraction method that 

not only performs optimally for soil samples, but also a range of other terrestrial and aquatic 

sample types was an important prerequisite for conducting the catchment connectivity research 

in Chapter 3. Additionally, the identification of an optimal DNA extraction method can also aid 

efforts to sample soils globally, the importance of which was highlighted in Chapter 4A. Using 

consistent methods for such approaches is important to allow comparability across the many 

studies required to close the gaps in bacterial diversity data; the PowerSoil DNA extraction 

method allows global biodiversity to be conducted across a wide range of environmental sample 

types while introducing only minimal, and consistent DNA extraction biases. Ultimately, the 

work presented in Chapter 2 not only paved the way for the following chapters, it is also an 

important resource for the wide field of environmental microbiology, and indeed, as expanded 

on in Appendix A, for diverse environmental DNA research. Furthermore, in co-authored work 

produced in tangent to this thesis, we present guidelines for consistent methods beyond DNA 

extraction that could be used to increase the reproducibility, and comparability of 

environmental DNA research (Lear et al. 2017a). Using consistent, and well scrutinised, 

methods across disciplines will allow for greater, more accurate comparisons across research, 

including data from communities of both micro- and macro-organisms. Where the optimal 

DNA extraction method cannot be used, efforts need to be made to acknowledge the potential 

biases introduced by using a different method; the results presented in Chapter 2 provide a 

detailed summary of the differences one might expect.  

This thesis used NGS approaches to explore the composition, and functional potential 

of bacterial communities in soils across New Zealand. Many previous large-scale soil 

biogeography studies have relied on DNA fingerprinting methods (Fierer and Jackson 2006; 

Angel et al. 2010; Griffiths et al. 2011, 2015; Dequiedt et al. 2011; Powell et al. 2015), although 

there are noticeable exceptions that use sequencing methods (Terrat et al. 2017; Karimi et al. 

2018). Fingerprinting methods, such as Terminal Restriction Fragment Length Polymorphism 

(T-RFLP) can be used to characterise microbial communities based on the size of DNA 
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fragments after digesting PCR amplified gene regions with restriction enzymes (Liu et al. 

1997). However, as was described in Chapter 1, such methods discriminate taxa at low 

taxonomic resolution (Griffiths et al. 2011) and give inaccurate estimates of the diversity of 

microbial communities (Blackwood et al. 2007). There is evidence of coarse taxonomic groups, 

such as phyla, responding differently to environmental changes than the individual families or 

genera within that phyla (Hermans et al. 2017). Therefore, the lack of NGS studies at large 

spatial scales raises questions over whether the patterns observed in these studies are only true 

for broad taxonomic groups. However, the work in this thesis has shown that many of the 

patterns observed in DNA fingerprinting studies, such as the strong relationship between soil 

pH and bacterial community composition (Griffiths et al. 2011), or the weak spatial patterns in 

bacterial turnover (Fierer and Jackson 2006), still apply when using NGS approaches. This 

thesis and other NGS studies, however, add additional information by highlighting the patterns 

expressed even by individual members of those communities. For example, Chapter 4B showed 

that individual OTUs respond differently to soil variables by either increasing or decreasing in 

abundance when soil pH, nutrient content or heavy metal concentrations changed. Even when 

individual OTUs, genera or families were not explicitly described, the results in this thesis rely 

on changes in the presence and abundance of these individuals, rather than broad community 

changes. There has been a recent push to start moving away from simply describing general 

patterns in community composition and diversity, to start to look more closely at the individual 

members of those communities (Delgado-Baquerizo et al. 2018a; Martiny and Walters 2018). 

This thesis represents one of the few studies to apply NGS at national scales; moving forward, 

more NGS should be employed on large scale soil datasets to more accurately characterise the 

microbial communities present. 

7.2 The importance of spatial scale 

As highlighted in Chapter 1, soil bacterial research has been conducted at a diverse 

range of spatial scales, with samples collected metres to hundreds and even thousands of 

kilometres apart. Research at multiple scales is important for quantifying scales of variation and 

understanding the different mechanisms that determine the biogeographic patterns of soil 

bacterial communities. This thesis therefore included intensive small-scale research within an 

individual catchment, intermediate-scale research comparing sites with different land use 
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histories, and large-scale research to determine the trends in soil bacterial communities across 

the length of New Zealand.  

The catchment connectivity study presented in Chapter 3 was unique to all previous 

investigations of the connectivity between terrestrial and aquatic environments in terms of the 

sampling scale. The catchment itself was smaller than what had been previously investigated, 

while the number of samples included was much larger. For example, while we collected over 

600 soil, stream water and stream sediment samples in a ~0.6 km2 catchment, Crump et al. 

(2012) collected less than 10 independent samples within a 65 km2 catchment, and Griffin et 

al. (2017) collected 77 samples from a ~3,600 km2 catchment. Our study assessed the patterns 

at multiple within-catchments scales and therefore added additional information beyond what 

was learned in previous works. It is worth noting that Chapter 3 presented conflicting results to 

previous work, which observed much stronger connectivity between habitat types within a 

catchment (Crump et al. 2012; Ruiz‐González et al. 2015; Griffin et al. 2017). This could be 

due to the difference in spatial scales. While our sampling was much more intensive, our stream 

was also much smaller. The residence time of bacterial communities in streams is largely 

determined by the size of the stream, and volume of water; the longer the stream, the more time 

for the surface water to travel (Stewart et al. 2011). Therefore, residence time is closely linked 

to distance travelled within stream ecosystems. This has been suggested to impact the 

population dynamics (Crump et al. 2007) and community succession is often only observed 

over greater distances (Read et al. 2015). The difference between the patterns we observed at 

our small spatial scale and those observed over larger scales highlights the importance of 

collecting data across multiple spatial scales; conclusions from one study cannot be used to 

infer processes occurring across different scales.  

Patterns such as distance decay, which was described and observed in Chapter 4B, are 

often only apparent at larger spatial scales. While across regions in the UK, bacterial community 

similarity decreased significantly with increased geographic distance (up to ~200 km), this 

pattern was not apparent within regions (40-90 km; Monroy et al. 2012). Similarly, distance 

decay in ammonia-oxidizing bacterial communities in salt marsh sediments is strongest when 

comparing marshes across a continent, or region, compared to within individual marshes 

(Martiny et al. 2011). In contrast, the results in Chapter 4B presented a much weaker 

relationship between bacterial community similarity and geographic distance than observed in 

the aforementioned studies. This could be due to the more sensitive NGS methods used or the 
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larger dataset. Indeed, national studies of a similar scale, using amplicon sequencing methods 

have observed distance decay patterns that while significant, have a shallow slope, much like 

the ones we reported in Chapter 4B (Ranjard et al. 2013). A shallow slope indicates that while 

the bacterial communities located further apart are more dissimilar to each other, the rate of 

turnover is small. The differences observed at different scales further highlights the importance 

of understanding bacterial biogeography at many different spatial scales. Additionally, it has 

been argued that the limited taxonomic resolution obtained through 16S rRNA gene 

approaches, which was the predominant method in this thesis, is insufficient to detect the true 

effects of dispersal constraints which would result in spatial patterns (Fierer 2017). Indeed, 

some bacterial strains show endemicity (Cho and Tiedje 2000) and latitudinal patterns are 

observed in the genetic diversity of microbial taxa including Streptomyces, indicating dispersal 

limitation (Andam et al. 2016). The shallow slopes for the distance decay patterns observed in 

Chapter 4B should therefore be interpreted in the context of the taxonomic resolution used. 

Assessing spatial patterns in bacterial diversity with whole genomes would allow us to better 

refine the taxonomic resolution at which bacterial biogeography studies are conducted, 

increasing our understanding of spatial patterns in bacterial communities.  

The relationship between bacterial communities and soil pH that we observed across a 

~1,300 km2 spatial gradient in Chapter 4B has been observed at much smaller spatial scales; 

Rousk et al. (2010) showed changes of a similar magnitude along a pH gradient from 4.0-8.3 

occurring across 200 m. For the microbial relationship between pH, and likely most soil 

variables, it is not the spatial scale that is most important, but the gradient of environmental 

change. However, except for in experimental set ups such as adopted in the Rousk et al. (2010) 

study, or patchy landscapes, large environmental gradients are unlikely to occur over small 

distances. Indeed, the widest range of biomes, soil types and environmental gradients are 

observed in large scale studies (Griffiths et al. 2011, 2015; Terrat et al. 2017). Studies within 

single biomes across large spatial scales are equally important for revealing how changing 

environmental conditions impact bacterial communities (Prober et al. 2015). While soil 

variables such as nutrients and pH can vary slightly over small spatial scales (Riha et al. 1986; 

Schlesinger et al. 1996), climatic variables typically vary little, with the exception of 

microclimate conditions (Davies-Colley et al. 2000). Not only can bacterial community data 

correlate with changes in climate, as shown in Chapter 4B and previous research (Oliverio et 

al. 2017), climate can also alter the soil environment (Burke et al. 1989; Luo et al. 2017). Large-
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scale studies that span climatic gradients can be used to account for these relationships. The 

large spatial scale we used allowed us to determine that the bacterial indicators of soil quality 

identified in Chapter 6 are applicable across different soil types and climatic gradients. If this 

research had been conducted only at local scales, it would leave doubts as to whether large scale 

variability in climate and soil environments would impede the ability of such indicators to be 

applied at national scales. Overall, the multiple spatial scales at which the research in this thesis 

was conducted was vital for the identification of the range of patterns that we observed, as well 

as the assessment of their robustness.  

