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Abstract 
 

Stream biofilms play an important ecological role in the supply of energy and organic 

matter to aquatic food webs. Bacterial community composition in stream biofilms is shaped by 

biotic interactions as well as physicochemical conditions which vary across space and time. It 

is, therefore, crucial to understand how natural and human-driven activities can impact stream 

bacterial community composition. This thesis applied next-generation high throughput 

sequencing approaches to investigate stream biofilm bacterial community dynamics and their 

differential patterns from small to large spatial gradients as well as demonstrate the existence 

of temporal and repeatable seasonal patterns in bacterial communities. Additionally, it was also 

discovered how stream bacterial communities can be used as indicators of stream quality.   

The relative importance of spatial and temporal heterogeneity in biofilm bacterial 

community composition was investigated by extracting DNA from stream biofilm samples 

from six different streams of Auckland region for 30 months period (February 2013-July 2015) 

draining three different catchment types. It was hypothesised that bacterial community 

composition would change monthly/seasonally in accordance with an annual cyclical trend and 

that regional environmental factors would be significant drivers of the observed community 

change. Bacterial 16S rRNA gene sequencing of these samples revealed that stream bacterial 

community composition was explained better by monthly changes than by differences observed 

among streams and catchment types and followed a discernible cyclical seasonal pattern. 

16S rRNA data was obtained after further inclusion of DNA extracted from stream 

biofilm samples (February 2013- February 2016) to determine the existence of temporal and 

repeatable seasonal patterns associated with stream bacterial communities. To evaluate this 

ecological modelling approach, temporal cyclicity models, such as Generalised Linear Models 

in R were utilised to discover the associations between bacterial community differences/shifts 

and environmental heterogeneity. This study selected for specific bacterial communities 

responding to bloom and seasonal changes throughout time, where a bloom represented a 

significant seasonal occurrence that can be influenced by climate change or by a combination 

of environmental conditions such as temperature, light, rainfall, and humidity. 

Finally, to address changes in bacterial communities as a result of land use alterations 

in large-scale spatial investigation in stream biofilms, 16S rRNA sequencing data from seven 

regions nationwide in New Zealand were extracted from NCBI database. Machine-learning 

approaches were used to associate bacterial community relationships with a suite of potential 
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stressors known to alter stream ecological conditions. The national-scale association between 

stream bacterial communities confirmed that bacterial community composition was closely 

linked to land use differences and was demonstrated to be predictable, with bacterial 

community composition correctly identifying sites based on their crude land use classifications 

with 62 % accuracy.  

 This thesis greatly advances our understanding of the important drivers that shape 

stream bacterial community composition and trigger significant shifts and differences in their 

composition across New Zealand. The necessity for microbial pathogens and indicators to be 

included in freshwater monitoring programmes derives from the fact that stream bacterial 

communities, including pathogens and related indicators, can represent substantial health 

concerns to humans. As a result, their presence, absence, survival or die-off in the environment, 

and sampling all necessitate unique monitoring strategies. Importantly, the implications of 

spatial, temporal gradients and the impact of land use changes on stream bacterial communities 

are highlighted in this thesis. This study provides evidence that incorporating stream bacterial 

community data as an alternate way to stream monitoring can help ensure the long-term 

sustainability of stream ecosystems impacted by agriculture and anthropogenic activities while 

maintaining healthy natural ecosystems. 
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1.1 Stream biofilms as ecological drivers  

Freshwater stream biofilm communities are a complex aggregation of microorganisms 

attached to surfaces in freshwater ecosystems and are highly ubiquitous and diverse. Biofilm 

bacterial communities are embedded in substantial amounts of extracellular polymer, assisting 

their attachment to rocks and other available surfaces in streams. These biofilm matrices house 

both photosynthetic and heterotrophic bacteria, fungi, filamentous algae, diatoms and protozoa, 

leaf litter, and a diversity of organic matter and inorganic particles (Battin et al., 2016). They 

are well known to cycle important nutrients such as carbon, nitrogen, and sulphur, as well as 

trace elements (Battin et al., 2003). Stream biofilm bacterial communities are particularly 

interesting within the freshwater metacommunity ecosystem as they are characterised by a wide 

range of spatial and temporal variability. These communities are highly susceptible to 

environmental variability and sudden physical and chemical changes/disturbances in their 

surroundings caused by droughts (Marxsen et al., 2010), heavy rainfall and flood events 

(Shabarova et al., 2021), fire (Verkaik et al., 2013), slight increase or decrease in temperature 

(Langan et al., 2001), climate change (Taniwaki et al., 2017), invasive species (Havel et al., 

2015), human induced changes and pollution (Cooper et al., 2013; Lear, et al., 2009) which are 

considered to be the most important sources of variability occurring at spatial and temporal 

gradients. As a result of which, stream bacterial community dynamics are often differ in their 

composition and diversity (Zeglin, 2015) over weeks (Lear et al., 2008), months (Ledger et al., 

1998) and years from small to large space gradients. This highly responsive attribute of stream 

bacterial communities gives rise to increased species diversity and richness in freshwaters, 

(Besemer et al., 2013; Wang et al., 2013) with an increasing effect from local and regional 

ecosystem processes.  

Understanding these stream bacterial communities is challenging because of their high 

diversity, complexity, and the potential role of various biotic and abiotic factors to drive 

differences among them over space and time. Rapid and advanced next-generation sequencing 

techniques now allow one to study and investigate the complexity of these bacterial community 

compositions in detail. Due to their high sensitivity towards physical, chemical, and 

anthropogenic activities, there has been increasing scientific research to demonstrate the 

influence of various biotic and abiotic factors on stream bacterial communities (Barnett et al., 

2020; Langenheder et al., 2019; Li et al., 2020; Paruch et al., 2020). Despite that, it is crucial 

to discern their complexity across multiple spatial and temporal scales due to large 

geographical variation and influence by specific local environments. This leads to commonly 
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observed changes, specifically driven by disturbances from regional catchment land use, and 

the magnitude of anthropogenic activities. This indicates that although local environmental 

change tends to affect stream bacterial communities, factors such as spatial, temporal, 

geographical distribution are additional drivers that could alter stream bacterial community 

diversity and their composition. Commonly observed correlations between freshwater 

ecosystem drivers and bacterial community diversity suggest that differences and shifts in the 

stream bacterial community composition could mediate freshwater ecosystem responses to 

changing environmental conditions. Understanding the relationship and association between 

stream bacterial communities and environmental changes would greatly enhance our 

understanding on how spatial and temporal differences could drive any significant difference 

in bacterial community composition and distribution; the extent to which they are impacted by 

anthropogenic activity, and how these changes can be used to monitor the quality of our 

streams. 

1.2 Stream biofilm bacterial community formation and succession  

Stream biofilms develop from primary cells that attach to a freshwater surface where 

they form slimy colonies that eventually coalesce into matrix-enclosed microbial communities 

(Besemer et al., 2007). Microorganisms within stream biofilms live via attachment to water-

associated surfaces. The formation of biofilms in freshwater begins with an initial adhesion of 

bacteria on the substratum surface that can take place on a wide range of physical surfaces such 

as large rocks and stones, submerged plants, or solid surfaces as well as suspended particulate 

matter or sediments. Once the initial colonisers have attached to the surface, secondary 

colonisation occurs resulting in the formation of complex multispecies microbial biofilms. This 

process involves the maturation of the biofilm with an increase in microbial biomass and the 

production of the extracellular matrix. As soon as biofilm starts to mature, a complex polymeric 

matrix is produced by a diverse microbial community of bacteria, archaea, fungi, protozoa, 

ciliates, viruses, filamentous and single-cell algae, all dispersed among the matrix (Battin et 

al., 2016; Besemer et al., 2007). Biofilm structure is stabilised by extracellular polymeric 

substances (EPS) that are primarily composed of polysaccharides as well as proteins, nucleic 

acids, and lipids (Neu et al., 2016; Stoodley et al., 2002). The formation of EPS and biofilm 

control is regulated by an array of coupled physical, chemical, and biotic processes such as 

nutrient availability, the synthesis and secretion of extracellular material, shear stress, social 

competition, and grazing (Flemming et al., 2016). During the time of colonization, these 

aggregates of microorganisms combine with the flow of stream water to generate natural but 
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complex and varying structures that form the fundamental basis of the biofilm community 

(Battin et al., 2003). Stresses such as flow events and floods can shear off biofilms and can 

disrupt the biofilm mature communities. Hence, the structure and composition of these biofilm 

communities could also indicate how much stress these communities are under.  

1.3 Microbial life in a stream biofilm  

Stream biofilm bacterial communities are highly diverse and contain enormous 

microbial biomass. The freshwater surface area such as., rocks, plants, leaf litters provides 

these stream microbial communities with a long-term habitat as well as the ability to deliver 

nutrients, water, and necessary metabolic activities (Battin et al., 2008). Streams form an 

interactive network with varied catchments and land use via flow tracks. Hence, these surfaces 

are considered to act as an interface between stream water and sediments are known as benthic 

zones whereas the hyporheic zone is where groundwater interacts with stream water (Battin et 

al., 2016; Besemer, 2015). This interface helps regulate the connectivity of stream biofilm 

bacterial communities to the surface, water, ground, and local environment and enables bacteria 

to perform their major role in maintaining the biogeochemistry and biodiversity (Battin et al., 

2016). These well-defined zones play an integral role in identifying bacterial community 

diversity and dynamics. Microbial communities are divided into both zones depending upon 

the external and internal environmental conditions, such as the availability of light and 

nutrients, adhesion of organisms to the surfaces, flow, temperature, and pH, biological 

interactions, etc. Most phototrophic microorganisms from the benthic zone are exposed to the 

light and hence mainly consists of algae such as diatoms, brown and green algae, red algae, 

cyanobacteria (Stal et al., 2019).  

Bacteria in stream biofilms can be considered habitat-forming organisms that shape the 

physical foundation of the biofilm matrix. As a result, bacteria provide shelter, promote the 

accumulation of nutrients and fundamentally alter both the physicochemical environment of 

the biofilm and interactions among organisms living within the biofilm matrix. These bacterial 

communities allow other organisms to interact and live in close proximity to the biofilm matrix. 

This enables the exchange of metabolites, signalling molecules, genetic material, and defensive 

compounds, all of which can be used to monitor interactions between bacteria and other 

microbial communities (Flemming et al., 2016). Studies have suggested that spatial 

environmental heterogeneity should increase the relative importance of species sorting 

processes and increase beta-diversity or community turnover rates (Wang et al., 2013). On the 

other hand, Powell et al. (2015) compared niche-based and stochastic processes to investigate 
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bacterial response to spatial environmental heterogeneity in different soil layers. They found 

that bacterial communities were overall primarily structured by niche-based processes in all 

soil layers, however, bacterial community composition was observed to be more closely 

correlated with larger spatial environmental heterogeneity (Powell et al., 2015). Next 

generation 16S rRNA bacterial gene sequencing data collected from stream environments and 

other marine ecosystems have become increasingly available, providing a more detailed 

understanding of the composition and diversity patterns of bacterial communities within stream 

biofilms. These data suggest that Proteobacteria, Bacteroidetes and cyanobacteria are the most 

prominent bacterial groups found in freshwater stream biofilms (Battin et al., 2016; Besemer, 

2015; Zeglin, 2015). It has also been shown that Betaproteobacteria and Alphaproteobacteria 

are the most widespread groups among Proteobacteria (Brablcová et al., 2013), with 

Alphaproteobacteria being responsible for the degradation of humic substances. 

Alphaproteobacteria are inclined to form grazing-resistant morphologies offering them some 

protection within freshwater biofilms (Newton et al., 2011). Betaproteobacteria are also often 

observed in high abundance in biofilms of streams, rivers, and lakes (Besemer et al., 2012) and 

Alphaproteobacteria can be more abundant in freshwater (Romaní et al., 2014) to produce 

biofilms on living and decaying plants (Buesing et al., 2009; Sandra et al., 2001). Similarly, 

Bacteroidetes are recognised as a characteristic of well-developed stream biofilms (Besemer et 

al., 2009) and have been proposed to play an important role in the degradation of suspended 

particles (Newton et al., 2011). Bacteriodetes are capable of using complex macromolecules 

and degrade suspended particulate matter, which supports their high abundance in many 

freshwater communities (Anderson-Glenna et al., 2008; Bartrons et al., 2012). Benthic biofilms 

develop into thick communities during low streamflow and when exposed to high levels of 

light, support phototrophic organisms such as algae and cyanobacteria. These cyanobacterial 

communities reduce the penetration of light into deeper biofilm layers and hence shift microbial 

communities deeper within the biofilm towards domination by heterotrophs (Battin et al., 

2003). Heterotrophic microbes are responsible for producing and releasing organic matter into 

freshwater and major carbon sources for heterotrophic biofilm microbes (Romaní et al., 2004). 

Other bacteria commonly present in freshwater streams include Acidobacteria (Fierer et al., 

2007), Gammaproteobacteria, Deltaproteobacteria, Actinobacteria, Firmicutes, 

Gemmatimonadetes, Verrucomicrobia, Planctomycetes, and Deinococcus–Thermus (Bartrons 

et al., 2012; Besemer et al., 2012; Hullar et al., 2006; Ylla et al., 2014).  



 

6 

 

Sequencing analysis also revealed archaea to be present as a minor community of 

stream biofilm (Besemer et al., 2012; Ylla et al., 2014). The relevant role and abundance of 

fungi remains less studied but is also an important component of the microbial community and 

plays an important role in the decomposition of drench organic matter (Baschien et al., 2008; 

Jacquet et al., 2010). Protists such as ciliates, flagellates, nematodes, amoebae, and viruses are 

the predators and highest consumers of the stream biofilm community (Dopheide et al., 2008) 

which helps the stream bacterial community maintain its food cycle, responsible for carbon 

cycling (Risse-Buhl et al., 2012) and decomposition. However, it has been reported that the 

interaction of physical, chemical, and biological attributes, shaped by various sequential and 

unpredictable changes in the environment and annual seasonal events, can affect the overall 

composition and abundance of microbial communities (Fierer et al., 2007; Zhou et al., 2014). 

This can lead to altering growth conditions and functions of stream biofilm bacterial 

communities thereby influencing the whole stream ecosystem.  

The underlying relationship between these organisms and bacteria has been a major 

component of research in freshwater ecology (Loreau et al., 2001). This is often referred to as 

the complementarity between organisms where they positively interact among species and 

resource partitioning and requires proximity so species can readily interact. This makes these 

diverse organisms work in symbiosis where they maximise their resource use and facilitate 

important ecological processes. For instance, interactions between heterotrophs and autotrophs 

drive carbon cycling in biofilms. The ability of diatoms, green algae, and cyanobacteria to 

secrete organic compounds, such as carbohydrates and amino acids, aids heterotrophs by 

making carbon sources highly available for metabolism (Battin et al., 2003; Ylla et al., 2009). 

On the other hand, the availability of carbon dioxide from these heterotrophs can be assimilated 

by phototrophs. These interactions make benthic biofilms self-sufficient with internal carbon 

cycling, and less dependent on external carbon sources as an energy source (Battin et al., 2003; 

Romaní et al., 2004).  

1.4 Drivers of stream bacterial community and dynamics 

Stream bacterial communities are shaped by both biotic and abiotic factors and exhibit 

a wide range of both spatial and temporal heterogeneity (see Fig. 1.1 and Table 1.1 for 

summary). Spatiotemporal heterogeneity in streams is subjected to a variety of drivers that 

could impact their shifting patterns and result in differing relative abundances within stream 

bacterial communities. Investigating important drivers of these shifts and differences in 

bacterial communities is important to improve our understanding of the bacterial community 
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assembly patterns and the magnitude of bacterial community differences in response to 

seasonal and environmental changes. Several studies have documented the effects of drivers 

that determine the stream bacterial community structure by studying the role of dispersal, 

spatial factors, and local environmental conditions (Bengtsson et al., 2018; Dzubakova et al., 

2018; Heino et al., 2015; Van der Gucht et al., 2007; Zhao et al., 2018).  

 

 

Figure 1.1. Schematic representation of interplay between regional, local processes and 

bacterial communities in shaping stream bacterial community diversity. (a) Various biotic and 

abiotic and anthropogenic factors represent potential drivers bringing bacterial community 

differences. (b, c) Differences in the stream biofilm bacterial community can be observed from 

their community composition.  (d) 16S rRNA gene sequencing could be utilised to investigate 

the bacterial community composition and dynamics.  

1.4.1 Stream bacterial community diversity across spatial and temporal gradients 

The spatial and temporal gradients defining bacterial community composition and 

diversity have largely been explored in freshwater ecosystems (Anderson-Glenna et al., 2008; 

Esposito et al., 2016; Hassell et al., 2018; Jones et al., 2012; Lear et al., 2008). Yet, defining 

potential spatial and temporal drivers of bacterial community differences may vary across 

ecosystems; bacterial community diversity seems to be the key to the understanding of different 

(a) 
(b) 

(c) 

(d) 
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ecological settings and ecosystem models. Local environmental attributes and dispersal may 

differentially affect bacterial community dynamics in stream biofilms depending on the 

spatiotemporal scale under investigation. Stream ecosystems exhibit both large and small scale 

spatiotemporal variability in their flow regime, substrate type, surface area, water solutes, 

suspended particles, and incident light exposure, etc., at different scales (Dopheide et al., 2008), 

which impacts stream biofilm bacterial community dynamics. For example, a few studies grew 

complex biofilms in mesocosms to investigate dispersal and colonization patterns in nascent 

and mature biofilms with the interaction of local flow patterns and biofilm topography (da 

Costa et al., 2020; Emilie et al., 2003; Lower et al., 1996; Marcus et al., 2014). A larger scale 

spatiotemporal study was conducted on bacterial communities of groundwater storage in the 

Amazon River Basin over 2003–2010, which uncovered seasonal variations between 20 and 

35% of the terrestrial water storage volume (Frappart et al., 2019). Similarly, glacial, 

groundwater-fed, and snow-fed streams representatives for alpine stream networks were found 

to be impacted by hydrologic and hydrogeochemical factors, which differentially affected 

sediment microbial biofilms (Battin et al., 2004). On the other hand, small spatial gradients are 

particularly interesting as they possess high surface area to volume ratio, and increased 

susceptibility to pollution due to their small size. For example, dynamics of cyanobacterial 

communities were assessed in small spatiotemporal gradients for identifying drivers of their 

compositional in a small tropical reservoir (Dalu et al., 2018). Moreover, results from a 

mesocosm experiment conducted by Augspurger et al. (2010) revealed that small-scale 

variations in the flow pattern seemed to be more important than the overall flow regime and 

indicated that colonization of biofilms in a model stream environment is a heterogeneous 

process affected by diverse biological and physical factors. Furthermore, at the sub-millimetre 

scale, it has been observed that the physical structure and niche differentiation of biofilms can 

induce spatial shifts in community composition. During low stream water flow, biofilms can 

develop into a thick layering of algae and cyanobacteria that are consistently exposed to light, 

which in turn, shift the bacterial community towards heterotrophs (Battin et al., 2003). Various 

studies based on the dispersal dynamics suggest that on a sub-millimetre scale, physical 

structure and niche differentiation can trigger significant spatial shifts in the biofilm 

community assembly and composition (Battin et al., 2016). Variation in access to substrates 

for microbial activity can occur across the biofilm internally or externally, depending upon 

whether heterotrophic bacteria can utilise carbon supplied by algae and cyanobacteria (Murray 

et al., 1986; Neely et al., 1995). These attached communities, however, do respond readily to 

external forces such as nutrient availability in stream water (Stelzer et al., 2001).  
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Many studies on freshwater streams have been conducted at a large catchment scale 

where dispersal dynamics and environmental conditions have been reported to shape bacterial 

diversity and community composition in stream biofilms (Battin et al., 2016; Zeglin, 2015). 

The pH, temperature, and electrical conductivity of the catchment geology and altitude vary 

over various catchment scales that can influence stream bacterial community assembly. For 

instance, the presence of major phyla such as Actinobacteria, Nitrospirae, and Verrucomicrobia 

varied with the electrical conductivity of stream water, whereas the presence of Acidobacteria, 

Gemmatimonadetes, and Proteobacteria was related to shifts in pH (Wilhelm et al., 2013).  

Significant differences in bacterial community dynamics in benthic biofilms have also been 

discovered within stream networks draining several catchments. In a survey of over 114 

streams in a network, the average α-diversity in benthic biofilms was found to be decreased 

from a greater diversity upstream, to lower diversity in downstream reaches (Besemer et al., 

2013). There is also evidence available which revealed both dispersal dynamics and hydrology 

can affect the stream biofilm bacterial community structure. Sequence data analysis generated 

from 16S rRNA gene showed that bacterial community networks tend to fragment into more 

abundant, but smaller, clusters that may be sensitive to the hydrological regime and dispersal 

dynamics (Widder et al., 2014). Similarly, stream bacterial community composition and 

diversity can also vary at a largescale environmental gradient and geographical distance; 

whereby change in land use, such as that causing differences in native land use, rather than 

spatial factors, such as latitude or elevation, most strongly affected community composition 

and diversity (Lear et al., 2013). Overall, spatial scale analysis studies reveal important insights 

into the relationship between the local stream environment and bacterial communities. These 

patterns suggest that stream bacterial community composition and dynamics are not random 

but are driven by environmental factors.  

In contrast, several studies have investigated the role of either temporal or 

spatiotemporal heterogeneity in driving stream bacterial community responses. Stream 

conditions are often highly variable over time due to seasonal changes and, unpredictable 

climate events such as rainfall, flood, or storm event, hence are prone to frequent disturbances 

making bacterial communities particularly sensitive to changes in the surrounding 

environment. For instance, using Terminal restriction fragment length polymorphism (TRFLP) 

and sequencing of the bacterial 16S rRNA gene, at both centimetre and kilometre scales along 

patches of a pristine upland river from 2001- 2003, has allowed the interpretation of the 

taxonomic affiliations of dominant bacterial members of the biofilm community. Factors such 
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as pH and temperature, in particular, were found to be correlated with variations in the 

microbial communities (Anderson-Glenna et al., 2008). Similarly, in a survey of 107 stream 

bacterial community samples collected from four mountain locations from September 2008 to 

November 2009, temporal shifts were observed to affect bacterioplankton community structure 

and their alpha diversity that was found to vary independently of time (Portillo et al., 2012). 

Similar findings report that temporal changes in the physical and chemical properties of streams 

can strongly influence sediment and biofilm‐associated bacterial communities (Besemer et al., 

2007; Hullar et al., 2006; Olapade et al., 2004). Large-scale investigations of dominant, rare, 

and sporadic bacterial communities in streams, as well as their relationships with regional 

environmental variables, will provide important insights into the potential drivers responsible 

for shaping these communities and how changes in the environment and land use impact 

bacterial community structure and its composition.  

1.4.2 Environmental drivers of stream bacterial community diversity  

Stream bacterial communities are highly responsive to environmental variations taking 

place in the local surroundings and climatic conditions. Investigating variation patterns in 

relation to the bacterial community diversity and composition will enhance our understanding 

of the roles played by individual species in the stream ecosystem. Moreover, it will also reveal 

differences and shifts that occur in bacterial community composition as well as demonstrate 

how they respond to changing environments. Overall, several studies have highlighted the 

importance of environmental and climate change in explaining bacterial community 

differences, some of which include light, temperature, pH, dissolved organic carbon, etc., of 

which few are discussed here (Table 1.1). 

1.4.2.1 Light 

Light is one of the most significant and well-established factors causing stream bacterial 

community differences, particularly by promoting cyanobacterial and algal growth in biofilms. 

Light is a continuous variable that differs from saturation in open channel streams to limited 

intensity in forested areas, particularly within smaller streams susceptible to greater shading. 

Furthermore, biofilm characteristics such as thickness can affect the intensity of light passing 

through the biofilm matrix (Decho et al., 2003). Light availability affects the net primary 

production in stream ecosystems (Wagner et al., 2015) and influences biogeochemical cycling 

by stimulating enzyme reactions via photosynthesis (Battin et al., 2016). This, in turn, results 

in abundances of phototrophic bacteria and cyanobacterial blooms in streams within a biofilm, 

which has been found to have important implications for the organic carbon supply of 
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heterotrophic organisms (Romaní et al., 2004). For instance, the correlation between light and 

algae was found to significantly increase the abundance of benthic algae and primary 

production where light and phosphorus were considered as the major driver observed to 

influence algal biomass accumulation (Hill et al., 2009).  

In addition, combined effects of light and temperature were investigated on the 

development and denitrification function of periphytic biofilms using a microcosm experiment, 

which indicated thicker biofilms possess a higher Chlorophyll A content, concentration of 

extracellular polymeric substances, and higher phosphorus contents under higher temperature 

(Zhao et al., 2018). The increased heterotrophic biomass associated with algae or increased 

photosynthesis is also observed to stimulate pH shifts that can affect biofilm enzyme activity 

(Romaní et al., 2004). Several other studies demonstrated the combined effects of nutrients and 

light in causing stream bacterial community differences (Guariento et al., 2011; Proia et al., 

2012; Veach et al., 2018; Ylla et al., 2007). For instance, phosphorus is considered to be one 

of the most important limiting factors for structural and functional components in algae growth, 

while light is a necessary energy element for algae to carry out photosynthesis and primary 

production. Consequently, the interaction of light and phosphorus was found to play an 

important role in freshwater phytoplankton stoichiometric composition (Dickman et al., 2006). 