7.3 Temporal patterns in bacterial communities  

Arguably the most consistent omission from the vast majority of soil biogeography 

research is temporal variation, which is often not measured, nor accounted for. There is 

evidence for seasonal changes in microbial communities linked to variation in soil 

environmental variables, such as the availability of phosphorus (Saunders and Metson 1971) 

and the concentration of soluble carbon and nitrogen (Farrell et al. 2011), which may be 

impacted by climate factors (Burke et al. 1989; Luo et al. 2017). Additionally, bacterial 

communities themselves respond to changing climatic conditions, as was shown in Chapter 4B, 

and previous research (Rinnan et al. 2009; Barnard et al. 2015; Oliverio et al. 2017). The lack 

of temporal studies is likely not because bacterial communities are not expected to show 

changes in composition over time, but may instead be due to the inherent difficulties of 

measuring temporal variation; the exact same soil sample location cannot be repeatedly 

sampled over time. Therefore, studies addressing temporal variation are confounded by spatial 

variation, making well-executed temporal studies difficult. Chapters 3, 4B and 5 all 

incorporated some temporal analyses; changes in stream water bacterial communities were 

assessed over a period of weeks, soil microbial communities at the same sites were analysed 

over months and years, and the changes in the composition and functional potential of bacterial 

communities were monitored after land use conversion. While temporal patterns were not the 

primary focus of any of these chapters, they all showed a change in bacterial communities over 

time. Chapter 3 showed that the conclusions drawn by a study can vary depending on when 

samples are collected, as the connectivity between soil and stream communities changed over 

time. Chapter 5 showed that the similarity between bacterial communities at land use 
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conversion sites and those in soil from the historic and current land uses understandably 

changed through time. Similarly, the alpha diversity of soil bacterial communities changes over 

time to the extent that different land uses have the highest alpha diversity at different time points 

(Lauber et al. 2013). However, in Chapter 4B, the temporal variation in bacterial communities 

over months and years was minimal, especially compared to variation across environmental 

gradients, consistent with previous research (Uksa et al. 2014; Docherty et al. 2015). It is 

important to note that the extent of temporal variation present in bacterial communities can 

differ by land use type; bacterial communities in broadleaf or boreal forests and grassland-

shrubland did not exhibit temporal variation, while those in a coniferous forest did (Docherty 

et al. 2015). The results from Chapter 4B may therefore only be relevant for the land uses and 

soil conditions studied. Temporal patterns need to be further investigated for soil microbial 

communities, so we can better understand how bacterial communities change over time. 

Conducting temporal research allows us to investigate how quickly bacterial 

communities respond to changes in their environment. In Chapter 5, we showed that even eight 

years after a land use conversion event, the bacterial communities in the soil are distinct from 

those at long-term reference sites for both the historic and current land uses. This suggests that 

the changes in bacterial community composition, and their functional potential, can occur over 

many years. In contrast to our results, experimental studies of environmental perturbations 

show that bacterial community composition changes significantly over a period of weeks or 

months (Militon et al. 2010; Ren et al. 2015; Jiao et al. 2016). This suggests that the rate at 

which bacterial communities change likely depends on the type of environmental changes, and 

particularly the strength of the selection pressures that these changes impose. While the removal 

of pine trees at our sites from Chapter 5 was a major disturbance, the changes to the soil 

chemistry afterwards are likely to occur gradually (McGrath et al. 2001), as shown by the 

differences in nutrient concentrations in the converted sites compared to long term pasture. 

Understanding the rate at which environmental change occurs is crucial, especially when using 

soil bacterial communities as indicators of soil quality, as was done in Chapter 6, and requires 

further research.  
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7.4 Using biogeography to inform applied research goals  

Scientific research is often distinguished as either ‘basic’ or ‘applied’ research. The 

former refers to research that aims to expand our understanding around a subject but does not 

have any immediate commercial or practical aims, while the latter seeks to solve a specific 

problem or create certain product. Most of the chapters in this thesis would be considered 

‘basic’ research; all of them, however, contribute to how applied research can be conducted 

more efficiently, and Chapter 6 highlights the potential of bacterial indicators of soil quality.  

Investigations of bacterial communities across natural and managed soils have been 

largely driven by a desire to better understand what shapes bacterial communities. For example, 

how plant diversity impacts bacterial diversity (Prober et al. 2015), the impact of land use on 

bacterial communities (Plassart et al. 2019) or the relationship between climate and soil bacteria 

(Angel et al. 2010). Likewise, in this thesis, Chapter 4B aimed to determine how bacterial 

communities correlate with different environmental variables, while Chapter 5 assessed the 

impact that land use has on bacterial community composition and functional potential. The 

strong relationships between soil bacterial communities and human land use that were 

highlighted in these chapters and previous research is what uncovered the potential for bacterial 

communities to serve as indicators of environmental health, as discussed in a mini-review that 

was co-authored in tandem to this thesis (Astudillo-García et al. 2019). While focussing on 

bacterial communities in managed soils was crucial for developing an indicator, incorporating 

research that focusses on natural variation in bacterial communities could lead to a refinement 

of the models that were created in Chapter 6. For example, the temporal patterns observed in 

indigenous forest bacterial communities, as reported in Chapter 4B could serve as an indication 

of the natural variation in bacterial communities over time without human impacts; this can 

then be incorporated into bacterial indicators to distinguish between natural and human driven 

variation over time. Importantly, the national sampling showed that soil bacterial communities 

across New Zealand lack strong spatial structuring, and are more strongly shaped by local 

environmental variables, consistent with previous research (Griffiths et al. 2011; Ranjard et al. 

2013; Karimi et al. 2018). This helps to explain why the models created in Chapter 6 were so 

successful, despite the large spatial gradient, diverse soil types and range of climatic conditions 

included. Ultimately, the decades of ‘basic’ research on soil bacterial communities has allowed 

the development of applied research and will remain important for refining bacterial indicators.  
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Understanding how present-day microbial communities respond to changes in their 

environment can allow us to predict what future microbial communities may look like and could 

potentially allow them to be applied for climate change mitigation strategies. For example, a 

core set of taxa that respond consistently to increasing soil temperatures have been described 

(Oliverio et al. 2017) and this can enable us to understand how rising global temperatures will 

be reflected in microbial communities and soil biogeochemical processes. Modelling soil 

carbon cycling in soil, and especially the exchange of carbon between soils and the atmosphere 

is an important component of understanding and predicting the impacts of climate change; 

incorporating microbial processes into these models is crucial (Wieder et al. 2013; Manzoni et 

al. 2014). Cataloguing the present day microbial communities, which is achieved through 

national sampling as in Chapter 4B and previous research (Griffiths et al. 2011; Terrat et al. 

2017; Karimi et al. 2018) can contribute to these efforts. They increase our understanding of 

what microbial communities in different soils look like, and can therefore contribute vital 

information into carbon models, although an increased understanding of the functions of these 

microbial communities is required. Given the importance of soil microbial communities to the 

quality and fertility of soils, understanding how they may vary into the future is important for 

the long-term sustainability of many of our agricultural practises, and for supporting global 

biodiversity.  

7.5 Future directions 

This thesis presents a comprehensive insight into the biogeographical patterns in soil 

bacterial community composition and has shown how understanding these patterns can enable 

us to employ bacterial communities as biological indicators. However, as with most scientific 

endeavours, many more questions were raised and avenues for further research revealed, 

including the following: 

1. The catchment study in Chapter 3 revealed that the connectivity between soil and aquatic 

bacterial communities was transient, and potentially linked to the amount of rainfall in a 

catchment. This suggests that there may be seasonal differences in the extent to which 

terrestrial communities inoculate, or contribute to, the aquatic communities. Repeating this 

study in spring, winter and autumn would complement the summer dataset to allow us to 

explore how seasons, and in particularly climatic variables such as rainfall, contribute to the 
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observed patterns. Indeed, there is evidence for seasonal variability in bacterial 

communities (Gilbert et al. 2012) and as was highlighted in Chapter 3, rainfall can 

contribute to the dispersal of soil bacterial communities (Joung et al. 2017). All previous 

research investigating the connectivity in catchments has failed to account for temporal 

patterns, so there remain a lot of unknowns around how the observed patterns would change 

over time. Repeating the sampling and analyses from Chapter 3 over multiple seasons would 

impart important information not only on the seasonal differences in bacterial community 

connectivity, but also temporal patterns in soil, stream water and stream sediment bacterial 

communities in general.  

 

2. Another important follow up question to the catchment study in Chapter 3 is to determine 

how the patterns that were observed in a native forest catchment represent what is happening 

in catchments under different land uses. As highlighted throughout this thesis, bacterial 

communities change with different land uses (Steenwerth et al. 2002; Drenovsky et al. 2010; 

Hermans et al. 2017). Furthermore, different land uses, and different topography at sites 

would impact the way rainfall moves over the surface into streams (Wolock et al. 1990; 

Harbor 1994; Tong and Chen 2002; Frei et al. 2010). It seems logical, therefore, that 

different sites will show differing degrees of connectivity when assessing the bacterial 

communities in terrestrial and aquatic environments. Indeed, investigating the connectivity 

between bacterial communities in an intensively managed catchment revealed much 

stronger patterns than ours (Griffin et al. 2017). Additionally, because Chapter 3 is based 

within a single catchment, it does not allow us to place the observed differences in bacterial 

communities into context. The soil and stream water samples in general showed little 

similarity to each other. However, how does their similarity compare to the similarity 

between soil and stream communities from different catchments? Placing the within site 

similarity into the context of between site similarities can help us to better understand the 

connectivity in catchments. It would be a worthwhile endeavour to expand the catchment 

study across a wider range of land uses, and catchments with different topology, so we can 

elucidate how these factors impact the connectivity between aquatic and terrestrial bacterial 

communities.  

 



149 
 

3. The conversion study in Chapter 5 showed that five and eight years after a change in land 

use, the historic land use still leaves a ‘signature’ on the soil bacterial communities. 

However, this study, and most previous land use conversion research, does not allow us to 

understand what happens in the weeks and months following a conversion event. Our 

research represents one of the shortest time periods investigated, with most conversion 

studies assessing microbial communities decades later (Mendes et al. 2015a; Pedrinho et al. 

2019). Additionally, there is no research, to the best of my knowledge, which has sampled 

a site prior to the conversion event; all research, including that presented in my thesis, relies 

on reference sites to determine the bacterial community composition of the old land use. 

Sampling a site prior to land use conversions, followed by intensive temporal sampling 

conducted at weeks, or months after the conversion event will allow us to describe how 

bacterial communities respond to sudden, drastic changes in the soil environment.  

 

4. From an applied perspective, it could be argued that knowing which particular microbial 

species occur in the soil is less valuable information than knowing what they are doing. 

Most soil bacterial research, including all but one chapter of this thesis, has focused on 

determining the composition of bacterial communities. This is despite the range of ‘omics’ 

technologies accessible to scientists today. Metagenomics, transcriptomics, proteomics and 

metabolomics are DNA, RNA, protein and metabolite based approaches, respectively 

(Biswas and Sarkar 2018). They can allow us to gain insights into microbial communities’ 

functional potential (for DNA based methods) or active functions (for RNA, protein and 

metabolite based methods). The high diversity and abundance of soil microorganisms mean 

conducting ‘omics’ studies in soil environments remains challenging (Fierer 2017). 

Nonetheless, these are important avenues for future research. There are examples of soil 

microbiology studies that utilise metagenomic methods to assess the functional potential of 

bacterial communities across nutrient (Fierer et al. 2012b) or disturbance (Mendes et al. 

2015b) gradients as well as natural ecosystems (Delmont et al. 2012). However, even these 

studies do not tell us the functions being actively carried out by soil bacteria, rather they 

indicate the functions they could contribute. For example, the differences observed in the 

abundance of nitrogen cycling genes in Chapter 5 do not necessarily mean that the pasture 

sites in that study contained bacterial communities that were performing denitrification at 

higher rates than the conversion sites. Repeating this study with RNA based methods such 
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as transcriptomics would provide valuable additional information, and confirm the 

hypotheses generated during the chapter. Additionally, employing geochemical methods to 

determine the fluxes of dissolved and particulate nitrogen or other nutrients  is important to 

put all the molecular information into the context of the entire ecosystem (Schwendenmann 

and Michalzik 2019). Overall, understanding the functional contributions of soil bacterial 

communities to the soil ecosystem, and especially which bacterial taxa are doing what, will 

allow us to predict how our soils will function into the future as the climate, and intensity 

of human land use continues to change. 

 

5. Chapter 6 stressed the importance of incorporating biologically relevant information into 

soil monitoring programs and showed the potential of soil bacteria to provide this 

information. However, there are a myriad of other organisms that reside in, and contribute 

to, the soil ecosystem (Lavelle 2002). Molecular DNA based methods are increasingly 

being applied to study macroorganisms. Referred to as environmental DNA (eDNA), the 

genetic material extracted from soil samples or other material can provide simultaneous 

information about the presence and abundance of a wide range of organisms (Yoccoz et al. 

2012). Since there is a greater understanding of the roles macroorganisms, such as 

earthworms and nematodes, play in soil quality (Bardgett et al. 1999; Edwards 2004; 

Rutgers et al. 2009; Lionetto et al. 2012), incorporating micro- and macro-organisms into 

biological indicators of soil quality will offer many benefits. The DNA extraction methods 

assessed in Chapter 2 were all capable to various extents of extracting DNA from 

macroorganisms. The results in Chapter 6 of this thesis are only a starting point, and there 

are many ways in which they can be improved. The use of both micro- and macro-organisms 

to complement current abiotic based measures of soil quality will greatly improve our 

ability to determine the quality of soils and help ensure the long-term sustainability of land 

management practises.  

7.6 Concluding remarks 

The research in this thesis progressed from assessing small-scale to large-scale 

biogeographic patterns, and from ‘basic’ to applied research. I showed the importance of 

establishing optimal DNA extraction methods and provided a framework for future research. 
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With small, intensive spatial scales, I showed that there is transient connectivity between 

bacterial communities in soil, stream water and stream sediments within a single catchment. At 

medium to large spatial scales, I quantified the relationships between soil bacterial 

communities, human land use and the soil environment. Overall, this thesis contributes to our 

understanding of bacterial biogeography, while highlighting the importance of conducting 

investigations of bacterial diversity across multiple scales, and for regions across the globe. 

Only then will we understand fully what shapes the bacterial communities within our soils, and 

how this will change into the future. Furthermore, the better we understand these bacterial 

communities, and their functional contributions to the soil ecosystem, the better we can 

understand how we can utilise them not only to monitor the quality of our soils, but also to 

refine what constitutes a ‘healthy’ soil environment. We need to increase the routine use of data 

to monitor and understand the impact of environmental change on soil microbial diversity and 

processes; this will ensure the long-term sustainability of our agricultural and pastoral 

industries, while caring for our natural environments. 
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APPENDIX A 

A.1 Eukaryote methods 

A.1.1 Construction of mock communities 
We constructed three mock communities to determine which methods might bias 

against certain taxa. The plant mock community was constructed by collecting leaves from 

plants identified to at least genus level. Nine plant species were used (Table A.1), with ~2 g 

(wet weight) of leaf material from each being combined before grinding in liquid nitrogen, as 

previously. A fish mock community was created by combining aquarium tank water that each 

contained a different single fish species; water from five different freshwater aquarium tanks 

were combined (Table A.2). After mixing the individual tank water samples, 500 mL aliquots 

were filtered through 0.22 µm polyethersulfone filters (Sterivex, Merck Millipore). Lastly, an 

invertebrate mock community was created by combining ~1-2 g of three freshwater 

invertebrate species and six terrestrial invertebrate species (Table A.3) and grinding in liquid 

nitrogen as described above. All mock community standards were stored at -20 °C until further 

use.  

Table A.1. The composition of the plant mock community. The “true” mock community that 
each method was expected to obtain if no biases are present is based on the biomass added. 

Species Biomass added (g) Expected abundance in mock 
community (%) 

Melicytus ramiflorus 2.07 11.3 

Myrsine australis 1.98 10.8 

Vitex lucens 2.11 11.6 

Metrosideros excelsa 1.96 10.7 

Agathis australis 2.14 11.7 

Plantaginaceae spp. 2.1 11.5 

Glyptostrobus spp. 1.91 10.5 

Fagus sylvatica 2.01 11.0 

Quercus robur 1.97 10.8 
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Table A.2. The composition of the fish mock community created by mixing water from 
freshwater fish tanks containing single fish species. The “true” mock community that each 
method was expected to obtain if no biases are present is based on the volume of tank water 
added. 

Species Tank water volume added 
(mL) 

Expected abundance in mock 
community (%) 

Neochanna diversus 500 25 

Anguilla dieffenbachii 500 25 

Gobiomorphus huttoni 500 25 

Galaxias argenteus 250 12.5 

Galaxias brevipinnis 250 12.5 

 
Table A.3. The composition of the invertebrate mock community. The “true” mock community 
that each method was expected to obtain if no biases are present is based on the biomass added. 

Species Biomass added (g) Expected abundance 
in mock community 

(%) 

Archichauliodes diversus 1 12.6 

Pomacea diffusa 2.2 27.8 

Paratya curvirostris 0.6 7.6 

Bombus spp. 1.05 13.3 

Henosepilachna vigintioctopunctata 0.31 3.9 

Pyronota festiva 1.23 15.5 

Cleora scriptaria 0.35 4.4 

Caedicia simplex   0.38 4.8 

Ophyiulus spp.  0.8 10 

 

A.1.2 Molecular methods 
For the mock communities, 0.25 g of plant or invertebrate mock community biomass 

was used and one filter (i.e., from 500 mL water) was used per extraction for the fish mock 

community. Extractions were performed as described in section 2.2.2. 
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In addition to the bacterial PCRs performed as described in section 2.2.2, four different 

primer pairs were used to target DNA regions that would allow the identification of fungal 

(ITS2), plant (ITS2), fish (12S rRNA) and animal (COI) species present in all samples (Table 

A.4). KAPA HiFi HotStart ReadyMix (KAPA Biosystems) was used for all PCRs; PCR 

protocols, including input DNA volumes, are provided in Table A.5. 
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Table A.4. Primer pairs used to amplify bacterial, fungal, plant, fish and animal species present in all DNA extracts. Each primer sequence 
includes an Illumina Nextera adaptor overhang (underlined) to allow for sample indexing in a later PCR. 