Similarly, differential effects of nutrient enrichment including inorganic phosphorus, nitrogen, 

and light availability noticeably impacted primary production of both algal and moss 

communities from a headwater forested stream using laboratory experiments. The results from 

the study concluded that nutrients significantly enhanced primary production only under high 

light availability (Ylla et al., 2007). It has also been suggested that the release of dissolved 

organic carbon (DOC) from algal cells increases with photosynthetic production, and correlates 

with increasing light availability (Espeland et al., 2001). Additionally, an increase in 

temperature of flowing water affects the prokaryotic community composition and heterotrophic 

metabolic activities of biofilms grown under light or dark conditions. Overall, there is strong 

and consistent evidence proving that there is a relationship between light and stream bacterial 

community composition and its function.  

 

1.4.2.2 Temperature 

Temperature is one of the most important potential aspects affecting microbial 

physiology via mechanisms such as altered primary production and respiration, growth, 

metabolic rates, feeding (Vasseur et al., 2005), biotic interactions, and organic matter 
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degradation (Villanueva et al., 2011). In microbial planktonic communities, a slight 

temperature increase may affect carbon cycling and stimulate polysaccharide degrading 

enzymes (Wohlers et al., 2009). An experimental study reported that an increase of 3°C in 

stream temperature changed the biofilm metabolism, resulting in a greater decomposition of 

polymeric complex compounds and peptides. This demonstrates the effect of temperature 

increase on biofilm performance in terms of using organic compounds for their enzyme 

activities (Ylla et al., 2014). Other experimental studies found that water temperature increases 

of 2–3°C resulted in greater ciliate and rotifer densities, but minor changes in bacterial 

communities (Romaní et al., 2014). This result suggests that temperature imposes an effect on 

feeding habits of small benthic microbial communities that can modify the trophic food web in 

stream ecosystems (Romaní et al., 2014; Villanueva et al., 2011). It has also been identified 

that the warm conditions can also have a long-term significant effect on the biofilm function 

and structure which was found to alter the biofilm function, especially when tested on warmer 

nights. This resulted in enhanced β‐glucosidase enzyme activity (Freixa et al., 2017), indicating 

that bacterial communities readily respond and acclimatize to temperature and at the same time 

respond to the changes in the environmental conditions. In particular, it is widely reported that 

the ratio between heterotrophic organisms and autotrophic organisms increases with 

temperature in aquatic systems (Dahlgren et al., 2011; Sand-Jensen et al., 2007) and so the 

microbial communities gradually become more heterotrophic with warming (Freixa et al., 

2017). Higher temperatures that have been found to stimulate the higher densities of rotifers, 

which, in turn, regulate the development of ciliates and the bacterial population (Pajdak-Stós 

et al., 2012; Romaní et al., 2014), suggesting control on prey populations and increased grazing 

rates due to rises in temperature. In contrast, mesocosm studies reported a loss in bacterial 

communities by 30%–40% in warmer conditions as opposed to communities growing at a 

constant temperature, leading to noticeable modifications in the top predators of a food web 

structure (Petchey et al., 1999). These studies reveal the significant impact of temperature on 

bacterial community assembly and composition as well as their functional attributes. 

Furthermore, higher temperature has been observed to support thicker periphytic biofilms with 

higher Chlorophyll A, EPS, and TP contents during high light conditions (Zhao et al., 2018). 

Likewise, the growth of estuarine microphytobenthos in a given light climate is found to be 

dependent on the temperature regime (Defew et al., 2004). This suggests that combined effects 

of temperature and light can lead to significant changes in stream bacterial communities 

throughout seasons  
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1.4.2.3 Organic carbon and nutrient concentrations  

Organic carbon and nutrients are a necessity for biofilm growth, bacterial community 

assembly, composition, and diversity in stream ecosystems. Moreover, nutrients are also 

responsible for promoting allochthonous organic matter processing (Benstead et al., 2009; 

Greenwood et al., 2007; Rosemond et al., 2015) in headwater streams, increasing biological 

production rates, and ultimately altering biogeochemical cycles (Smith et al., 2006). High 

nutrient availability might ease competition for available resources within bacterial 

communities (Burgos-Caraballo et al., 2014) and favour the introduction of few rare and new 

species. This could affect species richness (Mittelbach et al., 2001). An increase in nutrient 

sources might favourably promote the growth of certain bacterial species, for instance, bacterial 

diversity in tropical stream biofilms increased with nitrate concentrations (Burgos-Caraballo et 

al., 2014). In contrast, bacterial diversity was reported to be lower in a highly impacted, 

nutrient-rich urban stream than in more pristine streams (Lear et al., 2009). Conversely, low 

bacterial richness was observed in benthic biofilms along a river irrespective of high nitrogen 

and phosphorus (Emilie et al., 2003). Significant increases in invertebrate secondary 

production, biomass, and abundance in stream ecosystems can be caused by the substantial 

effects of nutrient enrichment (Cross et al., 2006).  

Elevated nutrient concentrations can also increase autochthonous biomass and primary 

production (Dodds et al., 2002; Rosemond et al., 2000), but these changes may be limited by 

light availability (Greenwood et al., 2005; Hill et al., 2001; Ylla et al., 2007). For instance, 

riparian canopies in forested streams were found to regulate light reaching to the streambed 

and consequently affect stream metabolism despite high nutrient availability (Proia et al., 

2012). Algal biomass could enhance heterotrophic organic matter utilization as a response to 

the algal-bacterial association where algal biomass represents a major carbon source for 

bacteria (Romaní et al., 2004). Similarly, under variable light conditions, bacterial mRNAs 

were discovered to be involved in phosphorus metabolism, mainly from Betaproteobacteria 

and Cyanobacteria, suggesting that they are compensating for nutrient depletion in thick 

biofilms with high biomass. However, the diverse ciliate community was found to shift towards 

grazing on algae instead of bacteria under higher light (Bengtsson et al., 2018; Veach & 

Griffiths, 2018). 

Temperature changes were shown to have differential impacts on biofilm bacterial 

communities and their functional diversity. For instance, warming of stream water by 3°C was 

found to increase functional diversity of bacterial communities in stream biofilms, mainly due 

to wider use of carbohydrates and polymers (Ylla et al., 2014). The response of algal growth 



 

14 

 

to temperature has also been found to be enhanced by nutrient availability, proposing that 

nutrient enrichment favours algal biomass and net primary productivity with an increase in 

summer compared to winter (Guasch et al., 1995). Primary production of the stream biofilm 

communities has been identified as one of the basic ecosystem functions of the aquatic biofilms 

developing under the influence of light and nutrients (Wetzel, 1993). If neither light nor 

nutrients are present, the effect of temperature on primary production is expected to be positive 

as the photosynthetic activity boosts up by temperature (Necchi, 2004). In contrast, another 

study found that young biofilms were less affected by warming and less specialized in organic 

carbon use than mature biofilms, which suggests that the capacity to use a wide range of organic 

compounds might be advantageous for highly abundant and dominant communities during 

biofilm development and formation (Romaní et al., 2014)  

Nutrient addition can also be a bottom-up influence caused by human activities in 

agriculture, forest cutting, and urban development. Headwater streams are increasingly 

degraded by human activities, either by directly affecting their riparian cover (Aristi et al., 

2016; Loza et al., 2014; Peterson et al., 2011) or through the addition of nutrients from local or 

diffuse sources (Butturini et al., 2003; Munn et al., 2002). Altogether, it is clear that whether 

nutrient availability is a significant factor in shaping overall bacterial community diversity, 

composition, and abundance. Also, the combined effects of light and temperature with nutrients 

can have a significant effect on bacterial community diversity and composition.  

 

1.4.2.4 pH 

Increases in anthropogenic human activities and unpredictable seasonal events (such as 

floods and increase flow events) have resulted in the release of acidifying substances that 

caused widespread acidification of freshwater systems across continental scales, with 

consequent reductions in species diversity and ecological functioning in many regions (Driscoll 

et al., 2001; Rosemond et al., 1992). The pH of freshwater streams integrates a number of 

environmental factors including temperature and light and may have a direct or indirect 

influence on biofilm communities (Fierer et al., 2007; Wilhelm et al., 2013). It has been 

determined that pH response for bacterial growth is a characteristic of the actively growing 

community in a habitat (Bååth et al., 2015). However, it has been suggested that pH cannot 

have direct activity on stream bacterial communities as an independent variable (Fierer et al., 

2007), but streamwater pH can be influenced by and is associated with, a number of factors, 

including watershed geology, vegetation, hydrology, and soil (Likens et al., 2006). Stream pH 

may be considered to be one variable that effectively integrates many measured and 
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unmeasured stream attributes that influence bacterial community composition (Fierer et al., 

2007). For example, significant correlation had been observed between streamwater pH and 

dissolved organic carbon (DOC) (Eiler et al., 2003; Fierer et al., 2007) where DOC 

concentrations have been found to have an important influence on bacterial community 

composition. Additionally, pH was found to correlate with microbial community composition 

in benthic (Wilhelm et al., 2014; Wilhelm et al., 2013) and hyporheic (Freimann et al., 2014) 

stream biofilms were identified as the most significant variable explaining the structure of 

microbial communities associated with river sediments (Xia et al., 2014) and fine benthic 

organic matter (Fierer et al., 2007). Furthermore, pH was also investigated in relation to fungal 

and bacterial community composition on decaying leaves. The bacterial diversity of these 

communities was found to decrease with increasing pH (Heino et al., 2014). In contrast, the 

bacterial diversity of epilithic biofilms in streams ranging from relatively pristine to highly 

impacted by acid mine drainage decreased with increasing acidity (Lear et al., 2009).  

Several bacterial phyla are reported to respond to changes in pH. Bacteria respond to 

changes in the pH includes Acidobacteria which have been found to increase in relative 

abundance with decreasing pH in benthic organic matter (Fierer et al., 2007) and in benthic 

biofilms of glacier-fed streams (Wilhelm et al., 2013), which frequently have low pH. 

Furthermore, Proteobacteria and the Cytophaga-Flavobacter group were also found to increase 

in abundance with increasing pH, while Gemmatimonadetes were found to decrease with 

increasing pH (Fierer et al., 2007; Freimann et al., 2014; Wilhelm et al., 2013; Xia et al., 2014). 

In addition, pH has been reported as an important driver of bacterial community in other 

ecosystems, including soils (Hermans et al., 2020), hypersaline sediments (Hollister et al., 

2010), and glacier-fed streams (Wilhelm et al., 2013).  

While the relationship between bacterial communities and pH has been well 

acknowledged, it is important to consider that pH can be a stimulating factor for other 

environmental factors (Lear et al., 2008; Niyogi et al., 2002; Yu et al., 2009). Stream pH is 

considered to be one variable that effectively integrates a number of measured and unmeasured 

stream attributes, for example, positive correlation between stream pH and dissolved organic 

carbon levels (Eiler et al., 2003; Fierer et al., 2007), pH, and temperature (Martin et al., 2021), 

pH and high concentrations of metals (Lear et al., 2009). 
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1.4.2.5 Anthropogenic activities 

Freshwater streams are major recreational sites for human activities. Waterway 

modification for agricultural and industrial purposes, including diversion for irrigation, 

disposing of chemical pollution such as heavy metals, pesticides, fertilizers and organic 

pollution such as domestic, human-and animal-oriented waste (Justus et al., 2010; Kohler et 

al., 2012; Schaller et al., 2004) has impacted freshwater streams directly or indirectly. Hence, 

it is not surprising that substantial modification of land uses, and catchment types, have 

significantly impacted stream bacterial communities and led to extensive ecological 

degradation. It has also been reported that wastewater effluents modify dynamic changes in the 

quantity and quality of nutrients and organic matter in streams (Deegan et al., 2011), making 

freshwater stream ecosystems no longer sustainable. Anthropogenic activities cause an 

increase of nitrogen and carbon loads in streams and rivers, which are transported to the 

downstream lake and coastal waters or, transformed along streams and rivers (Galloway et al., 

2003; Kaushal et al., 2014; Qu et al., 2017). A stream biofilm analysis study based on 

community DNA fingerprinting technique was used to determine that highly elevated levels of 

Zn, Pb, and Cu were associated with microbial biofilms in Okeover Stream in Auckland, New 

Zealand, and an increased abundance of genes encoding for bacterial resistance to Co, Zn, and 

Cd (Lear et al., 2012). Additionally, adding pesticide mixture in an experimental setup has been 

demonstrated to considerably modify the structure, diversity, and functional efficiency of the 

algal community (Villeneuve et al., 2011). Consequently, the pesticide- treated algal 

community was found to become denser and less productive than the reference mesocosm. 

Some algal species were only found after the pesticide contamination (Villeneuve et al., 2011), 

suggesting a positive response of stream bacterial communities towards land use contaminants 

and human activities. Similarly, significant differences have been observed in freshwater 

stream bacterial community composition and their metabolism due to the accumulation of 

anthropogenic waste. Distinct communities were found on organic substrates such as cardboard 

and leaves, compared to those from hard substrates (glass, plastic, and aluminum tiles) which 

had higher abundances of cellulose decomposing bacteria (Hoellein et al., 2014). In addition 

to this, significant increases in the relative abundance of antibiotic resistance genes have been 

identified in stream biofilms from wastewater treatment plant effluents (Marti et al., 2013). 

These studies are particularly interesting as they suggest future studies on ecosystem 

sustainability, monitoring, and management. Many other studies have highlighted the issues of 

herbicide accumulation in the aquatic environment and the subsequent impact this has on the 

species richness of autotrophic communities, resulting from the selection of more resistant 
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species to the disturbance of more susceptible species (Dahl et al., 1996; DeLorenzo et al., 

1999).  

Table 1.1 Summary of some environmental factors potentially driving biofilm community 

composition and biodiversity in different freshwater habitats.  

Environmental 

parameter 

Community parameters affected Habitat type Reference 

pH Spatial distribution of microbial 

composition; bacterial community 

diversity and composition in rivers; 

promote bloom events.  

Urban rivers, 

lakes 

 

Berry et al. (2017); Ge 

et al. (2021); Ouyang et 

al. (2020) 

Temperature Stream biofilm bacterial function and 

structure; increase in the activity of 

bacterial grazers; bacterial growth rate 

and early bacterial colonization.  

Stream sediment, 

wastewater 

treatment plants, 

experimental 

mesocosms 

Freixa et al. (2017); 

Pajdak-Stós and 

Fiałkowska (2012); 

Villanueva et al. (2011) 

Light  Bacterial community structure and 

function; species richness and diversity; 

development and function of periphytic 

biofilms.  

Stream biofilms, 

estuary, 

microcosm  

experiment 

Bengtsson et al. (2018); 

Defew et al. (2004); 

Zhao et al. (2018) 

Land use change Bacterial community diversity and 

functionality; bacterial community 

differences; water quality and quantity, 

soil bacterial composition; impact on 

hydrologic network.  

Watersheds, 

freshwater 

streams, lakes 

Chen et al. (2018); 

Foley et al. (2005); 

Lear and Lewis (2009); 

Lüneberg et al. (2018); 

Motew et al. (2019) 

Dissolved 

organic carbon 

Microbial growth and efficiency; direct 

grazing on cyanobacteria.  

Experimental 

mesocosms, 

streams 

Eiler et al. (2003); 

Risse-Buhl et al. (2012) 

Nutrients Changes in microbial functional genes; 

cyanobacterial growth; growth limiting 

factors for bacterial communities; net 

primary production.  

Stream biofilms, 

experimental 

mesocosm, 

laboratory 

experiments 

Fasching et al. (2020); 

Loza et al. (2014); Rier 

et al. (2002); Ylla et al. 

(2007) 

Anthropogenic 

activities  

Cyanobacterial diversity and 

composition; shifts in relative 

abundances of the pre-existing 

terrestrial microbial community, 

selection for distinct bacterial 

communities.  

Lake, 

experimental 

mesocosms, 

rivers 

Berry et al. (2017); 

Juvigny-Khenafou et al. 

(2020); Ouyang et al. 

(2020) 

Seasonal 

changes 

Gross primary production; shifts and 

reassembly in bacterioplankton 

community; identification of specific 

taxa; recurring oscillations of multiple 

bacterial populations and their response; 

primary abiotic factors.  

Watershed, lake, 

river, estuary, and 

plume, 

agricultural creek 

Alberts et al. (2017); 

Crump et al. (2003); 

Fortunato et al. (2013); 

Hullar et al. (2006); 

Paruch et al. (2020) 
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Metals  Variations in bacterial and ciliate 

communities; bacterial community 

structure; elevated hydrocarbon, 

polyaromatic hydrocarbons, and copper 

concentrations; spatial distribution and 

diversity of bacterial communities.  

Stream biofilm, 

flow chamber 

microcosms, river 

basin, urban 

rivers 

(Ancion et al., 2013); 

Ancion et al. (2010); 

Brito et al. (2015); Ge 

et al. (2021) 

flood events Shifts in relative abundances of marine 

and terrestrially derived bacteria; 

bacterial community dynamics in 

streams.  

Streams Ares et al. (2020); 

Febria et al. (2012) 

 

1.4.3 Biotic factors  

There are several other studies (Hall et al., 2008; Martiny et al., 2011; Mohanty et al., 

2007) that suggest stream bacterial communities are largely regulated by the biological 

interactions and their surroundings. These factors are defined as biotic factors which are in 

continuous association with the stream biofilm and its bacterial community, particularly, the 

relationships of autotrophs and heterotrophs, community composition, succession, DOC, 

competition, grazing, etc. It is therefore relevant to determine the role of these factors in 

microbial community variations in stream ecosystems. Other studies have also determined that 

environmental change and dispersal dynamics both may have a combinational impact on the 

microbial community assembly, diversity, and movement of the ecosystem (Battin et al., 2016; 

Zeglin, 2015).  

Previously, it has been discussed that there is a direct relationship between the algae 

and bacteria production which alters the microbial community composition under the influence 

of various abiotic factors (Besemer, 2015; Guariento et al., 2011; Niyogi et al., 2003; Rier et 

al., 2001). However, substantial differences between primary producers and the heterotrophic 

community association may also influence the response of these communities to an altered 

supply of resources. There is also evidence available where the relationship between algae and 

bacteria has been greatly highlighted and it was established that bacteria were most likely to be 

dependent on algae for energy production, rather than on nutrients in the water column (Rier 

& Stevenson, 2001). Similarly, some studies also demonstrated a relationship between 

periphytic algae and bacteria in acid-stressed systems where bacteria were more strongly 

correlated to algae than external water chemistry variables (Niyogi et al., 2003). In contrast, 

other studies suggested that nutrient or carbon enrichment from either anthropogenic sources 

(Brümmer et al., 2003) or experimental manipulations (Olapade et al., 2006) have been shown 
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to alter the composition of the biofilm bacterial community. This suggests that stream bacterial 

community composition is shaped by a combined influence of both environmental conditions 

and biotic interactions organising bacterial communities at different phyla, sub-phyla, genera, 

and species levels.  

 

 

Figure 1.2. A stream biofilm food web showing important role of biofilm communities and 

interactions within them. Image designed by Dopheide, A (The University of Auckland)  

Within the stream biofilm environment, succession is defined as the development of 

attached bacterial communities, starting with primary producers, such as algae (Johnson et al., 

1997; Lower et al., 1996; Peterson, 1987). There have been studies that have measured the 

growth rate of biofilms at different taxonomic levels of bacterial communities in a controlled 

mesocosm environment, to understand bacterial communities formation, diversity, and 

composition as well as their successional patterns and functional characteristics (Gao et al., 

2018). Particularly, phylogenetic shifts have been shown to influence microbial community 

succession, by identifying bacterial groups (Alpha-, Beta- and Gammaproteobacteria and 

Bacteroidetes) typically found in freshwater biofilms, via selected DGGE bands (Brümmer et 

al., 2003; Loy et al., 2005). Other studies proposed that Betaproteobacteria may attach more 
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easily to surfaces during initial biofilm formation than other groups of bacteria and thus, 

dominate biofilm succession (Araya et al., 2003). During the dynamic early growth phase in a 

stream biofilm community, rapid changes in assembling may occur with their first being only 

a few OTUs present (Besemer et al., 2007), and then rare and sporadic OTUs are detected more 

frequently, utilising available resources and therefore their survival ultimately is shaped by 

local environmental conditions (such as seasonal changes or environmental disturbance 

events). On the other hand, OTUs prominent during stable growth phases are more associated 

with bacterial groups that may perform rather specialized functions in a microbial community, 

for example, Lysobacter, which are known to lyse and degrade bacteria and cyanobacteria 

(Lueders et al., 2006). The tendency to form grazing-resistant morphologies, alongside their 

ability to degrade humic substances in freshwater stream biofilms, may result in certain 

members of Alpha-Proteobacteria as well as their ability to degrade humic substances in 

freshwater stream biofilms (Newton et al., 2011). Similarly, members of Bacteroidetes have 

been proposed to play an important role in the degradation of suspended particles (Newton et 

al., 2011) and are capable of using complex macromolecules (Bartrons et al., 2012).  

There is also data available suggesting that bacterial community succession in 

freshwater is controlled by dispersal dynamics and availability of local environmental 

conditions of streams such as nutrients, rainfall events, or any predictable and/or unpredictable 

event, across a large spatial range from local to National. This assumption has been reported 

by investigating variations in bacterioplankton community composition, by using PCR-based 

community fingerprinting techniques, that were found to correlate differences in the 

communities with physical, chemical, and biological factors (Muylaert et al., 2002; Yannarell 

et al., 2005). However, quantifying the dispersal of bacterial communities is challenging 

because of their small size, high abundance, and complex assembly (Nemergut et al., 2013). 

Nonetheless, with the advent of high throughput techniques, the relationship between dispersal 

rates and microbial diversity and composition has been recently tested by measuring total cell 

abundance using flow cytometry techniques and 16S rRNA gene sequencing. The results of 

this study improved our knowledge regarding how dispersal mechanisms can alter bacterial 

colonization rates which can lead to the differences in the abundance, richness, evenness, and 

composition of bacterial communities (Albright et al., 2018). 

1.4.3.1 Interacting Factors 

Bacterial grazing is often suggested to affect the functioning of freshwater biofilms in 

several ways and the influence of which can be assessed both taxonomically and functionally 
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(Passy, 2007). Grazing simplifies both algal taxonomic composition and affects the 

physiognomic structure of the algal community (Munoz et al., 2000). Therefore, grazers 

indirectly interfere with the relative efficiency of the biofilm, improving stream water quality. 

Some studies have determined that biofilm bacterial community composition and succession 

are influenced by biotic interactions in conjunction with the environmental conditions 

(Ferrenberg et al., 2013; Knelman et al., 2014; Nemergut et al., 2013) in the surrounding stream 

ecosystem. For instance variation in algal production due to light and/or nutrient limitation may 

alter DOC (dissolved organic carbon) supply for bacteria and influence bacterial growth and 

abundance (Frost et al., 2002). Recent advances in studying stream biofilms using 

metatranscriptomics analysis revealed significant structure-functional adaptations in 

phototrophic stream communities under variable light and nutrient availability on higher 

trophic levels (Veach & Griffiths, 2018). This suggests that highly advanced and robust 

techniques could facilitate the understanding of ecosystem processes driven by biological 

interactions and surrounding environmental conditions (Fig. 1.2). Since there is a strong link 

between freshwater biofilms and terrestrial environments, the bacterial communities within 

these environments offer a good starting point to further improve our understanding towards 

bacterial community diversity and composition on spatial and temporal gradients. 

 

1.5 Methods to study stream bacterial community differences  

Some early investigations into bacterial communities within streams consisted of 

traditional methods such as culture-based approaches to assess bacterial loads, while some 

relied upon microscopy for the identification of microorganisms. Stream bacterial community 

diversity is difficult to define with these traditional methods where one can either characterize 

Gram-positive or -negative bacteria or perform plate count methods with selective media. 

There have been difficulties in culturing more than 99% of bacteria from these freshwater 

habitats by traditional microbiological methods (Solden et al., 2016). As a result, the ecological 

role of a majority of freshwater bacterial groups had been overlooked. These methods have 

now been substituted by culture-independent and high throughput molecular-based approaches 

for a better understanding of stream bacterial communities, their diversity, successional 

changes, ecological functions, and physiological responses (Fechner et al., 2010; Goecke et al., 

2013; Jackson et al., 2001).  
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Research into the microbial communities of freshwater streams research utilised 

culture-independent techniques including molecular fingerprinting, such as Automated 

Ribosomal Intergenic Spacer Analysis (ARISA), Restriction Fragment Length Polymorphism 

(RFLP), and polymerase chain reaction-denaturing gradient gel electrophoresis (PCR-DGGE) 

(Ancion et al., 2010), to investigate changes in stream bacterial community structure and 

composition. For example, a study on bacterial community diversity found that most of the 

mcrA gene clones showed low affiliation with known species and possibly represented genes 

of novel methanogenic archaeal genera/species by using PCR-DGGE clone library (Rulík et 

al., 2013). Similarly, by using the same technique, it has been reported that the number of total 

culturable bacteria in an estuary reservoir was significantly lower than that of the main river 

(Huang et al., 2014). Despite these advanced molecular techniques, the knowledge obtained by 

these studies remained somewhat limited because these low-throughput methods are restricted 

to crude taxonomy classifications. By amplifying bacterial DNA (16S and 23S rRNA genes) 

and analysing the variations between fragments, DNA fingerprinting enabled the exploration 

of complex bacterial community structures (Ranjard et al., 2001). Most DNA fingerprinting 

methods fail to detect overall bacterial community diversity (Blackwood et al., 2007). 

Therefore, despite these advanced molecular techniques, the knowledge obtained by these 

studies remained somewhat limited because these low-throughput methods are restricted to 

crude taxonomy classifications. 

In contrast to culturing and some molecular-based approaches, such as community 

DNA fingerprinting, next-generation sequencing (NGS) has the advantage of being able to 

generate millions of bacterial 16S rRNA genes and potentially offers a more accurate method 

for characterising bacterial community diversity. NGS has been used in a wide range of 

molecular biology applications and has been classified into several generations (Shokralla et 

al., 2012; Slatko et al., 2018). It has helped to overcome the limitations of using traditional 

DNA sequencing methods and has largely facilitated this approach by lowering the costs and 

producing large amounts of sequencing data. The development of next-generation sequencing 

(Margulies et al., 2005) has enabled high-throughput profiling of freshwater communities. 

Over time, there has been a substantial increase in freshwater research over the last decade to 

assess the complexity of freshwater bacterial community diversity. Various studies employing 

NGS of 16S rRNA genes from freshwater benthic and hyporheic biofilms have been completed 

(Romaní et al., 2014; Timoner et al., 2014; Zeglin, 2015).  

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/spacers
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As a result of Sanger sequencing being the first generation, new generations of DNA 

sequencing have been developed. Although, sanger sequencing provided new possibilities and 

improved our understanding of nucleic acids in scientific research, allowing us to comprehend 

cellular mechanisms. There are certain limitations to this technology, such as the amount and 

speed with which data is produced, the quality of the sequencing, and labour-intensive protocol 

(Kircher et al., 2010). Second-generation sequencing such as Pyrosequencing, MiSeq, NextSeq 

500, HiSeq 2500 platforms which is currently the most widely used NGS technology, consists 

of library preparation, amplification, and sequencing steps, whereas third-generation 

sequencing consists of library preparation, amplification, and sequencing steps. Illumina 

platforms can be used for a wide range of DNA and RNA sequencing applications. Whole 

genome, exome, targeted, and de novo sequencing are the most common DNA applications, 

whereas total RNA, mRNA, and short RNA sequencing are the most common RNA sequencing 

applications (Bao et al., 2011). Substitution errors however are more prevalent in Illumina 

systems due to the increasing noise background with each sequencing cycle (Hutchison, 2007). 

Also, after cleavage of blocking group, the nucleotide structure can interact with proteins and 

can lower the efficiency of sequencing reactions (Chen et al., 2013). Recently, third-generation 

sequencing has emerged to address well-known limitations of existing NGS platforms, 

including high prices, biases originating from the library amplification, and time-consuming 

processes. The main difference between second and third-generation sequencing technologies 

is that third-generation sequencing systems are mostly based on direct detection of target DNA 

molecules' nucleotide composition without any amplification stage. These methods include 

single molecule fluorescence sequencing, single molecule real-time sequencing, 

semiconductor sequencing, and nanopore sequencing. Fourth-generation sequencing intends to 

undertake genomic analysis directly in the cell and have enabled in situ sequencing of fixed 

tissue and cells (Mignardi et al., 2014). However, since the amount of RNA in the cell can pose 

intensity problems for the sequencing process, fourth-generation sequencing has physical 

limitations due to separation of two separate sites on a layer (Ke et al., 2013). 

 With the increased use of NGS, numerous studies have successfully compared 

spatiotemporal variation in stream bacterial community composition. For instance, significant 

differences and overall decrease were observed in the spatial distribution of Cyanobacteria, 

Proteobacteria, Planctomycetes, Chloroflexi, Actinobacteria, Acidobacteria, Bacteroidetes, 

Spirochaetes, and Verrucomicrobia NGS technologies were applied  (Schneider et al., 2015; 

Shao et al., 2011). Other studies employed these advanced sequencing tools (Anderson-Glenna 
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et al., 2008; Lear et al., 2008), to observe the significance of spatial and temporal variations 

from small spatial freshwater gradients where biofilm samples were collected over months and 

years. Similarly, few other studies highlighted the significant role of NGS in understanding the 

role of environmental factors such as nutrient concentration and flow (Gionchetta et al., 2020; 

Juvigny-Khenafou et al., 2020; Ren et al., 2019; Ren et al., 2017), light (Bengtsson et al., 2018), 

pH (Fierer et al., 2007; Ulrich et al., 2018), temperature (Beier et al., 2008; Pascual-Benito et 

al., 2020), land-use changes and anthropogenic activities (Chen et al., 2018; Hu et al., 2014; 

Ibekwe et al., 2016; Wang et al., 2019) in driving bacterial community differences.  

 

1.6 Using stream bacterial communities to predict stream quality  

Advances in high throughput sequencing technologies of environmental samples have 

dramatically expanded our knowledge of stream bacterial community diversity (Hug et al., 

2016) and represent considerable opportunities to improve our understanding of stream health 

and its quality. For example, bacterial community diversity and composition have recently been 

used to predict hydrologic function in large Arctic rivers (Good et al., 2018). Ecosystem 

monitoring and health assessment that employ bacterial communities offer huge potential for 

classifying the condition of freshwater streams because they are highly responsive to external 

and internal changes and samples are easy to collect compared to many eukaryote communities 

(e.g., fish). As bacterial communities form the basal level of food webs, any changes detected 

in the bacterial communities may be transferred to higher trophic levels such as freshwater 

invertebrates. Monitoring the ecological condition of freshwater streams has also become 

increasingly important because people rely on freshwater streams and rivers to drink and supply 

water to land and irrigation as well as many other ecosystem services.  

1.6.1 Tools to monitor stream bacterial community differences and variations  

To understand the underlying dynamics of these bacterial communities, powerful 

statistical tools are needed to analyse and interpret large amounts of ecological data. Indeed, 

many types of multivariate statistical analyses have been developed for the assessment of high 

throughput 16S rRNA gene sequencing data (Abdo et al., 2006; Bender et al., 2018). These 

approaches have been used to elucidate important research questions such as (a) how can 

differences in bacterial community composition and diversity be investigated? (b) What 

approaches could be utilised to understand the interaction between bacterial communities in 

streams and the environment? as well as (c) what statistical significance exists between 

bacterial groups? (Hermans et al., 2017, 2020; Simonin et al., 2019). Yet selection of 
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appropriate statistical methods to answer these research questions can be an overwhelming 

exercise for a freshwater ecologist.  

Different metrics are available to estimate bacterial community diversity, for example, 

α-diversity, both unweighted (taxon richness and Chao1 index) and weighted by abundance 

(Shannon and Simpson diversity indices), that takes into account the relative frequency of 

communities whereas, beta diversity is the measurement of change in community composition 

among samples. The most common approaches measuring beta diversity in ecology include 

Bray-Curtis (Bray et al., 1957), which measures turnover of species, defined as OTUs, does 

not use phylogenetic information and treats all species as completely unrelated to each other 

whereas UniFrac takes phylogenetic relatedness of the species into consideration (Lozupone et 

al., 2005). Changes in alpha and beta diversity indices are commonly used to investigate spatial 

and temporal patterns in bacterial community composition (Fierer et al., 2006; Hermans et al., 

2017; Martiny et al., 2011). 

Recent studies have highlighted bacterial community dynamics over various timescales 

and emphasized their response to daily, seasonal, and interannual variations which shaped 

bacterial community composition (Jones et al., 2012; Kent et al., 2007; Marty et al., 2002). 

These studies also found that individual organisms prefer specific environmental conditions 

for their growth as well as interactions with other organisms to sustain and compete in the 

stream environment. This implies that bacterial communities change over multiple timescales 

and in response to different surrounding forces, either biologically or non-biologically which 

ultimately causes changes to bacterial community composition. Whole bacterial community 

data ordination approaches help summarise data in two or three dimensions such as non-metric 

multidimensional scaling (nMDS) and principal components analysis (PCA), where similar 

samples are plotted near each other (Queen, 2002) based on their similarity matrices. Canonical 

correspondence analysis (CCA) (Anderson et al., 2003), distance-based redundancy analysis 

(dbRDA), distance-based linear models (DISTLM) (Clarke et al., 2006) in conjunction with 

nMDS and PCA enables bacterial communities to be examined in the context of environmental 

factors and other seasonal factors, such as dissolved organic carbon concentration (DOC), 

temperature and total dissolved nitrogen (Hosen et al., 2017), pH and nitrogen (Ibekwe et al., 

2016). Results obtained from these analyses suggested that the environmental attributes are 

most closely associated with the observed patterns of the bacterial community composition. 

These multivariate approaches have also been used to visualise and correlate environmental 

and biotic variability with bacterial community structure in time series analysis  (Esposito et 

al., 2016; Looman et al., 2016). Such approaches have been deemed to be quite appropriate for 
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studying dynamics associated with cyanobacterial blooms, which has a direct effect on the 

bacterial community composition either by interacting with other organisms or toxin 

production (Larson et al., 2018; Liu et al., 2019).  

Other studies have demonstrated the emergence of cyanobacterial blooms on a daily to 

weekly scale (Teeling et al., 2012) and monthly to seasonal scales (Williamson et al., 2018), 

observed by their abundance, was found to affect successional patterns of bacterial 

communities associated with a diatom bloom. Winds and storms, different flow rates, 

differences in light and temperature intensities are notably driven by biotic and abiotic factors 

occurring on a seasonal basis. These events can also introduce different bacterial communities 

from external environment and are also representative of different timescale analysis and have 

been achieved by the advent of several powerful statistical techniques (Alberts et al., 2017; 

Crump et al., 2003; Fortunato et al., 2013). These inferences can’t be possible without utilising 

strong statistical tools. Despite that, these annual recurring patterns in bacterial community 

composition cannot be predicted using data collected over just a few months or years. Instead, 

to obtain reliable seasonal and annual community diversity data, biofilm samples must be 

collected over several years to provide strong support for seasonally recurrent patterns in the 

data (Fuhrman et al., 2006; Kent et al., 2004; Linz et al., 2017; Yannarell et al., 2003).  

General linear models (GLMs) are another strong approach that enables the 

investigation of statistically significant drivers of biotic or abiotic patterns. For instance, in 

spatial-scale analysis, GLMs were used to identify differential response and sensitivity of 

bacterial communities to hydrological and morphological parameters. Specifically, water 

current was discovered as an essential driver responsible for the introduction, release, and 

dispersal of fungal communities in the stream (Colas et al., 2017). Other statistical methods 

use decision tree learning such as Random forest analysis (Cutler et al., 2007; Hermans et al., 

2020) and conditional inference trees (Fournier et al., 2020; Hothorn et al., 2006), to construct 

a model that predicts the values of the response variable determined by their correlation with 

predictor variables. These also aid in the identification of taxonomic groups that are responsible 

for significant changes in bacterial community composition after they've been seen in a variety 

of environments. This can be achieved by using several statistical approaches such as 

SIMilarity PERcentage or SIMPER (Clarke, 1993) or linear discriminant analysis (LDA) effect 

size (LEfSe) (Segata et al., 2011), after calculating the average Bray-Curtis dissimilarity 

between groups of samples. This facilitates the identification of taxa that are most closely 

related to the observed similarity patterns. Alternatively, Indicator value analysis (IndVal) can 

be conducted when there is a necessity to differentiate specific taxa between different sample 
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types by identifying their indicator value (Cáceres et al., 2009). IndVal identifies indicator 

species based on OTU fidelity and relative abundance; therefore, it is considered to be sensitive 

to rare taxa. This approach has been used to identify the representative taxa that respond to 

seasonal shifts and annual reassembly in freshwater environments (Fortunato et al., 2013).  

1.6.2 Stream bacteria as indicators of stream health  

Given the imperative role of stream bacterial communities in contributing to ecosystem 

processes in stream biofilms and their ubiquitous nature and higher sensitivities to 

environmental changes, they can be used to measure or monitor the quality and health of 

streams. However, using stream bacterial communities as indicators is still a unique concept. 

So far, benthic macroinvertebrates are the most relied upon biological indicators (Lenat, 1993; 

Wright et al., 2016), although their sample collection, processing time, and identification are 

highly time-consuming. Nevertheless, the current revolution in high throughput sequencing 

technologies provides appropriate sequencing depths and statistical tools, which can now be 

used to effectively examine individual bacterial taxa distributions at an appropriate level of 

taxonomy and a much higher spatiotemporal scales, even extremely diverse communities. Yet 

there are only a few studies that highlight bacterial communities potential to act as biological 

indicators. For example, a bacterial community index (BCI) model has been successfully 

designed to represent the level of disturbance in a stream catchment and was validated based 

on its correlation with both water quality and macroinvertebrate data which is traditionally used 

to determine stream health (Lau et al., 2015).  

Other studies in diverse microbial communities along coastal margins have found 

individual microbial indicator taxa whose abundance correlates with seasonal or 

physicochemical conditions (Aylagas et al., 2017; Fortunato et al., 2013). As mentioned 

previously, high throughput sequencing is now more economically and practically feasible to 

sample bacterial communities across spatial gradients as well as offer to characterize bacterial 

communities along a large temporal gradient. The association of the large bacterial 16S rRNA 

datasets with sophisticated statistical tools developed by community ecologists offers 

opportunities to move beyond characterising species richness and community structure patterns 

to looking at individual bacterial taxa responses along complex environmental gradients. With 

a greater understanding of bacterial taxa's sensitivity and response to environmental gradients, 

scientific research has begun to apply these findings to use bacterial communities as a strong 

predictor of environmental conditions. 
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1.7 Thesis objectives 

This thesis aimed to investigate the impact of spatial and temporal heterogeneity in shaping 

stream biofilm bacterial community composition and assess their potential use as indicators of 

the influence of land use changes on stream ecosystems. 

This thesis has three main objectives: 

1. Research question 1 (Chapter 2): Is spatial or temporal heterogeneity most 

important in explaining differences in stream bacterial community 

composition?   

Stream biofilm samples were collected for DNA extraction and 16S rRNA 

sequencing from six different streams in the Auckland region, over a 30-month 

period (February 2013-July 2015), along with measures of water quality and 

physicochemical conditions. The purpose of this study was to investigate spatial 

and temporal heterogeneity at a regional scale. This is important to understand as 

spatial and temporal variations are two fundamental drivers in shaping stream 

bacterial community composition. This chapter laid the groundwork for the 

subsequent chapters by explaining the factors that determine the composition of 

stream bacterial communities. 

 

2. Research question 2 (Chapter 3): Is there an existence of temporal and 

repeatable seasonal patterns associated with stream bacterial communities? 

Stream biofilm samples analysed from chapter 2 with further inclusion of samples 

from February 2013- February 2016 were used for DNA extraction and 16S rRNA 

sequencing from same streams as used in chapter 2 to determine the existence of 

temporal and repeatable seasonal patterns associated with stream bacterial 

communities. Because bacterial communities are considered to be highly 

responsive to changing environmental conditions as a consequence of their 

ubiquitous nature, short generation time, and rapid life cycle, they may be used to 

monitor temporal variability due to environmental change. This study provides a 

framework that would enable us to select for specific bacterial communities 

responding to bloom and seasonal changes over the period of time with the advent 

of advanced statistical models. 
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3. Research question 3 (Chapter 4): Are these stream bacterial communities 

associated with catchment land use type? 

16S rRNA sequencing data of stream biofilm samples from nationwide New 

Zealand were extracted from NCBI database to investigate whether these bacterial 

communities are associated with catchment landuse type. This chapter explores 

whether microbial communities are adequately reflective of land use and 

physicochemical characteristics to be reliable to be applied for use in biomonitoring 

programs. The purpose of this objective is to provide additional tools that can be 

used to determine the quality of stream health and methods that would enhance 

current knowledge of monitoring programs. Using stream bacterial communities as 

indicators could help maintain long-term sustainability and productivity of our 

freshwater streams, which represent a variety of catchment types. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

30 

 

 

 

Chapter 2 

 Analysis of spatial and temporal variations in bacterial 

community dynamics within stream biofilms 
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2.1 Introduction  

Biofilm microbial communities, which form the base of most freshwater food webs, 

exhibit substantial spatial and temporal variability in response to fluctuating environmental 

conditions. Stream biofilms are known to respond to variation in water flow (Sabater et al., 

2016), temperature, nutrient availability (Piggott et al., 2015; Zeglin, 2015), and contaminant 

concentrations (Ancion et al., 2013), as well as more broadly to impacts including catchment 

land-use change (Washington et al., 2013). Yet the relative importance of these factors as a 

determinant of stream bacterial community composition remains poorly studied.  

Stream biofilm bacterial community composition is shaped by the coaction of both 

temporal and spatial heterogeneity. Spatial factors include local and regional dispersal 

dynamics (Lee et al., 2013), flow regime (Sabater et al., 2016), landscape patterns as well as 

abiotic habitat conditions and biotic interactions (algal-bacterial associations) (Besemer et al., 

2007) whereas temporal factors exhibit variations due to predictable cyclical events, such as 

seasonal differences in rainfall and temperature, variations in light and flow regime, as well as 

unpredictable natural disturbances (Botwe et al., 2015; Lear et al., 2008). However, the relative 

importance of these factors in shaping the bacterial community of freshwater streams is also 

dependent on the local and regional environmental fluctuations (e.g. nutrients, temperature) 

over time (Dini-Andreote et al., 2015). Lear et al. 2008; 2013 provided a thorough explanation 

of how stream bacterial community composition and diversity are formed by the combined 

influence of spatial and temporal factors, as well as regional environmental interactions (Lear 

et al., 2008; Lear et al., 2013). This was accomplished by using DNA fingerprinting approach, 

and multivariate analysis to investigate components of spatial and temporal variations to 

describe community differences, as well as the fact that water temperature had the greatest 

impact on bacterial community structure. Other studies have also examined natural succession 

in bacterial biofilms across large spatial and temporal scales (Lyautey et al. 2005; Besemer et 

al. 2007) where variation in factors such as light, temperature, and nutrients, are also known to 

cause considerable shifts in community composition (Schiller et al. 2007; Lange et al. 2011; 

Romaní et al. 2014; Veach and Griffiths 2018). While some studies have confirmed 

compositional shifts to be closely related to seasonality and physicochemical parameters 

(Fierer et al. 2007; Taniwaki et al. 2019; Wang et al. 2019), others have found overall patterns 

of decreasing diversity along river flow paths (Risse-Buhl et al. 2017) or within a watershed 

(Graham et al. 2017). The phenomena of periodicity and cyclicity are also significant 

characteristics that can cause variations in bacterial community composition and diversity. This 
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periodic or cyclic characteristic is mainly expressed in time and in geographical space within 

the natural environment depending upon daily, monthly, yearly or other changes in the seasonal 

and biological cycle. Therefore, analysis of periodic or cyclical change is useful in 

understanding any kind of ecological data that tends to fluctuate up and down at regular 

intervals over time (Čobanović et al., 2006). The development of specific methods, such as the 

highly robust statistical tool periodic regression analysis (Adrian et al., 2001), allows the 

exploration and detection of seasonal and cyclical patterns in time series dataset and fills the 

knowledge gap that requires a better understanding of bacterial community variations.  

 A survey of six streams was conducted over 30 months to determine factors that 

significantly affect bacterial community structure and composition in freshwater biofilms. 

Biofilm samples were collected for molecular analysis, along with measures describing water 

quality and climatic conditions at each site. The overall aim of this study was to investigate the 

relative importance of spatial and temporal heterogeneity in biofilm bacterial community 

variations. It was first hypothesized that bacterial community composition would change 

monthly/seasonally following an annual cyclical trend. Second, regional environmental factors 

such as water temperature and light are significant drivers or correlates of the observed 

community change. To address these hypotheses, multivariate statistical methods were applied 

to measure the extent of the variance and to understand the impact of spatial and temporal 

factors in explaining stream biofilm community composition. 

 

2.2 Methods 

2.2.1 Study Sites 

Six streams within the Auckland region of New Zealand were sampled. These included 

each two urban, rural and native forest dominated catchments, chosen to represent and compare 

different types of land use within the region. Cascades and Wairoa streams (Fig. 2.1; Appendix 

A, Table A1) drain densely vegetated native forest reserve and are recognised as having good 

water quality, experiencing minimum change over recent years (Foley et al., 2018). Mahurangi 

and Ngakaroa streams drain catchments dominated by improved exotic grassland and other 

herbaceous vegetation used for grazing livestock. It is suggested that water quality in these 

areas is improving, which might be due to improvements in rural land management, including 

reduced stock access to streams, controlled fertilizer use and improved effluent management, 

and also changes in land use from agricultural land to lifestyle blocks (Foley et al., 2018). 
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Oakley and Otara Stream catchments drain mostly urban, bare, and lightly vegetated surfaces 

with significant human populations and associated residential and commercial activities.  

 

          

Figure 2.1. Map showing the study region within New Zealand and locations of sampling 

sites within the Auckland region.  

 

2.2.2 Sample collection  

Over the course of more than two years (February 2013-July 2015), 732 freshwater 

biofilm samples were collected monthly which comprised 5 replicates per site from six 

different stream locations. However, one of the forest streams site was inaccessible and hence 

replaced with Wairoa stream, and a few other samples were missing from the dataset due to a 

lack of sufficient DNA, resulting in 42 out of 180 biofilm samples being missed out from the 

sample collection. Biofilm biomass was removed from five submerged rocks by scraping the 

upper surface of each using a separate, sterile Speci-Sponge™ (Nasco, U.S.A.) before 
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placement into individual Whirl- Pak™ bags (Nasco, U.S.A.). Bags were sealed and held at 

4oC before being transported back to the laboratory and frozen (-20oC), until further analysis 

(Lear & Lewis, 2009). 

Physicochemical stream water attributes were collected at the same time by Auckland 

Council adhering to clear data collection standards (APHA, 1998) and collated in a National 

Institute of Water and Atmospheric Research (NIWA; https://cliflo.niwa.co.nz/) database. At 

each location and sample date, the data used for our study were as follows. Daily stream flow 

(m3/sec), as monitored by Auckland Council’s flow gauges; water temperature (°C, glass 

thermometer), pH (Radiometer Analytical GK2401C, HACH New Zealand); dissolved oxygen 

(% saturation, HQ40d Model, HACH New Zealand); average stream depth (m); and turbidity 

(NTU, 2100AN model Turbidimeter, HACH New Zealand). Water samples were also collected 

by Auckland Council in clean and contaminant-free containers to determine concentrations of 

dissolved organic carbon, and cations such as Ca2+, Mg2+, Na+, K+, as well as TP (total 

phosphorus), TN (total nitrogen), ammoniacal nitrogen, nitrite-N and nitrate-N (all in mg/L). 

Concentrations of suspended solids (mg/L) were also reported.  

2.2.3 Sample processing 

Sterile distilled water (50 ml) was added to each Whirl-Pak™ bag containing Speci-

sponges™. To separate the biofilm samples from the sponges, samples were macerated using 

a stomacher (Lab Stomacher 400, Seward, Norfolk, UK) for 2 mins at 300 rpm. Sponges were 

then squeezed to remove sample material, which was then transferred into centrifuge tubes and 

centrifuged at 4500 g for 20 mins. DNA was then extracted from each pelleted biofilm sample 

using the method described by Miller et al. (1999). This approach integrated bead-beating 

method with chloroform–isoamyl alcohol extraction to provide the maximum possible DNA 

yield in comparison to commercially available kits. Samples were homogenised using a 

Genogrinder (MiniG 1600  SPEXSamplePrep supplied from Total Lab Systems Ltd, New 

Zealand) for 45 seconds (2-3 times) and precipitated overnight at -20oC, followed by 

precipitation of the extracted DNA with isopropanol (Miller et al., 1999). After drying, DNA 

was re-suspended in 30 l of nuclease-free water and quantified DNA yield using a Nanodrop 

photometer (Implen Nanophotometer, München Germany). 