Target Forward Primer Reverse Primer Source 
Bacteria (16S 
rRNA gene) 

341F: 
5’ 
TCGTCGGCAGCGTCAGATGTGTATAAGAGA
CAGCCTACGGGNGGCWGCAG 3’ 

 

785R: 
5’ 
GTCTCGTGGGCTCGGAGATGTGTATAAGAG
ACAGGACTACHVGGGTATCTAATCC 3’ 
 

Klindworth et al., 2013 

Fungi (ITS2 
gene) 

fITS7: 
5’ 
TCGTCGGCAGCGTCAGATGTGTATAAGAGA
CAGGTGARTCATCGAATCTTTG 3’ 
 

ITS4: 
5’ 
GTCTCGTGGGCTCGGAGATGTGTATAAGAG
ACAGTCCTCCGCTTATTGATATGC 3’ 
 

Ihrmark et al., 2012, 
White et al., 1990 

Plant (ITS2 
gene) 

S2F:  
5’ 
TCGTCGGCAGCGTCAGATGTGTATAAGAGA
CAGATGCGATACTTGGTGTGAAT 3’ 

S3R  
5’ 
GTCTCGTGGGCTCGGAGATGTGTATAAGAG
ACAGGACGCTTCTCCAGACTACAAT 3’ 

Chen et al., 2010 

Fish (12S 
rRNA gene) 

MiFish-U-F: 
5’ 
TCGTCGGCAGCGTCAGATGTGTATAAGAGA
CAGGTCGGTAAAACTCGTGCCAGC 3’ 

MiFish-U-R: 
5’ 
GTCTCGTGGGCTCGGAGATGTGTATAAGAG
ACAGCATAGTGGGGTATCTAATCCCAGTTTG 
3’ 

Miya et al., 2015 

Animals (COI 
gene) 

m1COIintF: 
5’ 
TCGTCGGCAGCGTCAGATGTGTATAAGAGA
CAGGGWACWGGWTGAACWGTWTAYCCYC
C 3’ 

 

HCO2198: 
5’ 
GTCTCGTGGGCTCGGAGATGTGTATAAGAG
ACAGTAAACTTCAGGGTGACCAAAAAATCA 
3’ 

 

Folmer et al., 1994, 
Leray et al., 2013 
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Table A.5. PCR protocols used for each taxa type. Each PCR used KAPA HiFi HotStart ReadyMix (KAPA Biosystems) and was 25 µL in size. 
DNA input volumes varied for the different sample types but was consistent for all the different target taxa PCRs. 

Target 
Taxa 

Primers (volume used at 10 µM) Cycling conditions Volume of DNA extract added 

Bacteria 341F and 785R (0.75 µL each) (i) 95 °C for 3 min; (ii) 25 cycles of 95 °C for 30 s, 55 °C 
for 30 s, 72 °C for 30 s, and then (iii) 72 °C for 5 min 

 
 
 
 
 
 
Soil samples – 1 µL 
Leaf litter samples – 1 µL 
Stream biofilm samples – 1 µL 
Kick-net samples – 1 µL 
Stream sediment samples – 2 µL 
Stream water sample – 3 µL 
Fish mock communities – 3.5 µL 
All other mock communities– 1 µL 

Fungi fITS7 and ITS4 (1 µL each) (i) 94 °C for 5 min; (ii) 30 cycles of 94 °C for 30 s, 52 °C 
for 30 s, 72 °C for 45 s, and then (iii) 72 °C for 10 min 

Plants S2F and S3R (1 µL each) (i) 94 °C for 5 min; (ii) 40 cycles of 94 °C for 30 s, 58 °C 
for 15 s, 72 °C for 45 s, and then (iii) 72 °C for 10 min 

Fish MiFish-U-F and MiFish-U-R (1 µL 
each) 

(i) 95 °C for 3 min; (ii) 40 cycles of 98 °C for 20 s, 68 °C 
for 15 s, 72 °C for 15 s, and then (iii) 72 °C for 5 min 

Animals M1COIintF and HCO2198 (1 µL 
each) 

(i) 95 °C for 3 min; (ii) 15 touchdown cycles of 95 °C for 
30 s, 63 °C† for 20 s, 72 °C for 60 s, (iii) 25 cycles of 95 
°C for 30 s, 48 °C for 20 s, 72 °C for 60 s and then (iv) 
72 °C for 10 min 

† -1 °C for each cycle 
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PCR products were individually purified using ZR-96 DNA Clean-up kits (Zymo 

Research), after which they were quantified using a Qubit double-stranded DNA (dsDNA) HS 

assay kit (Life Technologies, USA). The five different amplicon products for each sample were 

then combined in equal molarity, before being submitted to New Zealand Genomics Ltd. 

(Auckland, New Zealand) for sequencing as described in Chapter 2, section 2.2.3. 

A.1.3 Bioinformatic methods 
We used the Cutadapt algorithm (Martin, 2011) to extract the reads that belonged to 

each of the five amplicons from each sample, based on the forward primer sequences. The 

DNA sequence data were then quality-filtered using USEARCH v 7.0 (Edgar, 2010). The 

forward and reverse sequences obtained for the fungal, animal and fish amplicons were merged.  

We truncated reads at the first position that had a quality score (Q score) of less than 3, and set 

the minimum length of the merged read to 200 bp. The average length of the plant amplicons 

exceeded 600 bp, meaning these could not be merged. Therefore, only the forward reads were 

used. For both the merged and unmerged datasets, reads with more than one expected error 

were discarded, and for the unmerged plant amplicons all reads were trimmed to 290 bp. 

Finally, we dereplicated the sequence data for each amplicon, removed singletons, and 

clustered sequences into Operational Taxonomic Units (OTUs) at 97% sequence similarity, 

using the UPARSE-OTU algorithm, which also detects and removes chimera sequences 

(Edgar, 2013).  

Taxonomic classification was done using BLAST (Altschul et al., 1990) and the 

preformatted partially non-redundant NCBI nucleotide database (downloaded on 10-09-2017). 

Only one sequence match per OTU was allowed, and a minimum similarity threshold of 80% 

was used for the BLAST search. The resulting BLAST file was imported into Megan6 (Huson 

et al., 2007) to obtain taxonomic paths for each OTU.  

We removed all OTUs that fell outside of the target taxon types for each set of primers; 

these were likely the result of non-specific primer binding. For animals, plants and fungi, this 

meant limiting each table to only the OTUs that were classified to the target kingdom, while 

for fish only sequences classified as belonging to the class Teleostei were considered. All 

‘unclassified’ reads were included in the final OTU tables. Details of the proportion of OTUs 

removed for each table can be found in Table A.6. Each OTU table was then rarefied to a 

threshold that would allow most samples to be retained. This was 1,000 reads per sample for 
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fungi, 1,200 reads per sample for animals, 1,500 reads per sample for plants, and 3,000 reads 

per sample for fish. 

Table A.6. The proportion of OTUs that were the result of unspecific binding of the primers 
and which were therefore removed from the relevant OTU table. The bacterial OTUs were 
classified against a database which only contained 16S rRNA gene sequences, and therefore 
no OTUs were classified as anything other than bacteria. 

Target 
taxa/OTU table 
type 

Classification of “non-target” OTUs  Proportion of OTUs 
that classified as this 

(%) 
Fungi Plantae 7.9 
 Chromista 0.83 
 Animalia 0.42 
 Protozoa 0.50 
 Eukaryota 0.13 
 Bacteria 0.04 

Plant Bacteria 2.5 
 Fungi 1.05 

Fish Bacteria 73.08 
 Kingdom Animalia but not Class Teleostei 3.85 
 Archaea  0.27 
 Eukaryota 0.27 

Animals  Fungi 21.45 
 Protozoa 7.20 
 Chromista 6.21 
 Plantae 2.27 
 Eukaryota 0.47 
 Bacteria 0.07 

A.2 Eukaryote results 

A.2.1 Sequence data 

We obtained 11,193 OTUs using the fungal primers, 4,238 using the animal primers, 

1,237 using the plant primers and 364 using the fish primers. In total, 49.5% of fungal, 76.3% 

of plant, 78.9% of animal and 92.0% of fish OTUs were classified to at least phylum level. 
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A.2.2 Comparison of community diversity in the environmental samples 

For all five target taxa (bacteria, fungi, plants, animals and fish) there were significant 

differences in community composition between the different sample types for all possible 

pairwise comparisons (P-value < 0.01; PERMANOVA; Figure A.1). However, within each 

sample type, there were no significant differences (P-values > 0.05) in community 

compositions obtained using the different methods.  

 

Figure A.1. Non-metric multidimensional scaling (nMDS) plots indicating the 
underlying differences in (a) bacterial, (b) fungal, (c) animal, (d) plant, and (e) fish 
community compositions obtained for six different sample types, using each 
extraction method. The colour of each point indicates the extraction method used 
( BT,  PS,  PW,  QP,  QS, or  ZB; see Table 2.1 for method details). 
Shapes indicate the sample type the DNA originated from ( stream biofilm, 
kick-net, p leaf litter,  stream sediment, S soil, or s stream water). The 
composition of fish communities was only assessed for the biofilm, sediment and 
stream water samples. 
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Differences between samples were observed when comparing the alpha diversity for 

the same community and sample type obtained by the different extraction methods (Figure 

A.2). Most of these differences were within the bacterial communities obtained from the soil, 

stream water, leaf litter and kick-net sample types (A.7). There were also significant differences 

in the alpha diversity of animal communities obtained from the kick-net sample, as well as the 

fungal and plant communities obtained from the leaf litter samples (Table A.7). 