2.2.4 PCR amplification and sequencing 

Polymerase chain reaction (PCR) was performed to amplify V3/V4 regions of bacterial 

16S rRNA genes from the DNA extracted from each biofilm sample with Universal 16S 

https://cliflo.niwa.co.nz/
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amplicon primers using modifications of the primer 341F (5´-

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTA CGGGNGGCWGCAG-3´) 

and 785R (5´-GTCTCGTGGGCTCGGAGATGT 

GTATAAGAGACAGGACTACHVGGGTATCTAATCC-3´). This pair of primers provide 

good overall coverage of bacteria and are specifically designed for use on Illumina MiSeq DNA 

sequencing platforms (Edgar, 2013). The primers include Illumina adapter sequences 

(underlined) that are required for downstream sequencing. All PCRs were conducted in an 

Eppendorf Mastercycler thermal cycler (Eppendorf, supplied by Mediray, New Zealand) in a 

total volume of 50 μl containing 4 l of template DNA, 18 l molecular grade water, 25 l 

KAPA Taq ReadyMix (KAPA Biosystems, Roche) and 1.5 l each of the forward and reverse 

primers (10 M). Amplification was performed with (i) initial denaturation for 3 min at 95 °C, 

followed by (ii) 30 cycles with denaturation at 95°C for 30 sec, annealing for 30 sec at 55°C 

and extension for 30 sec at 72 °C, with (iii) a final extension for 5 min at 72 °C. Negative 

controls were also included in all PCRs. Amplified products were then visualised on a 1% 

agarose (w/v) gel. PCR products were purified using an AMPure XP bead clean-up protocol 

(Illumina, 2013). Purified DNA was then quantified using a Qubit double-stranded DNA 

(dsDNA) high sensitivity assay kit (3.0 Fluorometer, Invitrogen), including validation of DNA 

extract quality using an Agilent Bioanalyzer (Integrated Science, New Zealand). Sample DNA 

libraries were then submitted to the Auckland Institute of Genomics for sequencing on an 

Illumina MiSeq instrument using 2*300 bp reaction chemistry. Prior to 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 (Illumina, 2013). 

2.2.5 Bioinformatics and statistical analyses 

Stream biofilm data from sequence runs were combined and used to generate an 

Operational Taxonomic Unit (OTU) table with the VSEARCH pipeline (Rognes et al., 2016); 

merged forward and reverse reads using the fastq_mergepairs command. Using the-fastq 

truncqual command, reads were truncated with a quality score of less than 3 at the first position 

and were set to the minimum length of the merged read to 200 bp. The first 20 bp from the start 

of all the merged sequences were then trimmed using the –fastq_minovlen command. Reads 

with two or more predicted errors were discarded. Sequence data was dereplicated using the –

minuniquesize command and clustered sequences into OTUs at 97% sequence similarity using 

QIIME (Caporaso et al., 2010) by comparison against the Greengenes reference database 

(version 13.8). Details of the number of DNA sequence reads per sample after filtering reads 
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for quality are presented in Appendix A, Table A2. Finally, sequences per sample were 

randomly rarefied to a depth of 2,000 to achieve a standard sequencing “depth” across all 

samples. Rarefying sequence reads to this depth meant discarding a large proportion of total 

reads but meant that only 2% of samples were discarded for having less than 2,000 quality 

DNA sequence reads (more details are provided in Appendix A, Fig. A1). All raw amplicon 

sequence data were deposited in the NCBI Sequence Read Archive under accession number 

PRJNA643645. 

 To explore spatial and temporal variation on bacterial communities, the overall 

experimental design consisted of five factors: Catchment (fixed with three levels: urban, rural, 

and forest), Stream (random with six levels: Cascades, Wairoa, Mahurangi, Nkagaroa, Oakley 

and Otara stream; nested within catchment), Year (random with three levels: 2013, 2014, 

2015), Season (fixed with four levels: Summer, Winter, Autumn, Spring) and Month (Fixed 

with twelve levels and nested within year and season). There are two dominant factors for 

assessing significant spatial and temporal variations: Space (catchment and stream) and Time 

(month, season, and year). To maintain a consistent number of samples/sequences, data 

pertaining to the first three out of five sample replicates were retained containing no less than 

2,000 DNA sequence reads per site. After this processing, any site/timepoint combinations 

represented by less than three replicates were excluded in order to achieve a fair comparison 

of data collected among different sites and times 

2.2.6 Identification of seasonal data variations using a periodic regression model 

To explore if there were seasonal patterns in the bacterial communities, two 

PERMANOVA (permutational multivariate analysis of variance) (Anderson, 2017; McArdle 

et al., 2001) models were used. For model 1, or ‘standard’ model, five variance factors were 

used; catchment, stream, year, month, and season, where catchment and stream are considered 

as spatial factors and year, month, and season as temporal factors. These factors were regarded 

as independent variables in the model. Data attributed to each factor were analysed using 

PERMANOVA based on Bray-Curtis similarities among the data. PERMANOVA allows the 

multivariate information to be partitioned according to the full experimental design (including 

all interaction terms) and makes no particular assumptions regarding the distributions of the 

original variables, as all P-values are obtained by permutation. All tests were performed using 

type III sums of squares (as any missing data points cause the data to be unbalanced) and 9999 

permutations under a reduced model (Anderson et al., 2003; Freedman et al., 1983). In addition, 

direct multivariate analogues to the usual univariate ANOVA estimators for variance 
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components (Searle, 1995) were used to quantify the variability associated with each source of 

variation in the model. These were expressed in terms of their square root (i.e., as a pseudo 

‘SD’), to be on the same measurement scale as the original Bray-Curtis similarity matrix used 

as the basis of the analysis. Non-significant terms were removed from the model wherever P > 

0.25 (Fletcher et al., 2002). The main effect was not removed, however, if an interaction 

involving it was retained in the model (Table 2.1). 

For the second model (Table 2.2), periodic regression was applied as a simple and 

robust statistical test for the detection of cyclical and seasonal patterns in the time series 

(Batschelet, 1981; Čobanović et al., 2006), by assigning sine and cosine values to each month 

(e.g., where the underlying numeric data for January, February, March, are 30, 60 and 90, 

respectively, representing the ‘placement’ of months around a circle in degrees). Using this 

circular periodic regression model, co-variables were generated for a regular 12-month cycle 

(Appendix A, Table A3, Fig. A4) which in turn was used as a worksheet to input seasonal data 

for analysis in Model 2. This analysis specifically preserves information from each month to 

detect the cyclical patterns in bacterial communities over space and time and assign values to 

each month which was used as monthly covariates for input into our model. PERMANOVA 

was performed using type I sums of squares (sequential as this test design is with covariates) 

(Anderson et al., 2008) and with 9999 permutations under a reduced model, employing sine 

and cosine factors as covariables (Anderson & Braak, 2003; Freedman & Lane, 1983). 

Univariate ANOVA estimators (Cov1 and Cov2) obtained from this test were again used for 

variance components (catchment, year, and stream) to quantify the variability associated with 

each source of variation in the model, expressed in the terms of their square root (Table 2.1). 

To assess which model provided the best representation of our biofilm community data, 

Akaike Information Criteria (AIC) (Akaike, 1998; Anderson et al., 2008), Bayesian 

Information Criterion (BIC) (Anderson et al., 2008; Schwarz, 1978), and a modification of the 

AIC criterion (AICc) was used, determined by their scores based on their equations. The model 

with the lowest AIC, AICC, and BIC score is then contemplated as the model that best represents 

the true relationship with the given data (Anderson, 2017; Anderson et al., 2008), allowing the 

fit of models 1 and 2 to be compared. 

To visualise multivariate patterns in biofilm community structure, non-metric multi-

dimensional scaling (nMDS) on the Bray-Curtis similarity matrix was performed. nMDS is a 

nonmetric procedure that is robust to outliers and preserves the rank orders of the relative 

distances among points in the higher dimensional data cloud as well as possible in a smaller 
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number of dimensions (McArdle & Anderson, 2001). Given that one of the study sites (Wairoa) 

had some missing sampling dates in the year 2013 and only a partial dataset for the year 2015, 

nMDS plot was created after removing the year 2013 data to visualise any significant 

differences that might have been caused by the removal of these sampling dates (Appendix A, 

Fig. A5). All multivariate analyses were performed using the PRIMER v7 package (Clarke et 

al., 2001) with the additional add-on PERMANOVA+ (Anderson et al., 2008). 

2.2.7 Relationship between bacterial community composition and regional environmental 

data 

To examine which environmental parameters are correlated with community variation, 

environmental variables obtained from ‘in-stream’ recordings at the time of sampling were 

used along with the data obtained from the NIWA cliflo database. Co-linearity among 

normalized environmental variables was also quantified using Spearman’s correlation 

coefficient (with the ‘R” package corrplot).  

A non-parametric distance-based linear model (DistLM) (Anderson et al., 2008; Botwe 

et al., 2015; Chu et al., 2009) was utilised in combination with distance-based redundancy 

ordination analysis (dbRDA) to explore the hypotheses that variability in bacterial community 

composition is correlated with variation in various environmental factors recorded in-stream at 

the time of sampling (i.e. turbidity, water temperature, pH, total suspended solids, nitrate + 

nitrite, Ammonia as N, Total Kjeldahl Nitrogen (TKN), TN, DO % sat, TP, SP (soluble 

phosphorus) and average daily measurements obtained from the NIWA database (i.e. 

mean_Tmax, mean_Tmin, light, rain, soil moisture deficit. A stepwise regression selection 

procedure and AIC was used as the selection criterion to derive the most parsimonious models 

to identify the linear combination of variables that explains the greatest amount of variation in 

the bacterial community dataset. The best-fit model, based on corrected AIC, was then 

visualized in multidimensional space using dbRDA ordination (Botwe et al., 2015; 

Magierowski et al., 2012; McArdle & Anderson, 2001). Predictor variables that best explained 

the data were overlaid as biplots representing the strength of the relationship as vector length 

and also the direction of influence (Anderson, 2017; Anderson et al., 2008). 

2.3 Results  

Over 1,000,000 reads were found from 16S rRNA Illumina sequencing. Our final 

dataset (of n = 384 samples) was then rarefied to 2,000 sequences per sample; 22,000 distinct 

OTUs were obtained (Appendix A, Fig. A1). 



 

39 

 

2.3.1 Spatial and Temporal variations in stream bacterial communities  

The first PERMANOVA (Model 1) revealed that sampling ‘month’ was the most 

significant factor correlated with the observed change in bacterial community composition (P 

< 0.01), which indicates that temporal factors are more important than spatial in driving 

community variation in this study. However, interactions between all the variance factors 

including ‘month’ correlate even more strongly with the observed changes in community 

composition (ST(CA) x MO(YE x SE)), as shown by their greater square root contribution in 

this model (Table 2.1). 

Because of model 1 results, the second PERMANOVA model 2 was developed, to 

improve our understanding of the significance of temporal variations in bacterial community 

composition. Model 2 analysis revealed significant cyclical variations in bacterial communities 

as a result of interactions between the variance components (catchment, stream, year) and 

monthly covariates, which are shown by their significant value and square root contribution in 

the model (Table 2.2, PERMANOVA; P < 0.01), as also represented in Figure 2.2. This 

suggests that monthly covariates capture the cyclical nature of repeated monthly sampling and 

their interaction terms with catchment type, year, and stream correlating significantly with 

changes in bacterial community composition. 

Results from the PERMANOVA models demonstrated that analysis of the temporal 

data was best performed following periodic regression (Model 2), providing more information 

on bacterial community variation in terms of the monthly and seasonal cycle than Model 1. 

The results confirmed that the best-fit model, based on AIC, AICc, and BIC was Model 2 

(Table 2.3). 
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Figure 2.2. Stream bacterial community data, grouped by average for ( ) Month, ( ) Year, (

) season, ( ) catchment, and ( ) stream. Data are derived from non-metric multi-

dimensional scaling using Bray-Curtis similarities. The trajectory shows the direction of 

change of monthly average data. 2D Stress value: 0.17.  
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Table 2.1. PERMANOVA table of results of Model ‘1’, generated by standard ANOVA model 

based on Bray-Curtis dissimilarity distance showing the partitioning of variance factors and 

tests for the factors of (CA) Dominant catchment land-use, (ST) Stream, (YE) Year, (MO) 

Month and Season (SE) and (where possible) their interactions. 

 

* Pooled terms:  ST(CA)xYE + YE + CAxYE 

Sources of variation in parentheses denote nested factors. Terms having P > 0.05 were not removed from the 

model, as their main effect is logically required in order to fit the interaction term. P-values were obtained using 

9999 permutations of residuals under a reduced model. Sq. root = square root of the component of variation 

attributable to that factor in the model, in units of Bray-Curtis dissimilarity distance. 

 

 

 

 

Source                      df  SS Pseudo-F P Sq.root 

 CA 2 21709 1.02 0.4751 2.94 

 SE 2 10810 1.02 0.4384 2.30 

 ST(CA) 2 19920 1.70 0.0474 16.22 

 CAxSE 5 31448 1.00 0.4795 1.84 

 YExSE 5 33485 1.53 0.0876 11.56 

 MO(YExSE) 16 1.10E+05 1.35 0.0007 12.10 

 ST(CA)xSE 8 46972 1.11 0.3315 7.50 

 CAxYExSE 7 38914 1.11 0.3423 7.91 

 CAxMO(YExSE) 28 1.52E+05 1.07 0.1601 8.95 

 ST(CA)xYExSE 5 24872 2.22 0.0001 20.86 

 ST(CA)xMO(YExSE) 28 1.41E+05 2.25 0.0001 30.57 

 Pooled* 10 1.10E+05 4.92 0.0001 26.35 

 Res 256 5.73E+05                  47.29 
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Table 2.2. PERMANOVA table of results of Model ‘2’, generated by periodic regression 

analysis of Bray-Curtis dissimilarity distance comparisons of bacterial community data and 

accompanying tests for seasonality on bacterial community. Covariates (CoV1 and CoV2) 

generated from regression model of the 12-month cycle were used as ANOVA estimators in 

this model. Factors used were (CA) Dominant catchment land-use, (YE) Year, (ST) Stream, 

CoV1 and Cov2, their interactions Source (where possible). 

 

       

      *Pooled terms: ST(CA)xYE + CAxYE 

 P-values were obtained using 9999 permutations of residuals under a reduced model. Sq. root = square root of 

the component of variation attributable to that factor in the model, in units of Bray-Curtis dissimilarity distance. 

Source df SS Pseudo-F P Sq.root 

 CoV1 1 17907   4.07 0.0001  5.93 

 CoV2 1 18862   5.12 0.0001  6.28 

 CA 2 60941   1.49 0.2044  9.06 

 YE 2 38469   1.46 0.217  7.62 

 ST(CA) 3 58654   1.12 0.3845  6.30 

 CoV1xCA 2 18319   2.37 0.0001  6.44 

 CoV1xYE 2 23012   3.28 0.0001  9.63 

 CoV2xCA 2 15701   2.27 0.0001  6.00 

 CoV2xYE 2 22656   2.58 0.0001  8.19 

 CoV1xST(CA) 3 24907   2.24 0.0001  8.74 

 CoV2xST(CA) 3 18355   1.69 0.0001  6.58 

 CoV1xCAxYE 4 32845   1.71 0.0001  10.22 

 CoV2xCAxYE 4 29019   1.78 0.0001  10.20 

 CoV1xST(CA)xYE 6 46277   1.84 0.0001  16.05 

 CoV2xST(CA)xYE 5 33458   1.58 0.0001  12.80 

 Pooled* 6 71350   4.09 0.0001  22.80 

 Res 335 9.73E+05                   53.88 
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Table 2.3. Summary of the results obtained from the statistics of Akaike Information Criterion 

tests for models used in PERMANOVA. 

 

Model* N   Res.SS  v   log(res.SS/N)  First. Term        AIC       AICc BIC 

Model 1  384   572670 

        

127        3.17  1218.6  1472.6 1599.6 1546.8 

Model 2  384   972780  48        3.40 1307  1403 1417 1431 

 

*Model 1 = a strictly ANOVA model with the temporal information encapsulated by year, season, and month 

(SExYE) and spatial information by catchment + stream(CA) 

*Model 2 = model with the temporal variation encapsulated by covariates (Cov1 + Cov2) for the cyclical model 

of monthly data through the year (YE + CA + ST(CA)) 

For both models, all the interactions among appropriate ANOVA factors were included, and (for Model 2) with 

Cov1 and Cov2. Model 1 was simplified by pooling ST(CA)xSE and Model 2 by pooling ST(CA)xYE + CAxYE 

 

2.3.2 Environmental factors and biofilm bacterial diversity 

Since PERMANOVA models demonstrated that community structure differed between 

months and follow cyclical seasonal patterns (Table 2.1 and 2.2), various environmental 

(predictor) variables that could potentially drive or correlate with temporal variations in 

bacterial community composition were evaluated. A majority (15 out of 16) of predictor 

variables explained significant amounts of variability (P < 0.05) in community composition 

using marginal tests with DistLM analysis (Appendix A, Table A4). Sequential tests identified 

significant differences in bacterial community composition correlated with variation in 

concentrations of TN, water temperature, soil moisture deficit, and light explaining about 4.1 

% of the observed total variation (Fig. 2.3) in bacterial community structure. Results obtained 

from a correlation plot (Fig. 2.4) showed a significant correlation between water 

temperature/light/soil moisture deficit and TN. 

A dbRDA plot depicting bacterial community composition (based on the simplest best 

fit DistLM, AIC = 1040, R2= 0.08), showed sample data from native forest streams separated 

away from data collected from rural and urban streams (Fig. 2.3). The greatest amount of 

variation in the community composition was explained by TN (Pseudo-F= 4.28, p < 0.01) 

followed by water temperature (Pseudo-F= 2.25, p= < 0.01), catchment soil moisture deficit 
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(Pseudo-F= 2.38, p < 0.01 ) and light (Pseudo-F= 2.04, p < 0.01), which explained a lesser, but 

still significant amount of variation in the dataset (Fig 2.3). 

 

 

 

 

Figure 2.3. Distance-based redundancy analysis (dbRDA) of biofilm bacterial community 

samples in streams: (  ) Cascades (Forest), (   ) Wairoa (Forest); (   ) Mahurangi (Rural), (   ) 

Ngakaroa (Rural), (   ) Oakley (urban), (   ) Otara (urban) overlaid with normalised predictor 

variables (based on distLM analysis available in Appendix A, Table A5).  
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Figure 2.4. Correlation matrix based on Spearman rank generated by comparing environmental 

variable data. Positive correlations are displayed in blue and negative correlations in red. 

Colour intensity and the size of the circle are proportional to the correlation coefficients. 

Correlations with p-value >0.01 are considered insignificant and left blank in the matrix. 

 

2.4 Discussion  

Across the scales at which our sampling was conducted, I found that (1) temporal 

variations are more important than spatial variations as a correlate of biofilm bacterial 

community composition within freshwater streams; (2) results obtained from periodic 

regression model analysis suggest that bacterial community composition follows an annual 

cyclical trend; no strong temporal trend was observed across different years; (3) development 

of a more robust approach using periodic regression analysis aided our ability to model change 

in the stream bacterial community dataset; (4) a combination of environmental variables (water 

temperature, TN, light, and catchment soil moisture deficit) accounted for a significant but 

minor component (4.1%) of the total observed variation in the community structure. This study 

used robust and reliable statistically significant approaches to investigate spatial and temporal 

patterns, as well as their response to environmental variables, rather than relying solely on 
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visualisation and molecular biology tools.  Overall, our results indicate that temporal variability 

is a more important determinant or correlate of bacterial community structure than a suite of 

commonly recorded physicochemical variables. 

2.4.1 Variations in freshwater bacterial community composition  

Using two PERMANOVA models, significant spatial and temporal variation were 

identified in our stream biofilm community dataset. Model 1 showed that, for these data, 

temporal variation is more important than spatial variations, attributable to each of several 

spatial and temporal factors. In support of the importance of temporal variations in model 1, 

greater compositional variability was found across months and years whereas community data 

from different streams and catchments did not present any significant pattern over time. 

However, variations between the streams represented by different dominant catchment types 

were found to be significantly different. As Model 1 suggests, local environmental conditions 

drivers play a critical role in causing spatial variations in bacterial community composition. In 

contrast, Model 2 provided a better interpretation of the bacterial community dataset and 

incorporated a more robust approach by recognising monthly/seasonal temporal variations in 

bacterial community composition. The results from Model 2 varied significantly among 

streams over time, following a distinct seasonal cycle as shown by periodic regression analysis. 

A recent study by Snell et al. (2019) supports this notion, demonstrating that incorporating 

responses to seasonality at inter- and intra-annual scales is crucial to provide an accurate 

representation of temporal change in ecosystem variability, function and, in the case of their 

study, among diatom samples that were collected monthly from three independent streams 

collected across six years. Given that there is variability in stream physiochemical conditions 

among months and seasons, our finding that bacterial community composition varied 

significantly among months across seasons and years is not surprising. Furthermore, this study 

used a small spatial and large temporal scale, allowing for a better explanation of changes in 

bacterial community compositions caused due to temporal variations. In addition, the dataset 

used lacked a balanced design, hence spatial structuring appeared to be less relevant. Similar 

temporal variation in the proportion of microbes associated with different source environments 

was reported in a study of the Kalamas river in Greece (Meziti et al., 2016) which found 

substantial temporal dynamics in the taxonomic composition of the community and the fraction 

of shared OTUs across river sites. In agreement with the studies of Lear et al. (2008) and 

Woodhouse et al. (2016), our results suggest that the bacterial communities vary in response 
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to temporal variation, more so than spatial distribution (Lear et al., 2008; Woodhouse et al., 

2016; Zeglin, 2015). 

2.4.2 Relationship of bacterial community composition with environmental variables and 

land-use predictor variables 

Microorganisms are extremely abundant, proliferate rapidly, and has a significant 

ability to disperse, passively, across regional and landscape scales. In this study, stepwise 

multiple regression analysis revealed that environmental factors; water temperature, TN, light, 

and soil moisture deficit are the most important factors explaining temporal variations in 

bacterial community composition, but collectively they were able to describe just 4.1% of the 

total observed variation in community structure. The observed changes in bacterial community 

diversity in stream biofilms are most likely a consequence of complex nutrient availability and 

seasonal synchrony among years and months within the streams, which is not surprising for 

this study. In streams, water flow fluctuates in response to the flow of ground and surface water 

inputs and losses. When there is enough rainfall in the environment and soil moisture deficit 

becomes saturated, excessive water will result in runoff from the ground and surface. Excessive 

rainfall and runoff will bring soluble and chemical particles, bacteria, mud into the streams 

which eventually introduce bacteria, nutrients, or contaminants into freshwater streams. Thus, 

the frequency and severity of rainfall events and soil moisture deficit may modulate stream 

bacterial community ecology by bringing organic matter and nutrient content into the streams. 

It has been shown experimentally that the composition of organic carbon can influence 

microbial community composition (Costello et al., 2018; Langenheder et al., 2005; Risse-Buhl 

et al., 2012), but in field studies, detailed measurements of variation in organic substrate 

composition remain difficult (Artigas et al., 2015; Dittmar et al., 2009; Logue et al., 2016). 

Similarly, the effects of diverse factors including salinity (Berga et al., 2017), functional 

activity (Pohlon et al., 2010; Sabater et al., 2007; Tan et al., 2015), grazing (Huws et al., 2005; 

Lange et al., 2011; Wey et al., 2012; Wey et al., 2008), metal contamination (Ancion et al., 

2013; Diao et al., 2017; Lear et al., 2009; Zeglin, 2015), antibiotic resistance (Eckert et al., 

2019; Wright et al., 2006), competition and predation (Batani et al., 2016), microplastics 

(Arias-Andres et al., 2018) and successional changes (Diao et al., 2017; Fierer et al., 2010; 

Lyautey et al., 2005) are all implicated. Furthermore, this study focussed on an already 

established biofilm bacterial community rather than evaluating underlying community 

assembly mechanisms from the ground up. The scenario where a pristine or heavily disturbed 

habitat is formed from the ground up, influenced by environmental drivers and local resource 
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availability, offers the opportunity to specifically investigate the importance of species sorting 

and neutral processes during early assembly. Since these variables were not being measured in 

this study, I presume that the remaining 95% of bacterial community variations not explained 

by regression analyses are a consequence of the effects of these, and other factors not explored 

in this study. It is critical to consider the impacts and interactions among environmental and 

landscape factors over individual years, months and streams at various levels of taxonomy for 

substantial investigation of bacterial community variations in freshwater streams. 

In this study, environmental predictors such as water temperature and light (Ceola et 

al., 2014; Romaní et al., 2014; Zhao et al., 2018) were confirmed to be related to shifts in 

bacterial communities. This relationship is broadly consistent with earlier studies describing 

temperature as a major driver of community composition (Taniwaki et al., 2019; Zeglin, 2015; 

Zhao et al., 2018), directing pressure on bacterial communities in streams by selecting certain 

taxa, thus giving rise to seasonal microbial communities. Integrating the positive and negative 

relationships obtained from correlation analyses of environmental variables (Fig. 2.4) can 

greatly improve our ability to infer bacterial community functions and their interactions. An 

example of this might be the association and interaction of phytoplankton communities with 

low nitrate and high light and high temperature conditions in the spring season (Carr et al., 

2019; Oueriaghli et al., 2018). Our study also showed that agriculture and urban land-uses are 

significant predictors of community structure, consistent with earlier studies describing 

changes in freshwater bacterial communities in catchments exposed to elevated nutrient 

concentrations (Bechtold et al., 2012; Chen et al., 2018; Piggott et al., 2015). However, this 

relationship was observed to be weak in this study which may be driven by multiple 

mechanisms common to all land-uses, such as fluctuating nutrient concentrations brought due 

to rainfall events (Abed et al., 2011), flow rate, or photosynthesis activity (Wang et al., 2021),  

declines in water quality, including enrichment of nutrients related to increased bankside 

sediment additions, increases in salinity and temperature (Bechtold et al., 2012; Chen et al., 

2018; Piggott et al., 2015; Stott et al., 2016), and moisture deficit (Buttle et al., 2012; McMahon 

et al., 2003). Temporal changes can be related to multiple environmental drivers, most 

importantly correlating with water temperature (Piggott et al., 2015; Zeglin, 2015), hydrology 

(Ceola et al., 2014; Sabater et al., 2016), nutrient availability (Barlett et al., 2010; Piggott et 

al., 2015; Veach & Griffiths, 2018; Zeglin, 2015), and seasonal variations (Botwe et al., 2015; 

Olapade et al., 2005; Roberto et al., 2018; Wang et al., 2019) which vary over the years and 

between different freshwater streams and lakes.  
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2.4.3 Concluding remarks 

This study established a holistic approach to investigate the factors that drive and 

correlate with cyclical patterns in stream bacterial community composition, demonstrating that 

biofilm bacterial populations in freshwater streams are highly variable. This variability is 

highly significant with temporal variations (year, months, season) being identified as a more 

important correlate with bacterial community composition than spatial variation (catchment, 

stream), at the scales investigated by Model 1 and 2 in this study. Sequential analysis based on 

PERMANOVA models provided greater sensitivity in understanding spatial and temporal 

variations in stream biofilm bacterial community data. Multivariate analysis of bacterial 16S 

rRNA gene data and the advent of a periodic regression model allowed us to determine the 

components of variation attributable to each of several spatial and time-series scale. The best 

interpretation of our biofilm community dataset is represented by Model 2, incorporating 

periodic regression analysis with monthly covariates. This is due to the fact that this study was 

conducted on small spatial and large temporal scales, where dispersal limitation and 

biogeography appear to be less significant in spatial structure, but environmental variables 

appear to be the primary drivers of these differences. However, it's unclear what's causing this 

disparity in dynamics, given that environmental factors accounted for a smaller percentage of 

the variance in this study. This large scale temporal variability in stream microbial community 

structure could have implications in nutrient cycling and stream ecosystem networks. 

Approaches such as., metagenomics and proteomics will be required to decipher key functional 

capabilities of major taxa involved in nutrient cycling. I suggest that the relationships between 

nutrient concentrations and stream discharge can be broadly similar for the two adjacent 

catchments which would help understand the nutrient loading to be estimated continuously 

over annual periods. Further research is required to identify key microbial taxa impacted by 

seasonal change in biofilm community composition. 
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Chapter 3 

Time after time: Detecting annual patterns in stream 

bacterial biofilm communities 
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3.1 Introduction 

Freshwater stream environments change in response to seasonal variations as well as 

external pressures, including increased urbanization, land-use disturbances, and related 

environmental changes (Jeffries et al., 2015; Kim et al., 2020; Labbate et al., 2016; Qu et al., 

2017). The abundance and distribution of stream bacterial communities may provide insights 

into stream and catchment level ecosystem functional responses to environmental change since 

stream water and its associated microbial communities originate from the catchments they 

drain (Chapin et al., 2000). However, a baseline understanding of the extent and nature of 

temporal patterns influencing community distributions and abundances is required to 

understand the impact of environmental changes (e.g., abiotic, biotic, anthropogenic, or other 

processes) (Lear et al., 2008) on ecosystem function and bacterial community diversity (Loreau 

et al., 2001). This is of particular importance for microbial community data since a majority of 

studies that describe freshwater ecosystem function have focused on communities of 

invertebrates and plants (Kim et al., 2020; Sanderson et al., 2007; Wright & Ryan, 2016). 

However, freshwater bacterial communities are strongly influenced by changes in surrounding 

landscapes (Kraemer et al., 2020; Lear & Lewis, 2009), are highly diverse (Battin et al., 2016), 

and play a significant role in ecosystem functioning. Given the dominance of bacterial 

communities in freshwater streams and their substantial ecological role, predicting ecosystem 

responses to environmental change requires a reliable understanding of the extent to which 

these bacterial communities exhibit annual diversity patterns.  

Advances in molecular methods including high throughput sequencing techniques for 

determining the bacterial composition and biodiversity-based on 16S rRNA gene sequences 

(Good et al., 2018) provide collective evidence that bacteria exhibit substantial spatial and 

temporal patterns in their distribution and abundance (Esposito et al., 2016; Gautam et al., 

2020; Lear et al., 2008). Highly dominant and diverse bacterial phyla reported among 

freshwater environments include Proteobacteria, Cyanobacteria, Bacteroidetes, 

Verrucomicrobia, Actinobacteria, and Planctomycetes  (Battin et al., 2016; Besemer et al., 

2012). Phyla such as the Cyanobacteria, for example, are found to be strongly influenced by 

seasonal changes such as water temperature, thermal stratification, and cyclical temporal 

changes in nutrient concentrations (Salmaso et al., 2018). The successional processes which 

drive microbial diversity in streams are highly dynamic and can be disrupted from local to 

landscape scales, potentially in response to variation in temperature and precipitation (Hassell 



 

52 

 

et al., 2018). Investigating an annual repeating cyclical pattern for multiple bacterial taxa will 

reveal their potential to serve widely as predictors of environmental change.  

This chapter was designed to test if freshwater stream bacterial communities exhibit 

spatial and temporal patterns in their composition by using 16S rRNA gene amplicon 

sequencing over multiple years. In this study, stream biofilm samples from chapter 2 were 

combined with additional samples to generate a three-year sampling study, which were 

collected monthly from six streams over three years (2013-2016). Turbidity, water temperature, 

pH, total suspended particles, dissolved oxygen, air temperature, light, rain, soil moisture 

deficit, and nutrient concentrations such as nitrogen, phosphorus, and ammonia were also 

combined from chapter 2 with additional data collection. First, 16S rRNA sequencing was used 

to uncover bacterial community assemblage patterns. Second, to analyse whether the observed 

patterns in composition and diversity are repeatable over annual seasonal cycles, or indeed if 

blooms in certain taxa occur. Thirdly, to assess the extent to which environmental factors 

impact the observed temporal shifts in stream bacterial community dynamics. Here, a 

framework has been designed to allow for the selection of specific bacterial communities that 

respond to bloom and seasonal changes over time, where a bloom is a significant seasonal 

occurrence that can be influenced by climate change or a combination of environmental 

conditions such as temperature, light, rainfall, and humidity. These can be linked to early spring 

events or warming in the climate. To achieve this, a conceptual temporal cyclicity model was 

developed by applying Generalised Linear Models in R that link bacterial community 

differences/shifts to environmental heterogeneity to test our ecological modelling approach. I 

postulate that freshwater stream bacterial community dynamics are coupled with periodic 

forces related to seasonal change and extreme weather conditions occurring throughout the 

year. Distinguishing these patterns via a robust and explicit model may contribute to the 

understanding of variability observed in community assembly. This study provides a priori 

hypotheses for future experiments, thereby facilitating an efficient approach to understand 

community assembly and succession in bacterial communities across freshwater ecosystems. 

 

3.2 Methods 

3.2.1 Sample collection, processing, and DNA extraction 

The six principal sampling locations for this study were based in the Auckland region 

of New Zealand draining three different catchment types. These consisted of streams draining 
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two urban, rural, and native forest catchments, chosen to represent catchments impacted by 

different types of land use and human impact. Cascades and Wairoa streams (Appendix B, Fig. 

B1) drain densely vegetated native forest reserves and are recognised as having consistently 

good water quality (Buckthought et al., 2020; Foley et al., 2018). Oakley and Otara Stream 

catchments drain mostly urban, bare, and lightly vegetated surfaces with significant human 

populations and associated residential and commercial activities. Mahurangi and Ngakaroa 

streams are rural streams and drain catchments dominated by improved exotic grassland and 

other herbaceous vegetation used for grazing livestock. A summary of the catchment area, land 

cover distribution, and location of each stream are provided in Appendix B, Table B1. 

Five stream biofilm samples were collected within ~10 m reach of each stream, monthly 

for a 36-month period (February 2013-February 2016). Biofilm biomass was removed from 

five submerged rocks by scraping the upper surface of each using a separate, sterile Speci-

Sponge™ (Nasco, U.S.A.) before placement into individual Whirl- Pak™ bags (Nasco, 

U.S.A.). Bags were sealed and held at 4oC before being transported back to the laboratory and 

frozen (-20oC), until further analysis (Lear & Lewis, 2009). Physicochemical stream water 

attributes were collected by Auckland Council adhering to clear data collection standards 

(APHA, 1998) and collated in a National Institute of Water and Atmospheric Research (NIWA; 

https://cliflo.niwa.co.nz/) database. At each location and sample date, the data collated for this 

study were followed as described in chapter 2.  

Each biofilm sample was thawed and thoroughly macerated to separate the biofilm 

samples from the sponges using a Lab Stomacher 400 device (Seward, Norfolk, UK). DNA 

was extracted from each pelleted biofilm sample using the method described by Miller et al. 

(1999). This method utilises a bead-beating methodology with chloroform–isoamyl alcohol 

extraction (Miller et al., 1999). The protocol has been described previously for biofilm sample 

processing and DNA extraction in chapter 2. 

Various physicochemical factors were recorded in-stream at the time of sampling (i.e. 

turbidity, water temperature, pH, total suspended solids, nitrate + nitrite, Ammonia as N, TKN 

(Total Kjeldahl Nitrogen), TN (total nitrogen), DO % sat (Dissolved oxygen, saturated), TP 

(total phosphorus), SP (soluble phosphorus). In addition, average daily measurements of 

mean_Tmax (mean temperature maximum), mean_Tmin (mean temperature minimum), light, 

rain, and soil moisture deficit were obtained from a NIWA (National Institute of Water and 

Atmospheric Research) database which were averaged per month to use as physicochemical 

factors. 

https://cliflo.niwa.co.nz/
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3.2.2 PCR amplification and sequencing 

To characterize the bacterial communities present in each sample, V3/V4 regions of 

bacterial 16S rRNA genes were amplified in each biofilm DNA extract using modifications of 

the Universal 16S rRNA amplicon primers 341F (5´-

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG-

3´) and 785R (5´-GTCTCGTGGGCTCGGAGATGT 

GTATAAGAGACAGGACTACHVGGGTATCTAATCC-3´) (Edgar, 2013). The primers 

include Illumina adapter sequences (bold and underlined) that are required for downstream 

sequencing. PCR amplification and library preparation were performed as described in chapter 

2. Sequencing was conducted by Auckland Genomics (University of Auckland, New Zealand) 

on an Illumina MiSeq instrument using 2 × 300 bp chemistry. Before 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 (Illumina, 2013).  All raw 

amplicon sequence data were deposited in the NCBI Sequence Read Archive under accession 

number PRJNA643645. 

3.2.3 Bioinformatics and Statistical analyses 

DNA sequence data were processed as described previously (Hermans et al., 2020) 

using the USEARCH v 7.0 (Edgar, 2013) pipeline. Forward and reverse reads were merged 

using the fastq_mergepairs command. Sequences with quality scores lower than 20 were 

trimmed and those with length shorter than 150 bp were filtered out of all the merged sequences 

using the fastq_filter command. Finally, sequence data (derep_fulllength) was dereplicated and 

singleton reads (-sort by size) were removed. The remaining sequences were then clustered 

into species-level OTUs (Operational Taxonomic Units) at 97% similarity cut-off in QIIME 

(Quantitative Insights into Microbial Ecology, version 1.8) and classified against Greengenes 

reference database v13.8 (McDonald et al., 2012). To compare OTU (VSEARCH) and ASV 

(DADA2) tables, DADA2 was also used in R. The DADA2 pipeline was used to filter, trim, 

merge and remove low quality reads in the data based on default parameters (Callahan et al., 

2016). The RELATE routine in PRIMER7 was applied to compare the resemblance matrix 

obtained from both files based on Spearman rank correlation coefficients, using 9999 

permutations (Appendix B, Fig. B2). 

Statistical analyses were performed in Primer-E with the additional add-on 

PERMANOVA+ (Clarke et al., 2015) (Version 7; Plymouth, UK) and using the R software 

environment for statistical computing and graphics (Version 1.3.959) (R development Core 
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Team, 2020). The OTU table was rarefied to a sequencing depth of 2,000 sequences per sample 

using the ‘rarefy’ function in the ‘vegan’ package (Oksanen et al., 2013) in R to achieve an 

equal and comparable sequence depth across all samples. After rarefaction, there were 34,440 

OTUs across all the samples. The ‘vegan’ package was also used to compute a Bray-Curtis 

dissimilarity matrix to compare the alpha diversity (OTU richness, Shannon, Simpson) of 

bacterial communities among all sites.  

A total of 892 samples were analysed before rarefaction though 117 samples were 

removed from the analysis because due to lack of DNA sequence reads less than 2,000. After 

this processing, any site/timepoint combinations represented by less than three replicates were 

excluded to achieve a fair comparison of data collected among different sites and times. 

Variations in bacterial community composition were evaluated using pairwise similarities 

among samples by calculating Bray-Curtis dissimilarities from the OTU table. Dissimilarity 

matrices were visualized using nonmetric multidimensional scaling (nMDS), generating a 

graphical representation of the spatial and temporal patterns in bacterial community 

composition. The Bray-Curtis dissimilarity data were then statistically scrutinized using 

PERMANOVA (permutational multivariate analysis of variance) models in PRIMER as 

described previously in chapter 2. Dynamics of the bacterial taxonomy structure and 

composition across streams and years were plotted according to their relative abundance 

(percentage) and visualised using “ggplot” at Phylum and Order levels, respectively. This is 

because a lower level of taxonomy (such as Family) for investigating taxa responding to 

temporal differences may suffer from over-fitting, and each sample would represent a unique 

community, potentially resulting in model predictions that are so specific that they will not 

work outside of their local environment. However, Phylum level is universal and easily 

identifiable with data nationally internationally. 

A shade plot/heat map data visualisation based on the Bray–Curtis similarity matrix 

was constructed to further delineate the abundance and distribution of the top 50 most abundant 

bacterial Orders from our dataset across streams and time. The relative abundance of bacterial 

community data (Orders) was standardised by log (n + 1) before clustering them via a Bray-

Curtis similarity matrix, done using Primer-E, v.7. 

To identify significant correlations and patterns of bacterial community distribution and 

abundance following environmental change over time, three conceptual models were designed. 

Generalised linear modelling (GLM) (Myers et al., 1997) in R was used to explore temporal 

patterns in the bacterial community data. In these models, both time and space (streams) were 
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applied as covariables and as fixed factors, where Model 1 (linear) was constructed to assess 

linear trends in the data based on “days_since” the start of the experiment. Model 2 

(blooms/troughs) is based on the assumption of “days_since + I(days_since^2)” to identify 

blooms or nonlinear relationships in the data since first sampling. Model 3 (seasonal trends) is 

based on “days_since + sin(2*pi*days_since/365) + cos(2*pi*days_since/365)” to recognise 

seasonal patterns since first sampling using sine and cosine variables. To visually inspect the 

outcomes of these GLM functions, each of the orders were compared to our conceptual models 

and visualised using the function ‘ggplot’ (Fig. 3.1). These models enabled us to identify 

statistically significant relationships between bacterial communities and environmental 

changes by providing R2 adjusted values; ggplots provide visual inspection of their 

relationship. The selection of the most plausible model for each of the Orders was carried out 

by calculating and comparing Akaike's information criterion (AIC) (Akaike, 1998) followed 

by model averaging (multimodel inference) using AICcmodavg (Mazerolle, 2020). These 

outcomes were later utilised to decipher the differential patterns in individual orders (i.e., which 

of the three distinct model categories data corresponding to these taxa most closely adhere to).  

 

 

 

Figure 3.1. The conceptual diagrams of three models used to investigate temporal cyclicity in 

stream bacterial community dynamics from the beginning of the sampling period (February 
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2013- February 2016). (a) Model 1 is based on a linear trend as shown by a straight line; (b, c) 

Model 2 is based on blooms/troughs as interpreted by a curve; (d) Model 3 is based on repetitive 

seasonal trends represented by periodic wave patterns.  

Distance‐based redundancy analysis (dbRDA) (Legendre et al., 1999) was used to 

explore the relationships between these physicochemical properties and bacterial community 

composition based upon Bray–Curtis dissimilarities by utilizing the function capscale in the 

vegan package (Oksanen et al., 2013) within R. Each of these variables was tested for 

significant correlation with the bacterial data using a Monte Carlo permutation test (999 

permutations). Prior to this analysis, physicochemical data were standardised using the 

function ‘decostand’, and dbRDA was performed for each of the three GLM models.   

 

3.3 Results 

3.3.1 Sequencing and bacterial community structure 

Sequence data analysis generated a total of 123,121 quality-checked 16S rRNA gene 

sequences with further inclusion of samples from chapter 2. These sequence data were then 

rarefied to 2,000 reads per sample, after which 774 samples were obtained from six different 

streams. These high-quality sequences were clustered into 21,216 OTUs at 97% sequence 

similarity. The bacterial OTUs were classified to 61 Phyla, 261 Orders, 313 Families, and 473 

Genera. There were not many differences observed when using the DADA2 pipeline to obtain 

the ASV table. RELATE found correlation (Rho): 0.89 between their resemblance matrices at 

a significance level 0.01%. This suggests that both the methodologies provide similar results 

(whether obtained from OTU or ASV files). It has also been reported that there is high 

agreement and consistency between ASVs and OTUs for estimating microbiota diversity and 

quantifying the majority of the most abundant taxa (Moossavi et al., 2020).  Diversity index 

analysis (Appendix B, Fig. B3) showed that streams from urban catchments had significantly 

higher relative bacterial richness (OTUs) and diversity as compared to the streams draining 

predominantly rural and native catchments (Tukey HSD multiple pairwise comparisons 

p < 0.05).  
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3.3.2 Bacterial community variations  

Multivariate analysis was used to elucidate and display spatial and temporal variations 

within the stream biofilm communities. PERMANOVA models based on a Bray-Curtis 

resemblance matrix revealed that year is an important individual factor correlated with the 

change observed in bacterial community composition (p < 0.01) along with stream, and months 

(Appendix B, Table B2). The interactions between all the variance factors 

(ST(CA)xMO(YExSE)) correlate even more strongly with the observed changes in community 

composition as shown by their highest square root contribution in this model (Appendix B, 

Table B2). Likewise, PERMANOVA Model 2 was also included in the analysis to further 

investigate significant cyclical patterns in our extended dataset by using monthly covariates 

with variance components (catchment, stream, year). Similar to our previous findings from this 

model (Appendix B, Table B3) our extended dataset captured the cyclical nature of repeated 

monthly sampling. The associations of catchment type, year, stream were also found to 

correlate significantly with changes in bacterial community composition (Appendix B, Table 

B3; PERMANOVA; p < 0.01). An nMDS (Fig. 3.2) ordination based on abundance data was 

plotted to illustrate the patterns in these data, where large variability in bacterial community 

composition is observed over the years as compared to among streams and catchment types. 

There was a clear separation of data collected at different seasons and months. Significant 

differences in bacterial community composition were observed as described by spatial and 

temporal factors from PERMANOVA models (both 1 and 2) once again; the bacterial 

communities followed a cyclical trend as visualised using the nMDS plot (Fig. 3.2).  
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Figure 3.2. Non-metric multidimensional scaling (nMDS) ordinations showing relative 

relationships between factors averaged by () month, (   ) year, (   ) season, (   ) catchment and  

(   ) stream for bacterial community data using Bray-Curtis similarities. 2D Stress value: 0.15. 

 

3.3.3 Bacterial community diversity and composition 

Overall, the Phylum Proteobacteria (mainly the Orders Enterobacteriales, 

Pseudomonadales, Sphingomonadales, Rhizobiales; Fig. 3.3, Appendix B, Fig. B4) was 

identified as the most abundant in all streams, contributing 43.4% of the total community, 

followed by Cyanobacteria (19%; mainly the Orders Oscillatoriales, Stramenopiles, 

Pseudanabaenales, Synechococcales). These groups of cyanobacteria were present throughout 

the dataset in spring and summer. Notably, the Order Oscillatoriales was largely present in all 

the streams during summer 2014 and spring 2015, with a high abundance (>90%) in Mahurangi 

stream which is a rural stream (Appendix B, Fig. B4).  Planctomycetes made up 9% of the 

community overall (Orders Gemmatales, Pirellulales, Planctomycetales) from February 2013 

to September 2014 and then from May 2015 until the end of the sampling period, with greater 

representation during autumn and winter. The phylum Firmicutes (Orders Bacillales, 

Lactobacillales, Clostridiales) made up 6.3% of the community and were less abundant in the 

early sampling period, but their relative abundance increased significantly in the later sampling 
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period (December 2015-February 2016), primarily during summer. This sudden increase in the 

Phylum Bacillales appeared to be influenced by a significant change in environmental 

conditions during that time (Appendix B, Fig. B7). Similar seasonal and temporal trends were 

followed by the phylum Bacteroidetes (Orders Saprospirales, Bacteroidales, Cytophagales, 

Flavobacteriales, Sphingobacteriales) which contributed 7% of the community and was present 

in all the streams. Other well-represented phyla present in the dataset were Actinobacteria 

(4.3%), and Verrucomicrobia (4.2%) (Fig. 3.3, Appendix B, Fig. B4). 



 

61 

 

 

 

Figure 3.3. Relative abundances of the top 20 most abundant bacterial Phyla across our stream biofilm dataset. The barplot is partitioned into six 

small plots (rows) representing six different streams from the beginning of sampling in February 2013 until February 2016. The x-axis represents 

time and each bar represents the relative abundance of the top 20 most abundant Phyla in each stream. Bars are ordered from left to right by date. 

Each color corresponds to a specific Phylum. 
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3.3.4 Temporal patterns in bacterial community composition  

The prominent Orders highlighted in a shade plot (Appendix B, Fig. B5) showed 

distinct differences in their abundance and distribution. Visible differences were observed in 

the abundance and occurrence of Enterobacteriales, Pseudomonadales, Sphingomonadales, 

Rhizobiales, Oscillatoriales, Stramenopiles and Pseudanabaenales. Orders such as 

Enterobacteriales, Pseudomonadales, Oscillatoriales, and Bacillales showed high abundance, 

mainly in 2015-2016, and similar patterns were observed among other orders showing their 

prevalence at a specific period during sampling.  

Examination of temporal trends exhibited by the top 50 most abundant bacterial orders 

using three conceptual models showed significant differences among the bacterial taxa. With 

regards to linear temporal trends (GLM model 1), five bacterial orders significantly fit this 

model (Table 3.1). Twenty-six bacterial orders significantly fit patterns indicative of blooms 

and troughs occurring sporadically within GLM model 2 (peaks/blooms since the start of the 

sampling) and nineteen orders were found to significantly follow repetitive seasonal patterns 

(GLM model 3). A complete list of orders identified by GLM modelling analysis is provided 

in Table 3.1.  

The abundance of bacterial orders (Fig. 3.4) pertaining to each of these GLM models 

was further visualised by assembling the data into three groups, also represented within a shade 

plot of taxon abundances (Fig. 3.5). Orders identified from Model 1 (Table 3.1) were 

maximally abundant from 2013- 2014, decreasing in abundance in late 2015-2016 (Fig. 3.4 

(a)). Subsets of the bacterial communities recognised by model 2 were plotted against months 

to distinguish between communities developing from blooms and troughs over the years (Fig. 

3.4 (b)). As a result of the PERMANOVA models confirming significant differences across 

years, similar findings were observed in the relative abundance of bacterial communities over 

years, where some orders were more or less dominant with environmental and seasonal 

changes. For example, the orders Bacillales, Actinomycetales, Lactobacillales, 

Pseudomonadales, Deinococcales, SM2F11, Nostocales were more abundant in 2014-2016 

whereas Saprospirales, Myxococcales, Methylococcales, Stramenopiles were more prominent 

in 2013 during November, December, January, and February. There were also distinct 

differences detected between autumn and winter bloom communities of 2013, 2014, and 2015 

(Fig. 3.4 (b)). The outcomes of these inferences suggest that large variations exist in the 

conditions required for different taxa to bloom in abundance. Further analysis of seasonal 
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communities from model 3 revealed a greater abundance of Flavobacteriales and 

Enterobacteriales during summer, Acidimicrobiales, Burkholderiales, Pirellulales, 

Gemmatales, Clostridiales, and Planctomycetales during winter and autumn, and 

Cyanobacteria, Caulobacterales, and Methylophilales during spring (Fig. 3.4 (c)).  

 

Table 3.1 Summary of the results of generalised linear model (GLM) analysis obtained from 

three conceptual models assessing the top 50 most abundant stream bacterial Orders, based on 

their relative abundance.  