 

Figure A.2. The predicted alpha diversity (based on the Shannon index, calculated 
for 97% similarity OTUs) of a variety of communities based on the analysis of six 
sample types. The colour of each point represents the extraction method used ( 
BT,  PS,  PW,  QP,  QS, or  ZB; see Table 1 for method details). The 
alpha diversity of fish communities was only assessed for the stream biofilm, 
stream sediment and stream water samples.  
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Table A.7. The alpha diversities (Shannon’s index, calculated for 97% similarity OTUs) which 
were significantly different for pairwise comparisons of the same community and sample type 
obtained using the different extraction methods. Dunn’s test was used, with Bonferroni 
corrections for multiple comparisons. The “Method 1” column contains the method which had 
a higher alpha diversity for that pair-wise comparison. 
Community type Sample type Method 1 Method 2 Adjusted P 
Bacteria Soil PS QP 0.017 
 Stream water PS QP 0.027 
 Leaf litter PW BT 0.032 
  ZB BT 0.040 
 Kick-net QP ZB 0.023 
Animal Kick-net ZB PS 0.007 
Fungi Leaf litter BT QS 0.027 
  BT ZB 0.027 
Plant Leaf litter PW PS 0.028 

 

A.2.3 Mock community comparisons  
To test whether different methods bias against certain taxa, we extracted DNA from a 

further four mock communities of known taxonomic composition. The similarity of the 

community composition obtained to the true mock community ranged from 0.12 to 0.98 

depending on the taxon type and method used, where 1 represents complete similarity as 

calculated from a Bray-Curtis measure (Figure A.3). The community profile obtained using the 

QP method most closely resembled the “true” mock communities for the fungal and plant 

species (Figure A.3b, d). For the invertebrate mock community, the BT method obtained DNA 

that most closely resembled the “true” mock community (Figure A.3c). The PS method resulted 

in a mock community that most closely resembled the “true” fish community (Figure A.3e).  
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Figure A.3. The relative abundances of taxa present in (a) bacterial, (b) fungal, (c) 
invertebrate, (d) plant, and (e) fish mock communities as determined using a range of 
DNA extraction techniques (see Table 2.1 for method details). The first bar on the left 
indicates the “true” mock community composition, which is based on either the 
relative abundance of DNA expected to be present for each taxa based on DNA 
concentration (a-b) or the amount of biomass added for each taxa (c-e). The remaining 
bars indicate the relative proportions of each taxa obtained using each method. The QS 
method was not able to extract detectable levels of fungal DNA, so is not shown in (b). 
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While most of the differences between the methods were based on variation in taxon 

abundance, there were also taxa that were not detected at all by some of the methods. Except 

for the PW method, none extracted DNA from the freshwater snail (Ampullariidae family) in 

a high enough concentration to be detected (Figure A.3c). The BT and QP methods also failed 

to extract detectable levels of DNA from the bush cricket (katydid; Tettigoniidae family; Figure 

A.3c). None of the methods could extract detectable levels of DNA from the puriri tree (Vitex 

lucens), and the PS, PW, QS, and ZB methods also failed to extract detectable levels of 

European beech (Fagus sylvatica) DNA (Figure A.3d). The QP method did not extract 

detectable levels of kauri tree (Agathis australis) DNA (Figure A.3d). The QP and QS methods 

both failed to extract detectable levels of long-finned eel (Anguillidae) DNA (Figure A.3e). 

The QS method did not obtain any fungal DNA (Figure A.3b). 

A.3 Eukaryote discussion 

Understanding how different DNA extraction methods affect the biodiversity detected 

in a wide range of sample types is important for the advancement of eDNA research. Here, we 

quantified variation in the bacterial, fungal, animal, plant and fish community composition 

obtained by extracting intra- and extra-cellular DNA from terrestrial and aquatic sample types 

using six commercially available DNA extraction methods. The supplementary aim, in addition 

to finding the optimal DNA extraction method for Chapters 3-6 in this thesis, was to find a 

high throughput and reproducible DNA extraction method that could extract DNA from 

multiple environmental sample types for multiple taxa types.  

Our mock communities showed that a methods’ ability to extract DNA from an 

organism in isolation is not necessarily indicative of that methods’ ability to extract the DNA 

from the same organism in a mixed community. Most methods, including the BT method, did 

not extract detectable levels of freshwater snail (Ampullariidae) despite DNA having been 

previously obtained from the shells of this organism using a modified version of the BT method 

(Andree and López, 2013). Similarly, we successfully amplified puriri (Vitex lucens) and 

European beech (Fagus sylvatica) DNA in isolation using the PS method (data not shown), but 

these were not detected using most of our methods when considering the mock samples. This 

suggests that these species are not detected in mixed communities, perhaps due to the cells 

from other species present being easier to lyse, and therefore their DNA being preferentially 

extracted. The differences in detection limits for pure isolates compared to mock communities 
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is an important consideration for eDNA research, and together with the varying abundances of 

mock community members detected, highlights the importance of choosing a method 

appropriate for the research question.  

Across all methods, there seemed to be lower similarity between replicate extractions 

when detecting the animal taxa present in our samples compared to all our other target taxa. 

While the sequencing depth used is likely contributing to this, it also indicates that the size of 

the samples did not capture all the biodiversity present in the environment, similar to what has 

been reported previously (Deiner et al., 2015). This highlights the importance of having both 

an adequate sampling strategy to ensure the samples used contain all the biodiversity in an 

environment, as well as the importance of having technical and biological replicates (Zhou et 

al., 2011). When pooling all our data for the different methods, clear differences were observed 

in the biodiversity present in different sample types (data not shown).  Different sample types 

will likely require different sample sizes to capture all the biodiversity present. More research 

needs to be conducted to determine how many samples need to be collected for different 

environments to ensure the biodiversity of each ecosystem is captured.  

eDNA studies will be much more reliable and comparable if a single DNA extraction 

method is adopted. As identified here, and discussed in section 2.4, the PS method is the most 

universally applicable DNA extraction method. While adoption of this DNA extraction method 

may not always be practical, or possible, all future eDNA research should consider using 

consistent methods and acknowledge the shortcomings and biases of DNA extraction methods 

as detailed in Chapter 2, and here in Appendix A.  

A.4 Detailed rankings of DNA extraction methods 

While Chapter 2 recommends the use of a single DNA extraction technique, there are 

circumstances where using a single DNA extraction method, or the one we have recommended, 

may not be optimal. However, greater consistency across studies is still desirable. The six tested 

methods have therefore been extensively scrutinized for their strengths and weaknesses, which 

are shown here in figures A.4-A.6.  This appendix can therefore serve as a guide for the 

selection of an optimal DNA extraction method for different studies and research aims. Overall, 

this should ensure that similar studies use the same method, allowing comparability. 
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Figure A.4. The performance of each method based on the quality and quantity of 
DNA extracted from the different environmental samples. The colour of each point 
represents the extraction method ( BT,  PS,  PW,  QP,  QS, or  ZB; 
see Table 2.1 for method details). The position of each point along the x-axis 
represents how well each method performed based on either the quality of DNA 
extracted, or the total yield; the further to the right, the better the method performed. 
The position along this axis for each category is based on the raw values, which 
were scaled from 0 - 100.  

 
Figure A.5. The performance of each method as assessed using the mock 
communities. The colour of each point represents the extraction method ( BT, 
 PS,  PW,  QP,  QS, or  ZB; see Table 2.1 for method details). The 
position of each point along the x-axis represents how well each method performed 
based on either the similarity between replicates or the similarity of that method’s 
mock community to the “true” mock community; the further to the right, the better 
the method performed. The position along this axis for each category is based on 
the raw values, which were scaled from 0 - 100.  
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Figure A.6. The performance of each method as assessed using similarity between 
replicates, which indicates the consistency of each method. The colour of each 
point represents the extraction method ( BT,  PS,  PW,  QP,  QS, or  
ZB; see Table 2.1 for method details). The position of each point along the x-axis 
represents how well each method performed; the further to the right, the better the 
method performed. The position along this axis for each category is based on the 
raw values, which were scaled from 0 - 100. 
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APPENDIX B 

Table B1. Results from the soil chemical analyses. Bulk soil samples were collected every 200 m for chemical analyses. Values are means ± 
standard error.   