 

Order    Model 1   

AIC  

 Model 1 

(linear) 

AICcWt  

 Model 2 

AIC  

Model 2 

(bloom) 

 AICcWt  

  Model 3   

AIC  

 Model 3 

(seasonal) 

AICcWt  

       

Cytophagales 724.04 0.58 724.85 0.34 727.51 0.08 

Sphingomonadales 952.1 0.61 953.96 0.21 954.06 0.18 

Sphingobacteriales 465.4 0.48 467.16 0.18 465.62 0.34 

Pedosphaerales 287.13 0.44 287.42 0.34 288.03 0.22 

Oceanospirillales 209.21 0.46 209.83 0.3 210.11 0.23 

 

Rhizobiales 

 

1131.7 0.01 

 

1123.3 0.88 

 

1127.4 0.1 

Bacillales 1357.1 0 1330.4 1 1347.5 0 

Verrucomicrobiales 760.11 0.02 751.75 0.97 760.27 0.01 

Saprospirales 774.78 0.06 769.36 0.86 773.88 0.08 

Actinomycetales 680.14 0.03 673.15 0.95 681.1 0.02 

Xanthomonadales 632.07 0.05 626.13 0.94 635.44 0.01 

Pseudanabaenales 692.91 0 681.38 1 696.37 0 

Synechococcales 797.42 0.07 792.04 0.92 800.32 0.01 

Chroococcales 697.75 0.02 689.66 0.97 698.83 0.01 

SM2F11 580.45 0.14 576.61 0.84 583.88 0.02 

Myxococcales 185.37 0.27 183.54 0.6 186.33 0.13 

Lactobacillales 220.22 0 202.42 1 220.1 0 

Rhodobacterales 974.18 0.09 970.33 0.53 970.77 0.38 

Pseudomonadales 1257.3 0.01 1248.1 0.69 1249.5 0.3 

Legionellales 384.56 0.02 377.77 0.55 378.05 0.43 

Oscillatoriales 1342 0.42 1341.2 0.54 1346 0.04 

Rhodospirillales 357.49 0.34 356.23 0.57 359.83 0.08 

Deinococcales 471.66 0.32 470.12 0.62 474.45 0.06 

Methylococcales 655.06 0.33 653.61 0.61 658.09 0.06 

Nostocales 639.18 0.29 637.66 0.56 640.03 0.15 

Bacteria 156.51 0.34 155.28 0.57 158.68 0.09 

Proteobacteria 350.48 0.32 348.93 0.62 353.39 0.06 
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Ellin6067 116.8 0.23 114.4 0.68 118.29 0.09 

SM2F09 382.05 0.29 380.33 0.61 383.69 0.1 

OD1 219.86 0.27 217.87 0.64 221.48 0.09 

Stramenopiles 1290.6 0.33        1289.5 0.52 1291.7 0.15 

 

Flavobacteriales 

 

913.24 0.16 

 

914.33 0.08 

 

909.71 0.75 

Acidimicrobiales 600.99 0 602.74 0 583.64 1 

Burkholderiales 978.72 0.12 979.28 0.08 974.43 0.8 

Pirellulales 923.75 0.02 924.22 0.02 915.76 0.96 

Gemmatales 788.95 0.01 786.16 0.03 778.78 0.97 

RB41 389.19 0 386.69 0 374.15 1 

Chthoniobacterales 309.13 0.01 302.66 0.18 299.33 0.82 

SC.I.84 472.2 0.01 471.87 0.01 461.54 0.99 

WD2101 538.32 0 540.21 0 525.88 1 

Ellin6529 422.7 0.09 423.1 0.07 417.72 0.85 

Cyanobacteria 244.26 0.13 245.46 0.06 240.1 0.81 

Clostridiales 258.44 0.11 259.65 0.06 253.98 0.83 

Aeromonadales 182.38 0.06 183.37 0.03 176.42 0.91 

MND1 15.202 0.23 16.245 0.12 12.698 0.64 

Planctomycetales 379.52 0.02 381.33 0.01 370.78 0.98 

Enterobacteriales 1065.3 0.04 1060.9 0.31 1059.2 0.65 

Caulobacterales 261.72 0.31 263.62 0.11 260.03 0.58 

Methylophilales 198.53 0.17 197.45 0.26 195.57 0.58 

Streptophyta 248.25 0.23 247.52 0.3 246.37 0.47 

 

* Bold numbers represent the best fit of each Order analysed by GLMs 

*AIC: Akaike's information criterion 

*AICcWt: probability that a given model is the best model in the candidate set. 
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(a)              (b)         (c)  

Figure 3.4. Bacterial community differences constructed using subsets of the taxa for which their abundance was significantly explained by the 

respective GLM model. Data are averaged by (a) year (Model 1-linear; Year 2016 was removed due to only two datapoints), (b) month and year 

(Model 2-bloom), (c) month (Model 3-seasonal). Trajectory lines show the direction of the relationship between the data points and abundances 

of the respective bacterial orders selected for each model using AIC criteria.  
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Figure 3.5. Shade plot showing bacterial community differences in the fifty most abundant 

orders of taxa across our stream biofilm dataset over time (year_month) clustered together 

based on generalised linear model (GLM) prediction. Shading intensity within the matrix 

indicates the log (n+1) transformed relative abundance of each order (as represented by the 

legend in the upper right of the plot). On the Y axis, data from different streams are indicated 

by symbols, CS (  ),  MH (  ), NK (   ), OAK (  ), OTR (  ), WB (  ) from the beginning of 

sampling in February 2013 until February 2016.  

 

3.3.5 Influence of physicochemical parameters on bacterial community composition 

Distance‐based redundancy analyses (dbRDA) were performed to examine the relative 

influence of physicochemical parameters on subgroups of the bacterial communities identified 

from analysis of the three models. Water temperature, ammonia, maximum and minimum air 

temperature, light and dissolved oxygen (Table 3.2) were, in combination, explained 9% 

(adjusted R2) of the total variation in the composition of the subset of taxa identified by model 

1 (with 999 permutations of the data, P all < 0.05). The subset of the bacterial community 

identified by model 2 (bloom) was found to be significantly affected by pH, water temperature, 

ammonia, maximum and minimum air temperature, light and dissolved oxygen, and nitrates 

(Table 3.2; P all < 0.05), which also explained 9% (adjusted R2) of the total observed variation. 

Similarly, pH, water temperature, ammonia, maximum and minimum air temperature, light, 

dissolved oxygen, nitrates, and turbidity were found to be significantly correlated with the 

subset of the bacterial community identified by model 3 (seasonal), explaining 8% (adjusted 

R2) of the total variation (Table 3.2).  

 

Table 3.2. Summary of the relationship between bacterial community composition and 

physicochemical variables based on distance-based redundancy analysis (dbRDA) analysis of 

subsets of the community data, as selected by comparison of three generalised linear models  

Model 1 
 

SS 
 

Pseudo-F 
 

P 
 

Ammonia 1.87 0.59 0.057 

DO % Sat 3.07 0.97 0.005 

light 5.90 1.87 0.001 

Mean_Tmax (air) 4.02 1.28 0.004 

Mean_Tmin (air) 2.39 0.76 0.024 
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Water Temperature 4.19 1.33 0.001 

Nitrate + nitrite  1.26 0.40 0.2 

pH 1.61 0.51 0.09 

Rain 0.71 0.23 0.74 

Soluble Phosphorus 1.23 0.39 0.21 

TKN 1.09 0.34 0.306 

Total N 0.98 0.31 0.378 

Total Phosphorus 1.25 0.40 0.203 

Total Suspended Solids 0.86 0.27 0.579 

Turbidity 1.60 0.51 0.094 

    

    
 

Model 2 
 

 

SS 
 

Pseudo-F 
 

P 
 

Ammonia 1.90 0.66 0.034 

DO % Sat 3.30 1.14 0.002 

light 5.44 1.88 0.001 

Mean_Tmax (air) 3.35 1.16 0.005 

Mean_Tmin (air) 2.68 0.93 0.01 

Nitrate + nitrite  2.23 0.77 0.019 

pH 2.07 0.71 0.033 

Turbidity 2.08 0.72 0.021 

Water Temperature 4.06 1.40 0.001 

Soluble Phosphorus 1.24 0.43 0.208 

TKN 1.16 0.40 0.236 

Total N 0.73 0.25 0.81 

Total Phosphorus 1.63 0.56 0.074 

Total Suspended Solids 0.98 0.34 0.444 

 

    

Model 3 

 

SS 

 

Pseudo-F 

 

P 

 

Ammonia 1.95            0.67    0.025 

DO % Sat 2.69            0.92    0.003 

light 5.50 1.89 0.001 

Mean_Tmax (air) 3.34 1.15 0.002 

Mean_Tmin (air) 2.25 0.77 0.013 

Nitrate + nitrite  1.67 0.57 0.049 

pH 1.83 0.63 0.027 

Turbidity 1.77 0.61 0.036 
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*In bold P < 0.05, indicating significant factors, SS = sum of squares 

3.4 Discussion  

New and improved statistical approaches to understand temporal variability in driving 

freshwater bacterial community differences are needed to allow a greater understanding of 

long-term investigations and temporal patterns. This study presents a robust statistical approach 

for the analysis of bacterial community shifts and differences over years from monthly site 

analysis. Here, three GLM models were designed and tested by exploiting stream bacterial 

communities to investigate temporal trends (month, year) and seasonal shifts from our monthly 

sampling period (Feb 2013- Feb 2016) for three years. In a long-term stream biofilm bacterial 

population investigation, this is the first report that distinguishes between bacterial 

communities of stream biofilms responding to varied environmental conditions. The results 

from this analysis indicated that bacterial taxa respond to rapid and seasonal environmental 

changes and some may be categorised as bloom and seasonal responsive taxa. The models 

developed in this study may be used to reduce the complexity of identifying differences in 

bacterial community composition based on their responsiveness to the changing environment. 

 

3.4.1 Freshwater stream biofilm bacterial community composition  

PERMANOVA models described previously in chapter 2, with the inclusion of 

additional data, confirmed that the bacterial community composition exhibited significant 

variations between streams and over time, supporting observations from previous studies 

(Hassell et al., 2018; Lear et al., 2008). Proteobacteria formed the largest percentage of the 

bacterial community in our dataset which are recognised as the most common dominant 

phylum in benthic and hyporheic biofilms overall (Battin et al., 2016). Their high abundance 

in freshwater streams is linked to them undertaking key ecosystem processes including the 

degradation of humic substances; they also tend to form grazing-resistant morphologies (Battin 

Water Temperature 3.69 1.27 0.001 

Rain 0.80 0.28 0.7 

Soluble Phosphorus 1.32 0.45 0.147 

TKN 1.26 0.43 0.155 

Total N 0.98 0.34 0.438 

Total Phosphorus 1.46 0.50 0.091 

Total Suspended Solids 0.87 0.30 0.623 



 

70 

 

et al., 2016; Newton et al., 2011). Abundant cyanobacterial communities (mainly 

Oscillatoriales; Appendix B, Fig. B4) in our dataset were correlated with changes in light 

intensity and nutrients (Appendix B, Fig. B7), as similarly observed by others (McCall et al., 

2017). During the spring and summer of 2015 and 2016 (Fig. 3.3), when dissolved oxygen, 

water temperature, and pH were higher (Appendix B, Fig. B7), a relatively high abundance of 

the phylum Firmicutes (order Bacillales) was also observed (order Bacillales), creating ideal 

conditions for Firmicutes growth (Zhao et al., 2017), since high dissolved oxygen is a typical 

condition for summer seasons (Schmidt et al., 2017). On the other hand, considerable 

Planctomycetes abundance (11.2%) was also observed in the community dataset (Fig. 3.3) 

despite the Planctomycetes being recognised as a less-abundant bacterial phylum in freshwater 

ecosystems (Battin et al., 2016). 

 

3.4.2 Temporal patterns in bacterial community diversity  

Previously developed PERMANOVA models and GLMs tested in this study provide 

evidence that stream bacterial community composition is highly responsive to seasonal and 

environmental changes. The first GLM model which identified bacterial taxa responding to 

linear trends over time (model 1; Table 3.1; Fig. 3.4), comprised the least number of taxa but 

included some common Proteobacteria and Bacteroidetes orders (Battin et al., 2016). The order 

Sphingobacteriia (phylum Bacteriodetes) is of particular interest since members of this order 

possess the ability to degrade biopolymers that contribute to the high molecular weight fraction 

of dissolved organic matter in streams (Battin et al., 2016).  

Abundances of Cyanobacterial and Proteobacterial orders adhered most closely to a 

bloom pattern of temporal change (model 2), which represents significant seasonal occurrence 

that can be impacted by climate change or by a combination of environmental conditions such 

as temperature, light, rainfall, and humidity and might be linked as early spring events or 

warming in the climate. Indeed, the progression of Cyanobacterial blooms in freshwaters is a 

highly recognisable trend with the development of diatoms in spring and a more diversified 

community dominated by chlorophytes and cyanobacteria in spring and/or autumn (Salmaso, 

2000). Hence, selection of model 2 for temporal trends in cyanobacteria abundance is not 

surprising. Representative cyanobacterial orders such as Pseudanabaenales, Synechococcales, 

Chroococcales, Oscillatoriales, Nostocales are recognised to be dominant during spring and 

autumn blooms, which indicates favourable growth conditions for cyanobacterial blooms in 

stable water with a high temperature (Steffen et al., 2012). The ability of Nostocales to fix 
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nitrogen is considered a key factor in their dominance during high turbidity and bloom 

conditions, indicative of regional changes in the nutrient loads as well as changes in biotic 

conditions (Wu et al., 2012). Nostocales has also been identified as an indicator of global 

warming and is regarded as an effective nutrient competitor (Sukenik et al., 2012) while being 

toxic to humans and animals (Stewart et al., 2011). Alternatively, orders such as 

Pseudanabaenales, Chroococcales have the ability to take over cyanobacteria, where they make 

favourable environments for their growth and metabolic activities via exchanging specific 

chemical signals between each other (Muñoz-García et al., 2016; Rasmussen et al., 2006). The 

orders Chroococcales (also regarded as Microcystis species), Oscillatoriales and 

Synechococcales, have been found to be positively associated with the levels of nutrient 

loading enrichments (Harris et al., 2016). Warming of surface waters, promoting more strong 

and longer thermal stratification periods (Kormas et al., 2013; Ma et al., 2016; Salmaso, 2000; 

Zhu et al., 2019), can increase the abundance of Oscillatoriales in late summer perhaps as they 

occupy new ecological niches along vertically segregated environmental gradients (Echenique-

Subiabre et al., 2018; Salmaso, 2000). Environmental disturbances for instance, temperature, 

high light and eutrophic conditions (Olapade et al., 2005; Simonin et al., 2019; Zhu et al., 2019) 

provide ample opportunities that can be easily and competitively utilized by opportunistic 

bacterial communities (Piehler et al., 2009). Cyanobacteria and Proteobacteria coexist to 

develop >90% of bloom-forming bacterial communities, equally contributing to the 

overwhelming majority of functional genes in bloom formation (Steffen et al., 2012). 

Consistent with these studies, coexistence of proteobacteria with cyanobacterial blooms (Fig. 

3.5; model 2) was also observed. Similar to these findings, mesocosm studies investigated 

associations of various proteobacterial orders such as Legionellales, Rhizobiales, and 

Rhodobacterales with cyanobacterial blooms (especially Microcystis) in freshwater (Li et al., 

2011). Samples from water and sediments uncovered Microcystis degrading bacterial genes 

isolated not only in Proteobacteria (Rhizobiales, Xanthomonadales, Pseudomonadales) but also 

firmicutes (Bacillales, Lactobacillales) and highlight the dependency of the evolution on both 

temperature and bacterial concentration (Lezcano et al., 2016; Li et al., 2017; Morón-López et 

al., 2020; Nybom et al., 2007). Firmicutes have always been underrepresented in freshwater 

habitats because of their minor abundance where high cyanobacterial blooms occur, yet 

considered to play significant roles in freshwater ecology (Dai et al., 2016; Newton et al., 2011) 

and possess numerous biodegradation competencies that are shown to be associated with 

cyanobacterial bloom degradation (Kormas & Lymperopoulou, 2013). The microbial 

community composition reported in these results can be linked to specific bloom stages, which 
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demonstrates complex interactions and relationships among species throughout a specific 

bloom period. Based on this assumption, bloom patterns can be classified into stages (Zhou et 

al., 2018), where differential patterns from low to high relative abundance in taxonomic 

composition (Fig. 3.5) can be observed. This suggests that dominant bacteria limit the growth 

of other rare and non-dominant communities during specific bloom periods, implying that these 

bacterial communities are dominant on others and compete for nutrients and space, preventing 

them from thriving as much. Taken together, outcomes obtained from our bloom model 

propose ecological relevance of bacterial communities associated with cyanobacterial blooms 

that may influence development of cyanobacteria bloom degraders, in turn also indicates 

successional changes in the biofilm bacterial community.  

Our ‘seasonal’ GLM model three (Table 3.1; Fig. 3.4) was defined by mainly 

Planctomycetes (Pirellulales, Gemmatales, WD2101, Planctomycetales) and Proteobacteria 

(Burkholderiales, Enterobacteriales, SC-I-84, Aeromonadales, Enterobacteriales, 

Caulobacterales, Methylophilales) orders. Planctomycetes orders Pirellulales, Gemmatales 

were present in high abundance during winter and autumn along with orders WD2101, 

Planctomycetales, Methylophilales, Chthoniobacterales, Acidimicrobiales. In contrast, Pollet 

et al. (2011) and  Jinjun et al. (2006) discovered a greater abundance of Planctomycetes during 

spring and summer seasons, linked to environmental conditions. These results confirmed that 

summer and spring communities were dominated by Caulobacterales, Flavobacteriales, 

Aeromonadales, and Enterobacteriales; high Enterobacteriales abundances were positively 

correlated with the bloom-forming Bacillales and Pseudomonadales abundances by Zhu et al. 

(2019). Bacillus and Enterobacteriales are facultative anaerobes that have been previously 

detected in heavy metal and faecal contaminated sites and have an ability to survive in extreme 

weather conditions (Humayoun et al., 2003). I also contemplate that changes in bacterial 

community composition are not continuous over time and that ongoing shifts in community 

composition are caused by gradual environmental changes and differences in resource 

availability.  

Temperature and nutrients are growth-limiting factors for bloom-forming and seasonal 

bacteria (Olapade & Leff, 2005; Paerl et al., 2011; Zhu et al., 2019). The results of dbRDA 

analysis (Table 3.2; Appendix B, Fig B6) are highly predictable as elevations in these 

conditions are the prerequisite for several bloom-forming bacteria (Berg et al., 2009; Morón-

López et al., 2020; Paerl et al., 2011; Zhu et al., 2019). Here, supporting the results of previous 
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studies, air and water temperature along with concentrations of ammonia, nitrates, phosphorus 

and dissolved oxygen, light, pH, turbidity (borderline p-value; 0.074) were found to be 

significantly associated with bloom and seasonal patterns; water temperature, dissolved 

oxygen, ammonia, and light were significantly correlated with abundances of bacterial orders 

selected by the first model (linear model; Table 3.2). These results suggest that seasonal 

changes and difference in nutrients in freshwater create appropriate conditions for the growth 

of specific bacterial communities to form blooms in freshwater, that can dominate for short 

periods of time as well as impact competition for available nutrients by other organisms (Mur 

et al., 1999; Stewart et al., 2011; Zhu et al., 2019). Although these factors were found to be an 

important driver or correlate, they accounted for <10% of the observed community variations 

(Table 3.2, Appendix B, Fig. B6). The fundamental process controlling bacterial community 

assembly in stream ecosystems is considered to be species sorting. In this study, an existing 

stream biofilm community is being investigated rather than one that was being developed from 

the ground up and didn't analysed for underlying structural mechanisms. The scenario in which 

a pristine or substantially damaged ecosystem emerges from the bottom, controlled by 

environmental forces and local resource availability, allows researchers to focus on the role of 

species sorting and neutral processes during early assembly. As a result, it's difficult to 

disentangle the relative roles of local environmental and regional processes in determining 

what influences bacterial community assembly and differences, and even more difficult to 

determine the contributions of different regional processes such as dispersal limitation and 

mass effects on community structuring. Other factors such as conductivity, salinity, stream 

flow, anthropogenic activities, and various biotic factors such as competition, mutualism, and 

succession that were not measured in this study inevitably contribute further to the observed 

bacterial community differences. Future research, based on the current understanding and 

implication of these conceptual models is needed to confirm community responses to a greater 

diversity of environmental, seasonal, and successional changes. Metagenomics analysis of 

these bacterial communities will further help understand successional changes in bacterial 

functional potential that inevitably underpin whole bacterial community assembly processes.  

3.4.3 Concluding remarks 

Given that there are unexplained drivers of differences in freshwater steam bacterial 

community composition, one simple statistical model cannot accurately identify spatially and 

temporally heterogeneous bacterial communities. This study used multiple models to 

conceptualise the role of local and regional environmental drivers of stream bacterial 
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community composition, providing freshwater ecologists with a more flexible methodology to 

explain bacterial community assembly and succession. Moreover, this study was able to 

estimate both the impact of cyanobacterial blooms in the spring and shifts in bacterial 

abundance over longer time periods using this approach, as well as identify the taxa most 

associated with these patterns. Overall, these findings demonstrate a conceptual framework to 

understand bacterial community assembly, to learn the reasons for changes in the relative 

abundance of specific taxa, and to quantify their response to environmental changes.  
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Chapter 4 

Freshwater stream bacterial communities as indicators of 

landuse differences 
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4.1 Introduction 

Assessing the ecological condition of freshwater streams is important as mankind is 

increasingly reliant on the finite global freshwater resource for drinking, irrigation, and for the 

provision of ecosystem services. As human population and anthropogenic activities have 

increased, so too has the scale and extent of freshwater ecosystem degradation (Baron et al., 

2002; Dudgeon et al., 2006; Warner et al., 2010). The composition of organisms, including 

microorganisms, that contribute to freshwater biodiversity and ecosystem functioning may 

therefore reflect changes in the health of waterways (Aylagas et al., 2017; Lau et al., 2015). 

Indeed, microbial community diversity and composition have previously been reported to be 

useful for assessing freshwater ecosystem condition, for example, microbial DNA data has 

been used to predict river discharge at monthly and longer timescales (Good et al., 2018). 

Recently, advances in high throughput sequencing of freshwater bacterial communities have 

dramatically expanded our capability to monitor bacterial diversity in freshwater ecosystems 

(Eiler et al., 2004; Salis et al., 2017) and present substantial new opportunities for investigation 

of the diagnostic potential of microbial DNA.  

Changes in climate and land use, particularly land use transitions from natural to 

managed land, can lead to freshwater ecosystem degradation (Soesbergen et al., 2019; Weijters 

et al., 2009) and strongly impact freshwater bacterial community composition. Land-use types, 

such as those associated with urban (Hosen et al., 2017) and agricultural uses (Chen et al., 

2018), or more specific uses such as land housing wastewater treatment plants (Pascual-Benito 

et al., 2020) are noted to harbour distinct microbial communities. Additionally, however, 

differences in hydrological regime (Lear et al., 2017; Lear et al., 2013) and geographical 

conditions impact freshwater microbial community composition, caused for example by 

variation in catchment soil characteristics (Chi et al., 2021), and conditions within the water 

such as pH (Fierer et al., 2007), temperature, light exposure (Zhao et al., 2018), nutrient 

availability (Dodds et al., 2002), dissolved organic carbon concentrations (Fasching et al., 

2020) and salinity (Hollister et al., 2010). To better understand the utility of bacterial 

community data for the analysis of freshwater ecosystem health due to anthropogenic land use 

pressures it is important to quantify or otherwise incorporate the extent of variation due to 

natural variability in catchment conditions. 

Bacterial community data may be capable of indicating levels of catchment disturbance, 

with water quality results derived from microbial analyses correlating with both abiotic water 

quality data and traditional macroinvertebrate community indicator data of freshwater health 
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(Lau et al., 2015). Given the importance of bacterial communities for a sustainable stream 

ecosystem, most initiatives that directly monitor stream quality for practical purposes generally 

focus on abiotic variables such as nutrients (Walter et al., 2000) and macroinvertebrates 

(Herman et al., 2015; Stark et al., 2001). As well as monitoring programs usually include 

periphyton monitoring or fish communities which are highly generic (Biggs et al., 2000). 

Bacterial communities in stream biofilms respond to available nutrients and contaminants 

present in the environment, rather than nutrient and chemical measurements that represent the 

percentage distribution present in the streams (Ogata et al., 2020); and provide essential 

information about the biological functioning of the ecosystem (Subirats et al., 2018; Wang et 

al., 2011). Furthermore, nutrient concentrations (Fasching et al., 2020; Lange et al., 2011), soil 

moisture (Gautam et al., 2020; McMahon & Finlayson, 2003), and hydrological factors 

(Besemer et al., 2009; Butturini et al., 2003; Gionchetta et al., 2020) have all been found to be 

correlated with bacterial community differences. Additionally, bacterial taxa with distinct 

abundance patterns have been reported as potential biological indicators that can reflect change 

in both natural and anthropogenic-associated environmental conditions (Glasl et al., 2019; Lau 

et al., 2015; Simonin et al., 2019). While the use of bacterial DNA data are not routinely used 

to monitor freshwater ecosystem health, a recent study by Hermans et al. (2020) showed that 

soil microbial community data can be used to predict the land use (e.g., indigenous forest, 

exotic forest, horticulture, and dairy) and dominant physicochemical variables representing 

diverse New Zealand soil types. Furthermore, the abundance of specific taxa (e.g., Pirellulaceae 

and Bradyrhizobium) could predict specific soil attributes (e.g., pH and Olsen phosphorous 

concentrations, respectively). Although bacterial communities are ubiquitous and highly 

responsive to environmental changes, their potential to serve as a bioindicator of stream health 

remains poorly studied and understood.  

With the current revolution in high throughput sequencing, bacterial community 

composition and distribution can now be examined at much greater spatiotemporal scales. For 

instance, studies have looked at diverse microbial communities along entire coastal margins 

containing more than 550 water samples collected from three coastline, including estuarine 

zones confirming seasonal shifts and annual reassembly of bacterioplankton communities 

(Fortunato et al., 2013) and development of a biotic index using bacterial indicator taxa that 

significantly correlate with sediment quality index of organic and inorganic compound 

concentrations from urban and industrial discharges (Aylagas et al., 2017). There are many 

advanced statistical techniques now available to aid bioindicator development based on 
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bacterial community data, including machine learning approaches. One powerful statistical tool 

is random forest analysis which offers: (a) the ability to classify and model complex 

interactions among predictor and explanatory variables; (b) high classification accuracy; (c) a 

method of determining and also ranking important variables; (d) flexibility to perform multiple 

types of statistical data analysis, including regression, classification, and unsupervised 

learning. Random forest analysis merges multiple classification trees to produce the most 

accurate classifications by repetitively identifying sets of explanatory variables that best 

recognise or predict variation in a response variable (Breiman, 2001). Random forest models 

have previously been used to investigate groundwater contamination, including the impacts of 

uranium and nitrate on bacterial communities, among a wide range of other geochemical 

variables (Smith et al., 2015). Similar interpretations were revealed by Good et al. (2018) and 

Glasl et al. (2019) in determining a potential role of bacterial communities as bioindicators of 

environmental perturbations such as to predict seasonal discharge dynamics and assessments 

of environmental change over space and time.  

The purpose of this research was to determine if freshwater bacterial communities can 

be utilised as an indicator of catchment land use type if I could reliably monitor changes in 

bacterial communities as a result of land use alterations. To address this question, 204 stream 

biofilm samples were collected and analysed from four land use types including rural, urban, 

exotic and native forests throughout New Zealand. GIS techniques were used to extract 

catchment physicochemical and land cover data for the catchment area upstream of each 

sample location and analysed for bacterial 16S rRNA gene sequence data acquired from each 

sampling location. A land use index score based on the intensity of different land uses in the 

upstream catchment was generated for each site as a proxy for stream ecosystem health. I 

hypothesise that stream biofilm bacterial communities are associated with land use differences 

and can be considered as potential indicators of ecological conditions. Using their 

physiochemical parameters and percentage land use upstream catchment, stream biofilm 

bacterial communities can distinguish sites based on their land uses and can predict sites with 

variable degrees of human disturbances.  To achieve this, machine-learning models were used 

to associate bacterial community relationships with a suite of potential stressors known to alter 

stream ecological conditions. 
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4.2 Methods 

4.2.1 Sample collection 

 Stream biofilm samples were collected from 204 stream sites from seven regions across 

New Zealand, ranging from Auckland (North Island) to Canterbury (South Island). During the 

Austral summer season (February–March 2010), stream biofilm biomass was scraped off the 

upper surface of five rocks (within a 10 m reach) (Appendix C, Fig. C1). DNA was extracted 

from 0.25 g pelleted biofilm samples by using Miller et al. (1999). The V4/V5 region of the 

16S rRNA gene was amplified using the Archaea and Bacteria-specific primer set 515f/ 806r 

to characterise the diversity and composition of biofilm bacterial communities at each site 

(Caporaso et al., 2012). The primers included Illumina flowcell adapter sequences that are 

required for downstream sequencing. The following thermocycling routine was used to 

complete PCR amplification in triplicate for each sample: (i) 94ºC for 3 min, (ii) 35 cycles of 

94ºC for 45 s, 50ºC for 60 s and 72ºC for 90 s and (iii) 72ºC for 10 min. PCR products were 

pooled and purified using SequelPrep Normalization Kits (Invitrogen, New Zealand) before 

being run on an Illumina MiSeq instrument using 2*150 bp chemistry. Catchment land use 

information was supplied by each local government authority which allowed each site to be 

classified as rural (n=106), urban (n=25), exotic forest (n=11), or native forest (n=62) based on 

the dominant land-cover (Neale et al., 2017) in the upstream catchment (Appendix C, Table 

C1). Soil physicochemical parameters and land use characteristics of the upstream catchments 

were collated using GIS overlay procedures available within ARCGIS 10.3, as described in 

Lear et al. (2013) for each site; percentage land cover data for the upstream catchments were 

extracted from the Land Cover Database 2 (LCDB2) (MfE, 2004). 

4.2.2 Bioinformatics and statistical analyses 

For data analysis, 16S rRNA sequences were obtained from the NCBI Sequence Read 

Archive under accession number PRJNA328535. Sequence data were processed using QIIME 

2 (v 2019.10) (Bolyen et al., 2019). The DADA2 pipeline in QIIME2 was used to filter, trim, 

merge and remove low quality reads as well as chloroplast and mitochondrial DNA in the data 

based on default parameters (Callahan et al., 2016). Sequencing data were then clustered into 

amplicon sequence variants (ASVs) at 98% sequence similarity and classified against the 

Greengenes reference database v13.8 (McDonald et al., 2012). The ASV table was rarefied to 

5000 reads per sample using the ‘rarefy’ function in the ‘vegan’ package (Oksanen et al., 2017) 

within R (R Core Team, 2016), to achieve a comparable sequence depth across all samples. 
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The data from three replicate samples for each site were averaged to obtain one representative 

bacterial community per site (5,000 DNA sequence reads for three sites). A Bray-Curtis 

dissimilarity matrix was used to compare the bacterial communities among all regions, 

constructed using the ‘vegan’ package within R. Bacterial community differences between 

regions and catchments were visualised using nMDS and analysed using PERMANOVA with 

Tukey HSD tests in R.  

To find ASVs which best represented the underlying differences in bacterial community 

composition across the samples, as well as to reduce the number of explanatory variables later 

used in random forest models, ASV data were clustered using Ward’s minimum variance 

clustering (Liaw et al., 2002) (Fig. 4.1; Appendix C, Fig. C2). To do this, three ASV tables 

were created. The first ASV table comprised sample data from all catchments and all sites 

(rural, urban, exotic, and native forest) (Appendix C, Fig. C2). The second ASV table 

comprised data from only disturbed sites, i.e. sample data from rural, urban and exotic forest 

catchments (Appendix C, Fig. C3) due to small number of samples from urban and exotic forest 

sites. The third ASV table contained data from only undisturbed sites, i.e. data collected from 

sites draining native forest catchments (Appendix C, Fig. C4). Samples were classified into 

disturbed and undisturbed sites to investigate if our random forest models could correctly 

identify sites that belonged to either disturbed or undisturbed sites. Silhouette width using the 

R package ‘factoextra’ was used to assess the best cut off level for data clusters based on the 

similarity of data within each cluster (Borcard et al., 2018). Four different clusters were 

retrieved from the ASV table from all sites (Appendix C, Fig. C2); similarly, four data clusters 

were identified from disturbed, as well as the undisturbed sites (Appendix C, Fig. C3(b) and 

Fig. C4(b)), respectively. Then, to obtain representative indicator ASVs from each data cluster, 

we used the ‘indicspecies’ package (Cáceres & Legendre, 2009) in R. The goal of using 

INDVAL ‘indicspecies’ analysis was to determine taxa that are linked to a specific 

environment, in this case, clusters of disturbed and undisturbed sites. From each of the three 

ASV tables, indicator ASVs were selected for each cluster if they had At (specificity) and Bt 

(fidelity) scores of > 0.4. The ASVs with significant At and Bt scores of > 0.5 and significant 

p values were then chosen for further analysis.  

Many freshwater ecological health indices incorporate knowledge of land use attributes 

(Wagenhoff et al., 2016). Here, a land use index (LUI) value was calculated for each site using 

the equation “4 x urban + 2 x crop + 1 x pasture” (Meier et al., 2006) and adding +1 to each 

site to eliminate presence of any zero for equal and comparable interpretation. In this index, 
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terms ‘urban’, ‘crop’, and ‘pasture’ refer to the percentage of those land uses in the upstream 

catchment. Higher LUI values are then expected to represent more degraded catchments and 

were used to categorise streams into four different LUI ranges: very high (1; 400-200), high 

(2; 199-100), low (3; 99-50), and very low (4; 49-1) (Appendix C, Table C1). These LUI values 

were used as response variables in later random forest analyses.  

In addition to clustering sites based on their corresponding bacterial community data, 

sites were also clustered (using Ward’s minimum variance clustering based on Euclidean 

distances) according to their percentage upstream catchment land use characteristics and 

according to reported soil physicochemical parameters (Fig. 4.1). For disturbed sites, four data 

clusters were obtained from analysis of the percentage upstream land use characteristics of 

each site (Fig. 4.4b; Appendix C, Fig. C5). Similarly, six clusters of sites were identified from 

analysis of the soil physicochemical parameters for disturbed sites (Fig. 4.4d; Appendix C, Fig. 

C6). For undisturbed sites, three data clusters were obtained from the assessment of site soil 

physicochemical parameters (Appendix C, Fig. C7). The data comprising these clusters were 

used as response variables in random forest analyses (Fig. 4.1). ANOVA and Tukey HSD tests 

for multiple comparisons were used to determine significant differences in soil 

physicochemical parameters and percentage upstream land use characteristics to test 

differences among data clusters. PCA was performed using soil physicochemical data collated 

from either disturbed or undisturbed sites. The PCA scores obtained for each site were used as 

additional model inputs in later random forest analyses of the data (Appendix C, Fig C6(a), 

C7(c)).  

Random forest methods allow predictive modelling of data and in the present study 

were used to predict to which clusters of samples a new site might belong to, based on analysis 

of its bacterial community DNA (Glasl et al., 2019; Hermans et al., 2020). Here, random forest 

analyses were applied to assess the ability of the ASV analyses to identify samples as belonging 

to their correct land use, or group of samples as defined by their catchment soil 

physicochemical parameters. For this, stratified random sampling was first applied prior to 

each analysis to select 80% of sites as a training dataset for the models. Random forest models 

were then computed with the ‘caret’ (Kuhn, 2008) and ‘randomForest’ packages in R, using 

default parameters (Liaw & Wiener, 2002). The ability of models to correctly group sites by 

their corresponding data was then validated using data from the remaining 20% of sites (i.e., 

those not used to train the models). Details of the explanatory and response variables used in 

each model are provided in Fig. 4.1, where model data inputs 'a’ to ‘e’ were based on site 
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classifications by catchment type (input dataset ‘a’); LUI scores of disturbed catchments (input 

dataset ‘b’); upstream percentage catchment land use characteristics of disturbed sites (input 

dataset ‘c’); soil physicochemical parameters of disturbed catchments (input dataset ‘d’); soil 

physicochemical parameters of undisturbed sites (input dataset ‘e’). For models a-e, the metric 

‘Accuracy’ was used to assess the models. The predicted scores for each of the parameters were 

compared to the true scores for each site, to determine the extent to which the random forest 

models indicate the quality of land use type, based on analysis of bacterial community 

differences. To assess the relationship of bacterial community composition with individual 

catchment physicochemical parameters, linear regression models were used. R2 and slope 

values in each regression model indicated the best fit for each; model values closer to 1 was 

considered representative of a better model. For each model, the top 15 most important ASVs, 

based on decrease in mean squared error (% Inc. MSE), were identified using the ‘varImpPlot’ 

command. To ensure the results were representative regardless of which random subset of 

samples was taken, the above steps were repeated for ten iterations for each of the sample 

subsets (Fig. 4.1). Therefore, a total of 50 models were created, 10 iterations for each input 

dataset (a-e). Results are presented as the combined data from all these iterations for each input 

dataset. 

 

4.3 Results 

4.3.1 Stream bacterial community composition across all catchment types 

After rarefying, 91,207 ASVs were obtained across all the samples. When comparing 

bacterial community data using a Bray-Curtis dissimilarity matrix, the distance from the data 

centroid was greater for native forest (0.62) and rural (0.61) than exotic forest (0.56) and urban 

(0.58), indicating more variation in the former than the latter. Bacterial community composition 

was significantly different among the four land uses (PERMANOVA pairwise adjusted P < 

0.01), except comparisons of rural and native forest, and comparisons of urban and exotic forest 

(both P > 0.01). Non‐metric multidimensional scaling (nMDS) ordination showed that soil 

physicochemical variables and upstream percentage catchment land use characteristics were 

significantly correlated with underlying differences in bacterial community composition (Fig. 

4.2). Biofilm bacterial communities in sites classified as urban or exotic forest as well as most 

rural sites tended to be associated with higher mean annual air temperature (m.a.t.), increased 

percentage of urban areas in the upstream catchment, greater LUI values, and greater mean 
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annual solar radiation. The remainder of the rural communities and native forest sites tended 

to experience greater precipitation, be associated with higher percentages of plantation forest 

in the upstream catchment, and be higher in elevation (Fig. 4.2a).  
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Figure 4.1 Summary of the stepwise framework taken to produce the random forest models. 

Five different subsets of the data (‘a’ to ‘e’) were used as model inputs (one for all sites; three 

for sites draining disturbed catchments and one for sites only draining native forest catchments) 

and were comprised of tables of indicator ASVs selected for use as explanatory variables. 

Random forest analyses were performed using 10 iterations.  

There were 378 indicator ASVs identified for all sites, 292 for disturbed sites, and 655 

for undisturbed sites, which were then used as explanatory variables in subsequent random 

forest analyses. The bacterial community composition was shown to correctly identify the 

samples land use assignment (as rural, urban, or native forest) with 62 % accuracy using 

random forest models. The model analysis (using input data 'a'; Fig. 4.2) revealed that urban 

sites were mostly correctly assigned (87.5 percent accuracy), whereas assignments of rural and 

native forest samples were less frequently correct (~61% accuracy; Fig. 4.2b).  
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Figure 4.2. (a) Variation in the composition of indicator taxa (ASVs) among stream biofilm samples collected from urban, rural, exotic– or native-

forest catchments based on Bray Curtis dissimilarity measures. Vectors represent land use and physiochemical variables significantly correlated 

(P < 0.05) with the observed variation in bacterial community composition, as determined by “envfit” analysis of the data. (b) The number of 

correct and incorrect identifications of catchment types (all sites) based on a random forest classification of indicator bacterial community data 

(indicator ASVs). Black borders indicate correct classifications. Numbers state correct classifications from the analysis of 400 samples, using a 

total of 10 iterations of the data, with replacement. Percent values quantify the number of times each sample is assigned to its correct land use 

category.  
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 The analysis from this study also demonstrated that the disturbed sites can be correctly 

assigned to their LUI range (LUI+1) (using input data ‘b’; Fig. 4.1) using stream bacterial 

indicator ASVs with 30% accuracy overall where R4 (representing sites with the lowest LUI 

scores) were mostly assigned correctly (52.17%); more so than other LUI ranges (~13-29%) 

(Fig. 4.3)  

                            

  

Figure 4.3. The number of correct and incorrect identifications of land use index categories 

based on a random forest classification of bacterial community data from disturbed catchment 

sites. Black borders indicate correct classifications. Numbers quantify correct classifications 

from the analysis of 12 sites, analysed using a total of 10 iterations of the data, with 

replacement. Percent values state predictions assigned to the particular LUI range for the 

overall model. Higher LUI values represent more degraded site  
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(a) (b) Actual disturbed_landuse characteristics cluster 
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Figure 4.4. Stream bacterial communities associated with different land use characteristics and 

soil physicochemical conditions in disturbed catchments (using input data ‘c’ and ‘d’;  Fig. 

4.1). Shown left is the number of correct and incorrect identifications of sites based on their (a) 

upstream catchment land use composition and (c) catchment-scale soil physicochemical data 

of the upstream catchments based on a random forest classification of indicator bacterial 

community data. Black borders indicate percent correct classifications (using 10 iterations of 

the data per site). Numbers above percentage values represent the number of sites identified as 

belonging to each group, following each random forest classification. Percent values state 

predictions assigned to the particular cluster for the overall model. Each cluster (C1-C6) can 

be defined by the characteristics of the sites within those clusters, as indicated to the right of 

both matrix (a) and (c). Cluster plots shown to the right show the grouping of sites into four 

and six clusters, respectively, based on the analysis of (b) the land use composition of upstream 

catchments and (d) the soil physicochemical attributes of upstream catchment areas, as 

determined by Ward’s minimum clustering based on Euclidean distances among the data.   

To determine if bacterial community characteristics could be more accurately predicted 

by the percentage land use make-up of upstream catchments, rather than by their dominant land 

use assignment, disturbed sites were clustered into four groups based on the characteristic land 

uses in the upstream catchment. For example, cluster one contained 62 sites, largely 

representing upstream catchments having greater coverage by grassland, medium LUI values 

and lowest coverage by urban land uses, whereas cluster two contained 11 sites, representing 

catchments with high percentage areas of bare ground and plantation forest, and low percentage 

areas of grassland, indigenous forest, and scrub (Fig. 4.4b). Iterative use of random forest 

analyses (using input data ‘c’; Fig. 4.1) confirmed the land use clusters to which disturbed sites 

belonged could be correctly identified in 50% of cases based on the assessment of the indicator 

bacterial community data (Fig. 4.4a). Data cluster two (Fig. 4.4b) had the smallest sample size, 

likely contributing to the poor accuracy of random forest models in identifying the catchment 

origin of these sample data. 

Analysis of random forest models confirmed the soil physicochemical data clusters 

representing the disturbed sites (using input data ‘d’; Fig. 4.1) could be correctly identified in 

54% of cases, based on the assessment of the indicator bacterial community data (Fig. 4.4c) 

and 78% when the same approach was used to assess undisturbed sites (using input data ‘e’; 

Fig. 4.1; Appendix C, Fig. C7 (a)). Again, the data cluster represented by the lowest number 

of samples (Fig. 4.4d, C6, n = 7) yielded zero correct assignments.   
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Figure 4.5. Predicted (a) mean annual temperature (mat), (b) soil pH, (c) mean annual solar 

radiation (masr), (d) precipitation_mean, (e) and (f) PCA axes scores one and two from analysis 

of the disturbed site physicochemical data (Appendix C, Fig. C6 (a)) based on random forest 

regression analyses of bacterial communities in comparison to actual site physicochemical 

values. Dashed red lines indicate where points should fall for an exact prediction. Adjusted R2 

and slope values are indicated in the upper left of each linear regression plot. 

The impact of individual soil physicochemical variables, or their combined impact, on 

indicator bacterial communities within disturbed (Fig. 4.5) and undisturbed (Appendix C, Fig. 

C8) sites was also assessed using PCA scores of the collective physicochemical data. 

Regression models comparing the predicted to actual soil physicochemical variables ranged 

from weak to strong correlations (adjusted R2 from 0.11–0.79). Bacterial community data 

performed best when predicting the annual mean temperature (slope: 0.7; R2: 0.79; Fig. 4.5), 

followed by the combined physicochemical data represented by PCA axis 1 (slope: 0.6; R2: 

0.72; Fig. 4.5). Average log nitrogen concentration (slope: 0.11; R2: 0.11) and percentage 

carbon in the catchment soil (slope: 0.11; R2: 0.12) were poorly predicted by bacterial 

community composition (Appendix C, Fig. C9). Results from repeat iterations (n=10) of 

random subsample selection for random forest analyses were found to be broadly consistent 

with the model results using a single subset of the data (Appendix C, Fig. C10). 
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Figure 4.6. Phylum-level classification of the top 15 most important ASVs for each random 

forest model of disturbed sites. 

Proteobacteria and Bacteroidetes were found to be the most important phyla for random 

forest models constructed using bacterial community data from the disturbed sites; more than 

half of the ASVs represented by the top 15 most important for our random forest models (based 

on mean squared error) belonged to these two phyla. Other important phyla identified were 

Acidobacteria, Actinobacteria, Bacteria (unclassified), Nitrospirae, Planctomycetes, and 

Verrucomicrobia, which were less abundant among important ASVs for the model (Fig. 4.6). 

These representative taxa were also found to be highly abundant throughout our dataset except 

for Nitrospirae. The complete taxonomic classification for the fifteen most important ASVs for 

each of the model is provided in Appendix C, Table C2.  
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4.4 Discussion  

This study investigated stream bacterial community composition and distribution 

across four dominant catchment land use types. The bacterial community composition was 

clearly differentiated by land use type and soil physicochemical characteristics in the upstream 

catchment. The diagnostic potential of stream bacterial communities as an indicator of 

anthropogenic activities was further investigated, while differences in community composition 

were also assessed. Bacterial community composition was discovered to be able to correctly 

identify sites based on their crude land use assignments with 62% accuracy. This study also 

confirmed that catchment soil physicochemical data and upstream catchment land use 

characteristics could correctly identify disturbed sites they belong to by 50% and undisturbed 

for 78%. These results provide crucial information for ecosystem management initiatives using 

stream bacterial communities.  

Here, a nationwide survey of stream biofilm bacterial community distribution was 

completed across four different types of catchment land across New Zealand. Whilst 

heterogeneity in the composition and distribution of stream bacterial communities varied 

regionally (Appendix C, Fig. C2), bacterial community structure was nevertheless significantly 

impacted by the catchment land use and associated physicochemical attributes (Fig. 4.2a). By 

selecting priority 'indicator ASVs' with the greatest ability to differentiate among groups of 

data identified by our clustering technique, indicator bacterial communities were successfully 

derived from our initial stream bacterial dataset. The ability of our bacterial community data to 

correctly infer both the type and extent of anthropogenic impact in upstream catchments 

distributed over a ~1000 km latitudinal gradient where anthropogenic and agricultural activities 

have previously been noted on stream bacterial communities were investigated (Ancion et al., 

2013; Lear & Lewis, 2009; Qu et al., 2017). However, unsatisfactory results were obtained 

while only using crude assignments of catchment types, where a significant overlap of data 

from native sites in rural and rural in native sites (Fig. 4.2b; model output ‘a’) was observed. 

Processes occur at multiple scales within a catchment and water quality typically changes 

downstream (Buck et al., 2004). For instance, some streams designated as rural which were 

dominated by grassland in the upstream catchment possess LUI values similar to some native 

forest sites which contained just a small portion of urban area in the upstream catchment (i.e., 

having LUIs of about 75). Incorrect catchment assignments from our models might be due to 

differing variables including water quality and flow, or stream order (Scarsbrook et al., 1999), 

differences in vegetation cover, or other factors relating to their geographic location 
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(Langenheder et al., 2017; Li et al., 2020). In particular, the inclusion of additional native forest 

samples (currently n= 62) could improve the efficacy of these models. Besides that, it is clear 

that the small sample size in the exotic forest category, and lack of such site data in the training 

data set, prevented correct attempts to assign samples to this land use (Fig. 4.2b). The incorrect 

assignments of rural site data to urban and exotic forest categories may be due to the greater 

similarities in bacterial communities among these land uses.  

Deterioration in stream water quality has drawn concerns worldwide (Mirzaei et al., 

2020; Motew et al., 2019; Namugize et al., 2018; Rodríguez-Romero et al., 2018). Agriculture 

is the mainstay of the NZ economy and both the extent and intensity of agricultural land uses 

increased markedly in the latter half of the twentieth and early twenty-first centuries (Bascand, 

2012; Ministry for the Environment, 2007). Increased agricultural activities, elevated potential 

risks to freshwater quality (Larned et al., 2016) as contaminants in freshwater flow to the ocean 

alter coastal water quality (Rabalais et al., 2009). Here, I used LUI scores to quantify various 

land use factors (reflecting urban, pasture, and cropland). However, random forest approach 

(model output ‘b’) incorrectly interpreted LUI groupings (Fig. 4.3). I also observed that the 

crude land use assignments devised by Neale et al. (2017) (model output ‘a’) provided better 

model outputs (Fig 4.1b) than when using LUI scores as input data. This could be the reason 

because crude land use assignments were based on estimation of their Land Cover Database 3 

(LCDB3) (Neale et al., 2017) whereas LUI accounted for only cropland, pasture and urban 

areas which comprised of small sample size and limited information for random forest analyses 

(Ali et al., 2012) than model input ‘a’. Inclusion of more detailed data (i.e., incorporating 

upstream percentage land use data in additional to LUI scores (input dataset ‘c’) improved 

ability of our random forest approach to correctly assign (53-60% of the time) disturbed sites 

to their characteristic land use cluster between (Fig. 4.4a). Thus, I recommend that more 

detailed information on upstream catchment land uses be incorporated where possible to allow 

better prediction of catchment characteristics from the analysis of stream biofilm bacterial data.  