 
Average across 

study site 
Averaged per transect 

  
A C E G I 

pH 5.03 ± 0.37 5.13 ± 0.38 5.03 ± 0.29 4.82 ± 0.45 5.16 ± 0.31 5.08 ± 0.45 
OlsenP (mg/L) 2.38 ± 0.67 2.67 ± 0.58 2.5 ± 0.58 2 ± 0.71 2.2 ± 0.45 2.75 ± 0.96 
Potassium (me/100 g) 0.86 ± 0.25 0.74 ± 0.28 0.75 ± 0.07 0.89 ± 0.22 0.89 ± 0.24 1 ± 0.42 
Calcium (me/100 g) 6.26 ± 3.3 4.3 ± 2.78 5.03 ± 1.8 5.56 ± 3.07 7.04 ± 3.09 8.88 ± 4.68 
Magnesium (me/100 g) 6.65 ± 2.57 5.33 ± 2.47 5.15 ± 2.05 7.77 ± 2.91 6.71 ± 2.31 7.64 ± 3.06 
Sodium (me/100g) 0.89 ± 0.31 0.77 ± 0.15 0.89 ± 0.29 1.16 ± 0.46 0.76 ± 0.13 0.83 ± 0.24 
CEC (me/100 g) 39 ± 12.67 30.33 ± 1.15 32 ± 3.16 50 ± 22.17 36.4 ± 3.21 42 ± 5.03 
Total Base Saturation (%) 38.67 ± 13.4 36.33 ± 16.86 37.25 ± 12.34 34.8 ± 16.3 41.6 ± 11.61 43 ± 15.75 
Volume weight (g/mL) 0.67 ± 0.12 0.72 ± 0.05 0.73 ± 0.06 0.61 ± 0.22 0.7 ± 0.05 0.64 ± 0.05 
Potentially available N kg/ha 132.41 ± 33.6 117.11 ± 37.77 138.67 ± 23.46 116.13 ± 40.36 139.73 ± 37.15 148.83 ± 28.89 
AMN (µg/g) 200.1 ± 52.52 160.33 ± 40.53 192.75 ± 47.49 198.2 ± 44.4 203.6 ± 66.24 235.25 ± 56.89 
Organic matter (%) 21.34 ± 10.74 14.87 ± 1.15 18.73 ± 6.38 30.26 ± 19.74 18.54 ± 2.15 21.18 ± 2.34 
Total Carbon (%) 12.38 ± 6.22 8.63 ± 0.65 10.88 ± 3.72 17.52 ± 11.44 10.78 ± 1.25 12.25 ± 1.35 
Total Nitrogen (%) 0.62 ± 0.14 0.51 ± 0.05 0.58 ± 0.13 0.68 ± 0.24 0.63 ± 0.05 0.64 ± 0.07 
C/N Ratio 19.3 ± 4.3 16.97 ± 1.29 18.55 ± 2.43 23.62 ± 7.13 17.1 ± 1.19 19.13 ± 1.07 
AMN/TN Ratio (%) 3.27 ± 0.68 3.13 ± 0.49 3.33 ± 0.22 3.02 ± 0.77 3.24 ± 0.94 3.68 ± 0.72 
Moisture content (%) 34.47 ± 4.87 31.11 ± 2.57 32.04 ± 2.17 32.78 ± 1.01 37.25 ± 6.02 38.03 ± 6.77 
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Figure B1. Non-metric multidimensional scaling plots showing the underlying 
distances between bacterial communities using (a) Bray-Curtis, (b) Jaccard, (c) 
Weighted UniFrac, or (d) Unweighted UniFrac dissimilarity matrices. Point are 
coloured according to ecosystem: () soil, () stream sediment, and () stream 
water. Stream water samples were collected at five different time points: concurrently 
with the soil and sediment samples (), and one (Ú), two (), four (p) and six () 
weeks later. Results from PERMANOVA are indicated in the top right corner of each 
plot. Stress values for ordinations were between 0.06-0.09. 

Table B2. Results from Mantel tests to evaluate the correlation between different distance 
matrices.  

Distance indexes  Mantel’s R P-value 

Bray-Curtis vs Weighted Unifrac 0.929 0.001 

Bray-Curtis vs Unweighted Unifrac 0.966 0.001 

Bray-Curtis vs Jaccard 0.984 0.001 
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Figure B2. Connectivity of the soil samples to the stream water and sediment 
samples. (a) Raster of water flow directions across the sampled area. Color of each 
cell indicates the direction in which water travels over that section of the terrain: 
() north, () north-east, () east, () south-east, () south, () south-west, 
() west, or () north-west. (b) Flow paths (black lines) of how the surface water 
at each soil sample collection point () would travel over the terrain to the stream 
(blue line). The distance of the overland flow path was calculated for each soil 
sample to each stream sample it was connected to (total distance = overland 
distance + within stream distance).  
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Figure B3. The number of shared and unique (a) phyla or (b) genera, for each 
sample type 

 

 

Figure B4. Average relative abundances of phyla within the soil, stream sediment, 
and stream water communities 
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Figure B5. Mantel correlogram showing the degree of spatial autocorrelation in 
community composition between soil samples at varying distances. Black points 
indicate significant spatial autocorrelation, while white points indicate non-significant 
correlation. This plot shows that within the catchment, soil samples 10-20 m apart 
showed significant positive autocorrelation meaning that at these scales, the bacterial 
communities are not spatially independent and can be considered homogeneous to 
some extent. The black dots representing negative data correlations at the larger scales 
show that when two soil samples are ~100-180 m or ~450 m apart, they are negatively 
correlated meaning the communities are significantly different from each other. This 
indicates there is a degree of patchiness in the community dataset at these larger scales. 
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Figure B6. Non-metric multidimensional scaling plot showing the 
underlying distances (Bray-Curtis metric) between stream water bacterial 
communities from different time points. Stream samples were collected at 
five different time points: concurrently with the soil and sediment samples, 
and one, two, four and six weeks later. 

 

Figure B7. Density plots of the Bray-Curtis similarity (a) between samples from the same 
or different time points, or (b) between stream samples collected at the “original” time 
point and all other time points. Density curves were calculated with a default Gaussian 
smoothing kernel; y-axis density represents the smoothed number of pairwise 
comparisons for the corresponding Bray-Curtis similarity value along the x-axis. 
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Figure B8. Relationship between how far upstream a sample is located (from 
the furthest downstream sample) and the richness of the bacterial 
communities in the stream water.  

 

Figure B9. Total rainfall that occurred in the week preceding each stream sampling 
time point. Stream samples were collected at five different time points: 
concurrently with the soil and sediment samples, and one, two, four and six weeks 
later. Rainfall data was obtained from http://www.waitakeres.co.nz/ and was 
collected in the Waitakere ranges using a Davis Vantage Pro2 weather station.   

http://www.waitakeres.co.nz/
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APPENDIX C 

C.1 Methods for Chapter 4A 

C.1.1 Data acquisition  
Raw sequence reads (.sff files) from the Terrat et al. (2017) study were downloaded 

from the EBI database system (in the Short Read Archive) under project accession 

PRJEB21351, along with oligo tag information and site coordinates. A total of 69 files were 

downloaded, corresponding to 69 GS FLX Titanium sequencing runs which contained 3 to 30 

multiplexed samples. Given the differences in sequence length and depth obtained with more 

modern sequencing technologies such as Illumina sequencing, it is possible that different 

platforms will produce slightly different results. However, these methods produce consistent 

results (Claesson et al., 2010; Trembley et al., 2015). 

C.1.2 Bioinformatics 
Denoising, demultiplexing and quality filtering of raw sequence reads was done in 

mothur v1.39.5 as per the standard operating procedure for 454 data (Schloss et al., 2011), with 

all recommended or default parameters. This resulted in 1,798 samples for subsequent analyses. 

USEARCH v9.0.2132 was used to dereplicate the cleaned sequence data and remove 

singletons (sequences which occurred only once across the entire dataset). OTU clustering was 

performed using the ‘cluster_otus’ command, using the default 97% similarity threshold. This 

step also removes chimeric sequences (Edgar, 2013). 

C.1.3 Subsampling and analyses 
The OTU table from USEARCH was rarefied in R v 3.4.4 (R Core Team 2018) using 

the ‘vegan’ package (Oksanen et al., 2018) to the minimum number of reads per sample in the 

dataset (5,529 reads). At this sequencing depth, the samples contained between 413 and 1,604 

OTUs each (1,133 on average). 

Three subsampling methods were used to determine the impact that different sampling 

approaches have on the measured biodiversity. 
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1. Representative sampling: Sampling described by Orgiazzi et al. (2018) to capture a 

range of different land uses, soil properties and climatic conditions across France. 

Samples from the Terrat et al. (2017) study which were in closest proximity to the 

sampling sites identified by Orgiazzi et al. (2018) were selected for this method (n=144). 

2. Random sampling: The same sampling depth as achieved by the representative sampling 

(n=144) but samples were randomly selected from the 1,798 samples in the total dataset. 

This was repeated 10 times to obtain an average number of OTUs detected using this 

approach. 

3. Grid: Approximately the same sampling depth as achieved by the representative 

sampling (n=151) but samples were selected from the total dataset in a grid format. The 

grid was created using ArcGIS v10 and samples from the Terrat et al. (2017) dataset 

which fell closest to the centre of each square in the grid were selected.  

The OTUs in the full dataset (all 1,798 samples) were classified as either rare, or 

common, based on their total abundance (OTUs with <0.001% of reads across the dataset are 

considered rare, those with <0.001% of all reads are considered common). This threshold was 

deemed most appropriate as it classified only OTUs which were highly abundant (both in terms 

of abundance per site, as well as the number of sites in which it occurred) as common. The 

threshold resulted in 23,007 OTUs classified as rare, and 4,926 OTUs classified as common.  

The number of these rare and common OTUs obtained by each subsample was 

calculated, and Venn Diagrams were created to show the number of shared and unique OTUs 

detected by each approach. A taxa accumulation curve, showing the impact of sampling depth 

(number of samples) on the number of OTUs detected, was created using the ‘specaccum’ 

function in the ‘vegan’ package (Oksanen et al., 2018), with default parameters for method= 

‘random’.  

Grids ranging in size from 1 to 1,122 samples were created in ArcGIS v10, and samples 

from the Terrat et al. (2017) dataset which fell closest to the centre of each square in the grid 

were selected. The total richness (number of OTUs) for each of the different sized grids was 

then calculated and overlaid on the taxa accumulation curve created as described above. 
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C.2. Earth Microbiome Project (EMP) Dataset 

A total of 243 soil samples were analysed as part of the Earth Microbiome Project 

(EMP) with unique latitude/longitude information as identified using the R code below and as 

shown in Figure C1.  

library(rworldmap) 

library(ggplot2) 

library(rgeos) 

 

#plot the map 

pdf(file="worldmap.pdf") 

worldmap <- getMap(resolution = "low") 

plot(worldmap, asp = 1.5) 

 

#load in the data 

metadata <- read.csv("emp_qiime_mapping_qc_filtered.tsv", sep = "\t", header 

= TRUE) 

 

#remove samples with missing location values 

metadata <- metadata[complete.cases(metadata$latitude_deg), ]  

 

#keep only one sample per unique latitude/longitude combination 

metadata <- metadata[!duplicated(metadata$latitude_deg) & 

!duplicated(metadata$longitude_deg), ] 

 

#Just select only the data for mapping originating from ‘soil’ 

Soil<-subset(metadata, env_material =="soil") 

 

#plot the points on the map 

points(Soil$longitude_deg, Soil$latitude_deg, pch = 21, col = "darkred") 

 

dev.off() 
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Figure C1. Location of sites from which soil microbial data were analysed as 
part of the Earth Microbiome Project as described in Thompson, L. R., Sanders, 
J. G., McDonald, D., Amir, A., Ladau, J., Locey, K. J., et al. (2017). A communal 
catalogue reveals Earth’s multiscale microbial diversity. Nature 551, 457–463. 
doi:10.1038/nature24621. 
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APPENDIX D 

 

Figure D1. The (a) richness or (b) average dissimilarity of the bacterial communities 
found in the soils of sites throughout New Zealand. The dissimilarity score for each site 
was calculated based on its average dissimilarity (Bray-Curtis) to all other sites in the 
dataset. 
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Figure D2. Species accumulation curves showing the rate at which the inclusion of 
more sites results in additional OTUs present across the dataset.  

 

 

Figure D3. The underlying distances (Bray-Curtis) between the bacterial community 
data in the samples collected at different time points. The labels indicate the site the 
sample was collected from, colour indicates the month in which the sites were sampled. 
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Figure D4. The pH of soils from each of the four land uses. Boxes represent 
the interquartile range (IQR, 25-75% of the data). Median values are indicated 
by the bar within each box and whiskers show the values within 1.5 times the 
IQR; all other values are outliers and are shown as points. Boxes within each 
land use without the same letter were significantly different from each other 
(Dunn’s P < 0.05). 

 

Figure D5. The alpha diversity (Shannon index) of the bacterial communities 
in soils from each of land use. Boxes represent the interquartile range (IQR, 
25-75% of the data). Median values are indicated by the bar within each box 
and whiskers show the values within 1.5 times the IQR; all other values are 
outliers and are shown as points. Boxes within each land use without the same 
letter were significantly different from each other (Dunn’s P < 0.05). 
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Figure D6. The average relative abundances of the most dominant phyla 
present in sites, grouped according to soil pH. 
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Figure D7. Conditional inference trees summarising the relationship between 
environmental factors (‘climate’, ‘soil’ and ‘site’; see Table 4B.1) and (a) the bacterial 
community richness, or (b) the dissimilarity of the bacterial communities (Bray-Curtis, 
BC) of the sites. The closer to the top of a tree that a variable is located, the more 
important it was for splitting the bacterial data. Values on the branches indicate the limits 
of the corresponding environmental variable at which the split in the bacterial data has 
taken place. A split was only implemented if it would result in a statistically significant 
difference (p-value ≤0.05; Monte Carlo simulation). At each terminal node, the 
distribution of richness or dissimilarity for the sites belonging to that node are portrayed 
in the box plots. Boxes represent the interquartile range (IQR, 25-75% of the data). 
Median values are indicated by the bar within each box and whiskers show the values 
within 1.5 times the IQR; all other values are outliers and are shown as points.
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APPENDIX E 

Table E1. Results from the soil chemical and physical analyses. Soil cores (25 mm wide, 100 mm deep) were taken every 2 m along a 50 m 
transect and composited for chemical analyses. Larger (150 mm wide, 100 mm deep) intact cores were sampled every 15 m to measure soil 
macroporosity and bulk density. We identified highly correlated explanatory variables (with a Pearson’s correlation value greater than 0.65; either 
negative or positive), and only included one of the representative variables in downstream analyses. Representative variables that were included 
in analyses are shown in bold, variables linked with the same letter were highly correlated to each other. 

 Pine plantation Conversion 5Y Conversion 8Y Dairy pasture 
 mean std error mean std error mean std error mean std error 

pH 5.5 0.1 5.6 0.1 5.5 0.2 5.8 0.2 
Nutrients         
TC (µg/cm3) a 5.6 1.2 4.9 0.2 4.8 0.7 6.7 1.0 
TN (µg/cm3) a 0.3 0.1 0.3 0.0 0.3 0.0 0.6 0.1 
AMN (µg/cm3) a 87.4 14.9 138.7 9.0 99.0 11.1 170.6 32.0 
Olsen P (µg/cm3) 6.6 2.5 76.7 17.4 58.2 15.5 45.9 20.7 
C to N ratio b 17.5 2.0 15.0 0.3 14.6 0.6 10.6 0.6 
NO3-N (mg/kg) 16.9 8.0 127.1 24.3 72.8 11.6 139.5 37.7 
NH4-N (mg/kg) c 4.8 1.1 3.6 1.0 3.0 0.4 2.2 0.5 
Physical         
BD (t/m3) 0.8 0.1 0.7 0.0 0.7 0.0 0.7 0.0 
MP (%v/v) 19.7 6.7 16.3 2.5 23.0 2.8 9.3 2.5 
Heavy metals         
Aluminium (mg/kg) d 22942.9 10977.8 11183.3 1117.6 11450.0 1207.3 28925.0 9370.9 
Arsenic (mg/kg) a 3.4 1.1 2.0 0.1 2.2 0.3 4.6 1.5 
Bismuth (mg/kg) d 0.1 0.0 0.1 0.0 0.1 0.0 0.2 0.0 
Calcium (mg/kg) e 2276.3 818.9 4900.0 775.0 3175.0 295.5 4887.5 765.1 
Cadmium (mg/kg) d 0.6 0.5 0.2 0.0 0.2 0.0 0.9 0.2 
Cobalt (mg/kg) d 3.5 1.4 1.3 0.1 1.3 0.2 4.3 1.2 
Chromium (mg/kg) a 9.1 2.5 4.8 0.3 2.8 0.2 9.8 2.6 
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 Pine plantation Conversion 5Y Conversion 8Y Dairy pasture 
 mean std error mean std error mean std error mean std error 

Caesium (mg/kg) d 1.0 0.4 1.0 0.0 1.2 0.1 1.4 0.2 
Copper (mg/kg) d 12.6 3.5 9.8 1.9 9.6 1.9 16.6 6.2 
Iron (mg/kg) f 17071.4 4243.9 5200.0 310.9 4725.0 404.9 11462.5 4062.9 
Mercury (mg/kg) a, d, f 0.1 0.0 0.0 0.0 0.0 0.0 0.1 0.0 
Potassium (mg/kg) g 500.8 120.6 586.7 99.2 465.0 30.1 651.3 201.6 
Lanthanum (mg/kg) d 19.0 17.5 4.7 0.7 5.5 1.3 34.0 25.7 
Magnesium (mg/kg) a 662.9 182.9 438.3 42.3 415.0 45.6 766.3 103.8 
Manganese (mg/kg) d 823.0 624.5 279.2 61.1 218.8 54.1 781.6 577.3 
Nickel (mg/kg) h 3.2 1.0 2.8 0.2 2.4 0.6 5.6 1.0 
Phosphorus (mg/kg) b, e 788.6 484.0 1623.3 165.8 1332.5 192.7 2190.0 329.9 
Lead (mg/kg) f 9.3 2.7 3.9 0.2 3.8 0.3 9.5 2.7 
Rubidium (mg/kg) g 6.3 1.0 6.0 0.8 4.9 0.4 5.5 1.5 
Uranium (mg/kg) b, c, d, h 0.8 0.3 0.7 0.1 0.6 0.1 1.9 0.3 
Zinc (mg/kg) d 26.7 8.2 22.3 1.8 24.2 2.3 56.8 19.8 
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Figure E1. Relative abundances of the dominant phyla in (a) the amplicon data 
and (b) the metagenomic data in the pine, pasture and pine to pasture converted 
sites, which were sampled five (5Y) and eight (8Y) years post conversion. 
Taxonomic information was extracted using Metaxa2 (Bengtsson‐Palme et al. 
2015). 
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Figure E2. Level two COG categories which differed significantly (Mann-
Whitney U P > 0.05) in relative abundance between (a) the converted sites after 
five years and the long-term pasture sites, or (b) the converted sites after five years 
and the long-term pine sites. Negative values (red bars) indicate a lower abundance 
of that functional category in the converted sites, while positive values (blue bars) 
indicate a higher abundance of that functional category in the converted sites. 

 

Table E2. Results from Dunn’s test for the difference in relative abundance of the nirB gene. 
Top numbers represent the mean difference between the two land use histories being 
compared (column – row) and bottom numbers are the Bonferroni corrected P-values. 

(Bonferroni)                                   
Col Mean-| 
Row Mean |     Conv5Y     Conv8Y    Pasture 
---------+--------------------------------- 
  Conv8Y |   0.303821 
         |     1.0000 
         | 
 Pasture |   2.481432   1.868161 
         |     0.0393     0.1852 
         | 
    Pine |   3.237967   2.535362   0.817150 
         |     0.0036     0.0337     1.0000 
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Table E3. Results from Dunn’s test for the difference in relative abundance of the nrfA gene. 
Top numbers represent the mean difference between the two land use histories being compared 
(column – row) and bottom numbers are the Bonferroni corrected P-values. 

(Bonferroni)                                   
Col Mean-| 
Row Mean |     Conv5Y     Conv8Y    Pasture 
---------+--------------------------------- 
  Conv8Y |  -0.700597 
         |     1.0000 
         | 
 Pasture |  -2.986299  -1.895173 
         |     0.0085     0.1742 
         | 
    Pine |  -0.005044   0.734046   3.220123 
         |     1.0000     1.0000     0.0038 

 

Table E4. Results from Dunn’s test for the difference in relative abundance of nxrB gene. Top 
numbers represent the mean difference between the two land use histories being compared 
(column – row) and bottom numbers are the Bonferroni corrected P-values. 

(Bonferroni) 
Col Mean-| 
Row Mean |     Conv5Y     Conv8Y    Pasture 
---------+--------------------------------- 
  Conv8Y |  -0.523248 
         |     1.0000 
         | 
 Pasture |  -2.410823  -1.574593 
         |     0.0477     0.3461 
         | 
    Pine |   1.281064   1.681345   3.987694 
         |     0.6005     0.2781     0.0002 

 

Table E5. Results from Dunn’s test for the difference in relative abundance of nxrA/narG 
genes. Top numbers represent the mean difference between the two land use histories being 
compared (column – row) and bottom numbers are the Bonferroni corrected P-values. 

(Bonferroni)                                   
Col Mean-| 
Row Mean |     Conv5Y     Conv8Y    Pasture 
---------+--------------------------------- 
  Conv8Y |  -0.540127 
         |     1.0000 
         | 
 Pasture |  -2.552042  -1.681345 
         |     0.0321     0.2781 
         | 
    Pine |   0.776708   1.254337   3.595462 
         |     1.0000     0.6292     0.0010 
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Table E6. Results from Dunn’s test for the difference in relative abundance of the nirK gene. 
Top numbers represent the mean difference between the two land use histories being compared 
(column – row) and bottom numbers are the Bonferroni corrected P-values. 

(Bonferroni)                                   
Col Mean-| 
Row Mean |     Conv5Y     Conv8Y    Pasture 
---------+--------------------------------- 
  Conv8Y |   0.253184 
         |     1.0000 
         | 
 Pasture |  -1.664375  -1.734721 
         |     0.2881     0.2484 
         | 
    Pine |   1.513068   1.067521   3.432032 
         |     0.3908     0.8572     0.0018 

 

Table E7. Results from Dunn’s test for the difference in relative abundance of the norB gene. 
Top numbers represent the mean difference between the two land use histories being compared 
(column – row) and bottom numbers are the Bonferroni corrected P-values. 

(Bonferroni)                                   
Col Mean-| 
Row Mean |     Conv5Y     Conv8Y    Pasture 
---------+--------------------------------- 
  Conv8Y |   0.388216 
         |     1.0000 
         | 
 Pasture |  -1.472720  -1.708033 
         |     0.4225     0.2629 
         | 
    Pine |   1.371849   0.800640   3.072486 
         |     0.5103     1.0000     0.0064 

Table E8. Results from Dunn’s test for the difference in relative abundance of the nosZ gene. 
Top numbers represent the mean difference between the two land use histories being compared 
(column – row) and bottom numbers are the Bonferroni corrected P-values. 

(Bonferroni)                                   
Col Mean-| 
Row Mean |     Conv5Y     Conv8Y    Pasture 
---------+--------------------------------- 
  Conv8Y |   0.033763 
         |     1.0000 
         | 
 Pasture |  -1.624304  -1.468092 
         |     0.3129     0.4262 
         | 
    Pine |   1.538549   1.321283   3.416273 
         |     0.3717     0.5592     0.0019 
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APPENDIX F 

 

Figure F1. Ward clustering of the Euclidean distances in soil variables, and PCA showing 
the arrangements of clusters amongst (a, c) all managed sites and (b, d) non-pasture 
managed sites. 

Table F1. pH thresholds for the soil health categories. Adapted from Hill and Sparling (2009). 

Land use and Soil Extremely 
low Low Healthy High Extremely 

High 
Pasture on non-
organic soil <5 5-5.49 5.5-6.3 6.31-6.6 >6.6 

Pasture on organic 
soil <4.5 4.5-4.99 5-6.0 6.1-7.0 >7.0 

Horticulture on non-
organic soil <5 5-5.49 5.5-7.2 7.3-7.6 >7.6 

Horticulture on 
organic soil <4.5 4.5-4.99 5-7.0 7.1-7.6 >7.6 

Exotic forest on non-
organic soils <3.5 3.4-3.99 4-7.0 7.1-7.6 >7.6 

Exotic forest on 
organic soils excluded 
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Table F2. Carbon (%) thresholds for the soil health categories. Adapted from Hill and Sparling 
(2009). 

Soil type Extremely low Low Healthy 
Allophanic <3 3-4.0 >4 
Semi-arid, pallic and 
recent <2 2-3.0 >3 

Organic excluded 
All others <2.5 2.5-3.5 >3.5 

 

Table F3. Total nitrogen (%) thresholds for the soil health categories. Adapted from Hill and 
Sparling (2009). 

Land use Extremely 
low Low Healthy High Extremely 

High 
Pasture <0.25 0.25-0.349 0.35-0.65 0.651-0.7 >0.7 
Exotic <0.10 0.10-0.199 0.20-0.60 0.61-0.7 >0.7 
Horticulture depends on the crops being grown – not assessed 

 

Table F4. Anaerobically mineralizable nitrogen (mg/kg) thresholds for the soil health 
categories. Adapted from Hill and Sparling (2009) with modifications as recommended by 
Mackay et al. (2013). 

Land use Extremely 
low Low Healthy 

Pasture <50 50-99.99 ≥100 
Exotic <20 20-39.99 ≥40 
Horticulture <20 20-99.99 ≥100 

 

Table F5. Olsen P (mg/kg) thresholds for the soil health categories. Adapted from Hill and 
Sparling (2009), with modifications as recommended by Oliver (2017). 

Land use and Soil Extremely 
low Low Healthy High 

Pasture on sedimentary and allophanic 
soils <15 15-19.99 20-50 >50 

Pasture on pumice and organic soils <15 15-34.99 35-50 >50 
Horticulture on sedimentary and allophanic 
soils <20 20-49.99 50-50 >50 

Horticulture on pumice and organic soils <25 25-59.9 50-50 >50 
Exotic on all soils <5 5-9.99 10.0-500 >50 
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Table F6. Macroporosity (% at -10kPa) thresholds for the soil health categories. Adapted from 
Hill and Sparling (2009). 

Land use Extremely 
low Low Healthy Extremely 

High 
Pasture and 
Horticulture <6 6-9.99 10.0-30.0 <30 

Exotic <8 8-9.99 10.0-30.0 <30 
 

Table F7. Bulk density (t/m3) thresholds for the soil health categories. Adapted from Hill and 
Sparling (2009). 

Soil type Extremely 
low Low Healthy High Extremely 

High 
Semi-arid, pallic 
and recent <0.4 0.4-0.89 0.9-1.25 1.251-1.4 >1.4 

Allophanic <0.3 0.3-0.59 0.6-0.9 0.91-1.3 >1.3 
Organic <0.2 0.2-0.39 0.4-0.6 0.61-1.0 >1.0 
All others <0.7 0.7-0.79 0.8-1.2 1.21-1.4 >1.4 

 

 

 

Figure F2. The number of correct and incorrect predictions of land use type, based 
on a random forest classification model. Black borders indicate correct 
classifications.  



 

192 
 

 

Figure F3. Underlying differences in soil physicochemical variables at (a) all the 
managed sites or (b) all the non-pasture sites. Sites are coloured according to the 
chemistry cluster to which they belonged; shapes indicate whether a site was 
assigned the correct cluster.  
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Figure F4. The number of correct and incorrect predictions of soil chemistry 
cluster for the pasture sites, based on a random forest classification model.  
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Figure F5. Predicted (a-g) soil variable values or (h-i) principal component analyses 
axes scores versus actual values for pasture sites. Red lines indicate where points 
should fall for a perfect prediction. 
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Figure F6. The correlation between dissimilarity of soil bacterial community 
composition with dissimilarity in the soil variables for the different land uses. 
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Figure F7. The pairwise dissimilarity in (a) bacterial community composition 
and (b) soil environment for samples from the same land use. Boxes represent 
the interquartile range (IQR, 25-75% of the data). Median values are indicated 
by the bar within each box and whiskers show the values within 1.5 times the 
IQR; all other values are outliers and are shown as points. 
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Figure F8. Predicted (a-g) soil variable values or (h-i) principal component analyses axes 
scores versus actual values, based on 100 iterations of the random forest regression 
analyses, using a different random subset of samples each time. Models were based on 
either (in grey) all sites belonging to a managed land use type (horticulture, exotic or 
pasture) or (in green) sites belonging to non-pasture managed land uses (NP). Dashed 
black lines indicate where points should fall for a perfect prediction. 
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Figure F9. The relative abundances of the most dominant phyla present at 
the sites, grouped by land use.  
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