The ability of our models to correctly predict sample catchment land use characteristics 

provided support that bacterial community data may further use to estimate other stream 

catchment parameters, including those related to water quality. Using catchment soil 

physicochemical parameters as model input data (Fig. 4.4c), it was revealed that analysis of 

bacterial community data could be used to correctly identify groups of physicochemical 

parameters incorporating pH, mean annual air temperature, precipitation, mean annual solar 

radiation, factors which can greatly impact cyanobacterial and proteobacterial communities 
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(Bengtsson et al., 2018; Guariento et al., 2011; Zhao et al., 2018). However, there are additional 

factors that could drive stream bacterial community differences in these sites such as in-stream 

measurements for measuring and accounting for additional in-stream parameters such as water 

temperature, nutrient load, intensity of grazing and other biotic factors (Li et al., 2020; Parry, 

2004; Power et al., 1988) could further improve efficacy of community differences in 

determining environmental changes more accurately and may refine the random forest 

approach.  

Mean annual temperature was the most strongly predicted variable from random forest 

regression models as these bacterial communities are temperature reliant and were associated 

with spatially correlated variation in temperature due to latitudinal gradients (Lear et al., 2017). 

As well as temperature influences physiological processes, possibly leading to successional 

changes in bacterial communities and impacting trophic interactions (Jackson et al., 2001; 

Veach et al., 2016). Hence, random forest model approach used in this study offers an 

alternative strategy to quantify both the impact of land use, but also climate change on bacterial 

communities. Individual catchment parameters such as soil pH, mean annual solar radiations, 

precipitation and PCA could also be predicted from the bacterial community data to varying 

degrees (Fig. 4.5). Average log nitrogen and mean carbon percentage however showed the 

weakest relationship between actual and predicted measurement values which could indicate 

that subsets of bacterial data used in this study were not strongly related to the changes in 

average log nitrogen and mean carbon percentage. Although they were reported to explain 

differences in bacterial communities (Kaushal et al., 2014; Li et al., 2018; Rier & Stevenson, 

2002) previously. Bacterial taxa related to these random forest models included diverse and 

common groups of organisms such as Proteobacteria, Acidobacteria, Actinobacteria, 

Bacteroidetes, Planctomycetes, Verrucomicrobia, Nitrospirae. The magnitude of abundance, 

distribution, and growth conditions of these taxa have been previously reported to be driven by 

the impacts of physicochemical parameters in freshwater ecosystems (Battin et al., 2016; 

Besemer, 2015; Zeglin, 2015).  

The diagnostic potential of bacterial communities as indicators, especially in 

combination with machine learning approaches, has become a powerful approach across 

freshwater research (Feio et al., 2020), prediction of hydrological functions in riverine 

ecosystems, assessment of macroecological patterns in soil samples (Ramirez et al., 2018) and 

predictors of soil physicochemical variables and soil quality (Hermans et al., 2020). The 

inclusion of bacterial communities in developing these models is largely achievable due to the 
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availability of high throughput sequencing of their 16S rRNA gene and statistical approaches 

that facilitate rapid assessment and annotation of these bacterial community composition 

(Schuster, 2008). Besides, future research exploring these stream bacterial communities in 

identifying genes that correspond to specific ecological functions may also help deliver 

important information on ecosystem processes that might be desirable for environmental 

monitoring programs. Such as genes involved in essential ecosystem processes and 

biogeochemical cycling have been previously reported that provided insights on ecological 

processes offered by stream bacterial communities (Fasching et al., 2020; Ghosh et al., 2018; 

Lladó et al., 2017). Furthermore, using bacterial communities as indicators offers a great 

advantage over other important factors such as soil pH because they are highly responsive to 

environmental change and land use transitions. Additionally, bacterial communities rapidly 

respond to nutrient load and contamination in the environment (Birkhofer et al., 2018; Glasl et 

al., 2019; Simonin et al., 2019) providing critical information on stream health that cannot be 

established by analysing just one of these factors. Incorporation of metagenomics, 

transcriptomics techniques in understanding the functional potential of various stream bacterial 

genes in biomonitoring approaches should also enhance our ability to describe environmental 

conditions and land use changes in a more comprehensive way (Bourlat et al., 2013; Gray et 

al., 2015; Sadaiappan et al., 2021). Further inclusion of water quality parameters as well as in-

stream parameters in our random forest models could also improve ability to assign the sites to 

their correct catchment land use type and hence can increase the likelihood to understand the 

ecological state of the streams. This framework, however, will require additional research to 

specify more clearly the effects of land use and environmental drivers that will likely contribute 

to better predictions. Regional environmental factors are to date mostly estimated in studies 

(Guariento et al., 2011; Villanueva et al., 2011) and are a much more straightforward approach 

to measure the impact of environmental drivers from small to large spatial distance along with 

the measurements of environmental/soil physicochemical variables on bacterial community 

differences. Moreover, land use effects might mask the effects of local environmental factors 

that are spatially correlated and have an important role in structuring local bacterial assembly 

but were not measured. Here the major problem is not being able to measure all environmental-

related and in-stream factors that could have been relevant for random forest model efficacy. 

Several studies showed that spatial distribution patterns of bacteria are influenced by either 

local or regional factors, or a combination of both (Gautam et al., 2020; Hassell et al., 2018; 

Lear et al., 2008). Attempts have been made to conceptualise the role of land use and soil 

physicochemical parameters concerning the importance of both in explaining differences in the 



 

97 

 

bacterial communities. As much as land use conditions are important, environmental 

parameters are more realistic and easily available, but majority of studies so far included poorer 

measurements of regional factors and/or measurements of few important variables. There are 

currently several limitations that need to be solved in this context. Hence, I believe that regional 

physicochemical factors need to be more clearly defined and measured in appropriate ways and 

at proper scales to be able to explain a large portion of bacterial community differences and to 

allow us to link catchment types and their local environmental conditions. 

4.4.1 Concluding remarks 

Anthropogenic activities, urbanisation, and climate change is putting our freshwater 

ecosystems under pressure (Gadd et al., 2020). Freshwater ecosystem monitoring, in 

combination with bacterial communities for better land use assessments, is critical for ensuring 

the long-term sustainability of rural and urban freshwater streams. Bacteria, including 

pathogens and related indicators, can originate from a variety of sources and are transported 

through the environment by microorganisms and pose serious health risks to human health. 

The magnitude of pathogen-related freshwater quality degradation and bacterial community 

indicators drive the need for inclusion of indicator bacterial communities in freshwater 

monitoring programmes. Results presented from this study shows a great potential of bacterial 

communities to correctly identify sites based on catchment land use types and land use 

characteristics. As well as demonstrate a framework that emphasizes a biologically relevant 

based approach to understand and identify differences in bacterial community composition by 

explicitly considering environmental constraints due to land use changes. This will not only 

upgrade the level of freshwater monitoring programmes but will also contribute to important 

insights into what populates a healthy stream. I recommend the use of machine learning 

approaches including additional proposed methods to characterise the potential of stream 

bacterial communities as an indicator of stream health and to investigate natural, less modified 

streams and degraded, highly modified streams impacted by human activities for smooth 

ecosystem functioning. 
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Stream biofilm bacterial communities serve an important ecological role through their 

contributions in the cycling of nutrients and their high response towards environmental 

changes. Hence, understanding the impact of natural and human-derived variations on shaping 

stream bacterial community composition is highly crucial in investigating the state and 

maintaining healthy stream ecosystems. In this thesis, I investigated whether small to large 

spatial and temporal gradients define the composition of stream bacterial communities, and 

how I may utilise this knowledge to assess stream ecosystem health. To do this, stream biofilm 

bacterial 16S rRNA gene sequencing was used to determine significant differences in stream 

bacterial community composition at a regional scale. Additional research focussed developing 

conceptual models in the third chapter on using biofilm samples to investigate extended 

temporal patterns which revealed that bacterial taxa respond to rapid and seasonal 

environmental changes and that they may be classified as bloom and seasonal responsive taxa 

throughout the spatiotemporal scales studied. Some of these taxa might be linked with stream 

health degradation and eutrophication as well as taxa that reflect native streams. This can aid 

in the comparison of streams based on the taxa that have been associated with a specific habitat 

or site, as well as the selection of harmful, pathogenic, and environment-specific species. 

Differences in stream bacterial community dynamics were also found to be linked with local 

environmental variables. In addition, I explored large-scale spatial gradients in chapter 4 to 

investigate if stream bacterial communities could be used as an indicator for land use changes. 

Taxa/ASVs belonging to disturbed and undisturbed sites were identified using the random 

forest models described in this chapter, where bacterial populations were found to be related 

with land use changes. Again, this can aid in determining the status of stream health and 

distinguishing between good and bad streams. The bacterial community composition was also 

shown to be correlated with catchment soil physicochemical characteristics. In this final 

chapter, these findings are being discussed to present potential possibilities for future research.  

 

5.1 Methodology approach  

The goal of this thesis was to investigate the effects of spatial and temporal scales on 

bacterial community differences in various stream biofilm samples. When compared to earlier 

studies (Andriuzzi et al., 2018; Risse-Buhl et al., 2020; Roberto et al., 2019; Zancarini et al., 

2017), this comprehensive experimental study design is significantly unique to stream biofilm 

research. These biofilm samples were obtained from three different catchment types and 

monthly sampling for three years, with five replicates per site at a regional scale and four 
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different catchment types with five replicates per site spanning diverse habitats around New 

Zealand. These irreplaceable samples assisted me in analysing massive biofilm bacterial 

community data, and I was only able to explore spatial-temporal heterogeneity because of the 

large sample size and diversity. The 16S rRNA sequencing data obtained from these samples 

are now readily available and will help researchers conduct future stream biofilm studies both 

nationally and internationally. 

In chapters 2 and 3, this thesis used a bead-beating approach with chloroform–isoamyl 

alcohol (Miller et al., 1999) to extract stream biofilm DNA. This methodology yielded a large 

amount of DNA and is commonly utilised in stream biofilm DNA extraction methods (Ancion 

et al., 2013; Lear et al., 2008; Lear & Lewis, 2009; Lear et al., 2013). The work presented in 

Chapter 4 used the same methodology for extracting bacterial DNA, however, raw DNA 

sequence reads were retrieved from the NCBI Sequence Read Archive under the accession 

number PRJNA328535 (Lear et al., 2013). I was able to conduct more thorough and accurate 

research of stream bacterial community composition and dynamics by using consistent and 

well-studied methodology throughout all the chapters. 

Illumina MiSeq was applied in these studies, which is an NGS approach, across all 

stream biofilm DNA samples to analyse bacterial composition in the streams. Previously, to 

characterise bacterial communities and successional changes associated with biofilms, large-

scale freshwater research relied on DNA fingerprinting methods such as ARISA (Lear et al., 

2008; Lear & Lewis, 2009), terminal Restriction Fragment Length Polymorphism (T-RFLP) 

(Ancion et al., 2013), and denaturing gradient gel electrophoresis (DGGE) (Jackson et al., 

2001; Lyautey et al., 2005) However, the methods used in these previous investigations had 

limitations in terms of detecting and quantifying rare species (Bent et al., 2008; Blackwood et 

al., 2007). This thesis and other studies (Esposito et al., 2016; Langan et al., 2001; Zhou et al., 

2014) used NGS techniques to investigate individual taxa from the stream biofilm bacterial 

community and provide additional information about the reasons for their differences in 

abundance and other differential patterns caused by various environmental disturbances. As I 

analysed in Chapter 3, distinct taxa (orders) respond to temporal trends and seasonal events by 

grouping bacterial communities and associating them with certain physiochemical properties. 

Individual ASVs respond differentially to land use type and soil physicochemical properties, 

as I demonstrated in Chapter 4. However, using stream bacterial communities as predictors of 

land use change is still a unique concept, though using bacterial communities are considered to 

be highly responsive to changing environmental conditions as a consequence of their 

ubiquitous nature, short generation time, rapid life cycle, high growth rates, high functional 
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diversity and dispersal as compared to macroinvertebrates. It is also evident that these biofilm 

communities are not static but are characterized by changes in community structure related to 

anthropogenic impacts across a wide range of time scales (Hutchins et al., 2017). The presence 

and abundance of specific organisms within these biofilm communities may, therefore, be used 

to assess potential cumulative responses to the environmental conditions, and hence should be 

considered as a potential indicator to be used in conjunction with physicochemical monitoring 

techniques. I recommend that these resilient methodologies be used to accurately comprehend 

the dynamics of stream bacterial communities at a much more precise level, as there has been 

few research on applying NGS technology on large scale stream datasets to far. 

 

5.2 The importance of spatial scale 

Freshwater research at multiple spatial scales can yield substantial results in terms of 

assessing bacterial community composition differences. This also helps researchers better 

understand the underlying processes of bacterial community assembly and structure in different 

geographical locations of the stream environment. Additionally, this would also assist in 

determining bacterial communities from different land use types, dispersal dynamics, and 

changes in the local stream environment, all of which could have a varied impact on bacterial 

community diversity and dynamics in stream biofilms. As mentioned in Chapter 1, the research 

presented in this thesis was conducted at a diverse range of spatial scales, with samples 

collected at regional scale (hundreds of kilometres apart) for Chapters 2 and 3 and national 

scale for Chapter 4 (thousands of km apart). For chapters 2 and 3, there were three different 

catchment types draining rural, urban, and native streams; for chapter 4, there were four distinct 

catchment types draining rural, urban, native forest, and exotic forest streams. As a result, the 

small to large scale research performed here aided comprehension of trends in stream bacterial 

community composition at various scales ranging from regional to national scale. 

Previous studies such as Besemer et al. (2009) performed experiments using stream 

mesocosms incorporating streambed landscapes created by bedforms and explained a 

remarkable percentage (up to 47%) of the variation in community composition along bedforms 

due to spatial variation. At broader spatial scales, Comte et al. (2016) discovered the highest 

spatial impact on bacterioplankton composition in artic thaw ponds. Others have looked into 

community assembly processes at multiple spatial scales (Comte et al., 2016; Hassell et al., 

2018; Martiny et al., 2011; Shi et al., 2015), but none have reported sampling at diverse 

catchment/landuse types. Our research observed patterns within different catchment types at a 
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range of spatial scales, providing more information than previous research. In contrast to other 

studies (Hosen et al., 2017; Jyrkänkallio-Mikkola et al., 2017), our study from chapter 2 found 

a weak link between catchment types and bacterial community composition. The explanation 

for this could be that the study in Chapter 2 was conducted on a local regional scale, however, 

in Chapter 3, I observed a positive relationship between catchment types and bacterial 

community composition as the sample size was increased. Although the differences identified 

at different spatial scales contributed to our understanding of bacterial community dynamics 

over small to large spatial gradients, sample collection over multiple spatial scales is essential. 

In addition, the extent of catchment soil physicochemical properties was also 

investigated that were linked to bacterial community composition defined by various land use 

assignments in Chapter 4. I discovered that mean annual temperature was the most accurate 

and strongest predicted environmental variable that has been reported to influence the 

physiological processes of bacterial communities (Jackson et al., 2001; Veach et al., 2016). As 

well as associated with spatially correlated variation in temperature due to latitudinal gradients.  

Changes in bacterial community composition are frequently connected with soil moisture and 

temperature conditions within land-uses, implying that these factors control the composition of 

bacterial communities directly or indirectly (Lauber et al., 2013). Differences in vegetation 

dynamics, in particular, may have a significant influence in modifying the temporal variability 

of bacterial populations across land use types (Bevivino et al., 2014; Lauber et al., 2013; Tian 

et al., 2017). Furthermore, depending on the land use types (Wijesiri et al., 2018), the 

concentration of nutrient input entering into stream water can differ, such as differences in the 

nutrient content of agricultural land vs. pristine area. This suggests that these environmental 

conditions may be related to the land use types and soil physicochemical parameters evaluated, 

implying that more research is needed to gain a better understanding of stream bacterial 

community composition and patterns in different land-use types, as well as how they change 

over time. 

 

5.3 The importance of temporal scale 

Temporal heterogeneity within the stream ecosystem is unarguably the most reported 

and an important factor shaping stream bacterial communities and their assembly. In chapters 

2 and 3, I observed clear temporal trends related to biofilm bacterial community composition. 

I investigated significant shifts and differences occurring in biofilm bacterial community 

composition over months and years using robust multivariate statistical models. Furthermore, 
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I was able to demonstrate that bacterial taxa respond to rapid and seasonal environmental 

changes linked to bloom and seasonal differences. Changing environmental conditions over 

time (months, years) causes stream bacterial communities to change dynamics (Hullar et al., 

2006; Lindström et al., 2005). These findings aligned with those of earlier research that 

determined the role of temporal heterogeneity in bacterial community dynamics (Hu et al., 

2016; Naranjo et al., 2019). I have also highlighted the presence of bacterial taxa associated 

with bloom and seasonal events as well as observed coexistence of cyanobacterial and 

proteobacterial communities that responded to these temporal changes. These findings 

demonstrated that biofilm bacterial communities are highly responsive to environmental 

changes, including rapid physical and chemical changes in their surroundings. Temporal 

heterogeneity is widely linked to changes in the environment such as temperature fluctuations 

(Defew et al., 2004; Langan et al., 2001; Mohanty et al., 2007), differences in nutrient 

concentration (Guariento et al., 2011; Liu et al., 2019; Proia et al., 2012; Veach & Griffiths, 

2018), pH change (Guariento et al., 2011; Hill et al., 2009; Lindström et al., 2005; Smith et al., 

2006), change in flow rate (Kohler et al., 2012; Timoner et al., 2014; Villeneuve et al., 2011) 

and light intensity (Bengtsson et al., 2018; Romaní et al., 2014; Rosemond et al., 2000; Veach 

& Griffiths, 2018; Zhao et al., 2018). In chapter 2 of this thesis, it was discovered that water 

temperature, light, nitrogen, and soil moisture deficit have a moderate but significant impact 

on explaining temporal heterogeneity in bacterial community composition. The key drivers 

found as growth limiting factors for bloom forming and seasonal bacterial communities in 

chapter 3 were temperature and nutrients, which is predictable for such temporal settings. These 

conditions promote the formation of stream bacterial communities, resulting in seasonal 

bacterial communities that may be investigated using 16S rRNA gene sequencing and 

appropriate statistical methods, as reported in this thesis. 

 

5.4 Stream bacterial communities as indicators of stream health  

Stream biofilm bacterial communities as indicators of land use differences 

communicate on behalf of any change in soil attributes and their associated land use 

differences. For instance, bacterial communities linked to agricultural, urban, and native forests 

may represent different bacterial communities depending on their local environment, varied 

nutrient concentration, anthropogenic activities, or any temporal change in the surroundings. 

Using bacterial communities as indicators of land use changes could be highly appropriate for 

ecosystem management as a conceptual framework. As it is impossible to measure all those 
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factors that might be of potential relevance within an ecosystem, using bacterial communities 

as indicators would enable an ecologist to reduce the number of components that need to be 

investigated and monitored to assess changes in land use. For example, increasing urbanisation 

caused changes in the composition of sediment bacterial communities in streams (Simonin et 

al., 2019), bacterial communities have the potential to infer environmental parameters due to 

their environmental sensitivity and predictability (Glasl et al., 2019), and plant species 

identified as indicators were either positively or negatively related to agricultural landscapes 

(Birkhofer et al., 2018). Similarly, Chapter 4 of this thesis sought to determine the effects of 

land use on stream bacterial community composition. This chapter focused on relationships 

between land use particularly differences between those associated with agriculture and 

pastoral, urban, native and exotic forest, and bacterial communities, which revealed their 

potential to act as indicators of land use differences. This implies that bacterial communities 

that act as indicators of various land use types can aid in identifying the state of streams and 

when we study this approach over time. We could also detect potential transitions in land use 

via shifts and differences in bacterial community diversity and its composition. Furthermore, 

bacterial trends identified in native forest land use types may serve as indicator bacterial 

communities resulting from natural variation unaffected by human intervention. This can 

therefore be used as bacterial indicators in monitoring programs to distinguish between natural 

and human-caused perturbations over time. This would also allow us to predict and compare 

changes in the future environment by gaining a better understanding of current bacterial 

communities, which can allow them to be applied for monitoring strategies. Monitoring the 

direct effect of temperature on a river catchment, for example, which is frequently impacted by 

a wide variety of local temperatures over time due to runoff, flooding, and forest composition, 

as well as land use vegetation, flooding, soil erosion, and sediment sources (Dearing et al., 

2008). Modelling strategies may help uncover forecasting changes in harmful algal bloom 

patterns over the next few decades, linking bloom with insights to the ecosystem and climate 

conditions (Wells et al., 2015). This study provides data on bacterial communities that respond 

to those temporal patterns, complementing findings from this study can be taken further for 

refinement and would help researchers carry-on long-term analysis to investigate any potential 

harmful affects that may cause due to cyanobacterial blooms in stream ecosystem. 

Furthermore, the findings of this study will contribute to understanding functional attributes of 

bacterial communities that were found to be linked to bloom and seasonal trends, as well as 

detecting any changes that may occur in the streams over time. Given how important is to 

understand bacterial community composition to determine the quality of stream ecosystem, it 
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is therefore crucial to account for any changes that might affect these bacterial communities 

and can be tracked using modelling approaches for long-term sustainability of our ecosystem 

and land use practices.  

 

5.5 Future directions  

This thesis presents an extensive insight into bacterial community composition and dynamics 

of freshwater streams and demonstrates strategies that enable us to apply stream bacterial 

communities as biological indicators. However, as I carried out this research, many questions 

were raised and offered strategies for further answer those questions. I, therefore, propose 

further research, as follows:  

1. The study in Chapters 2, 3, and 4 revealed that the relationship between 

physicochemical parameters and stream bacterial communities is significant, however, 

presented a weak association that accounted for explaining <10% of the community 

differences for chapters 2 and 3, and the impact of mean annual air temperature on 

stream bacterial community composition in chapter 4. These results demonstrate 

evidence of temperature being strong environmental driver and align with multiple 

studies that reported the impact of temperature on stream bacterial communities (Defew 

et al., 2004; Freixa et al., 2017; Lindström et al., 2005; Mohanty et al., 2007; Zhao et 

al., 2018), this also suggest that other important factors that were not measured in this 

study such as conductivity (Walsh et al., 2005), salinity (Li et al., 2019), flow (Kohler 

et al., 2012; Timoner et al., 2014), anthropogenic activities (Ge et al., 2021; Hoellein et 

al., 2014), metal contamination (Ancion et al., 2013; Ancion et al., 2010; Zhang et al., 

2018), antibiotic resistance (Marti et al., 2013), and various biotic factors such as 

grazing (McGovern et al., 2011; Munoz et al., 2000; Parry, 2004) competition, 

mutualism and successional changes (Lyautey et al.,2005; Veach et al., 2016) inevitably 

also contribute to the observed bacterial community differences. I presume that the 

remainder of the explanation of bacterial community composition is a consequence of 

other factors not explored in this study. Hence, repeating these analyses with further 

inclusion of potential environmental drivers would improve understanding of 

differential patterns and shifts I observed in our stream bacterial community dataset.  

 

2. Another important follow-up question I observed from our studies is to determine the 

significant regional differences in our stream dataset. I was unable to determine the 
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potential implications of regional differences, which would increase our understanding 

of bacterial community composition at the local scale, as discussed before in this thesis. 

Furthermore, local regional surroundings such as mass effect, dispersal limitation, and 

neutral assembly, which are all considered critical in influencing the composition of 

bacterial communities, can have a substantial impact on driving bacterial community 

differences (Lindström et al., 2012; Van der Gucht et al., 2007). Additionally, chapters 

2 and 3 are based on a single region, implying that more areas would have allowed us 

to portray better results and better spatial scale outcomes. However, sampling within 

site/catchment would also help us to better understand the connection between the local 

ecosystem and its catchments. As a result, it would be useful to compare and elucidate 

differences between regions by investigating bacterial community dynamics on a large 

regional scale with varied local environmental conditions. 

 

3. The study in chapters 2 and 3 showed three years containing months and seasonal 

analyses based on bacterial community composition while chapter 4 only showed 

results from one year of samples from the astral summer season, leaving us with the 

question of what would be the outcome of a long-term analysis? Although the 

conclusions of chapters 2 and 3 provide us a good knowledge of temporal 

heterogeneity, chapter 4 deals with huge spatial scale disparities. However, 

successional studies were not included in this thesis, which would have allowed us to 

learn more about what happens in the subsequent months and years after certain events 

that may have a significant impact on bacterial community compositions, such as 

extreme temporal events (Kan, 2018) or large land use transitions. We will be able to 

characterise how bacterial communities adapt to sudden, severe changes in the stream 

environment by sampling the same locations before and after land use transitions, 

followed by intense temporal sampling weeks, months, or years. Furthermore, this 

would also allow us to keep track of successional changes occurring in the bacterial 

community composition and diversity with long-term monitoring sampling. 

 

4. In this thesis, I have developed some robust models to detect differences in stream 

bacterial composition via temporal and spatial heterogeneity which could be used in 

practical research. However, future research based on broad research questions would 

greatly enhance the utility of our statistical models, for example, how can we 

characterise significant individual stream bacterial taxa responsible to play an essential 



 

107 

 

role in stream ecosystem? or how can successional changes be used to explore stream 

biofilm assembly patterns, or what is the relationship between autotropic and 

heterotrophic organisms in stream biofilms? I further propose applying metagenomics, 

transcriptomics, proteomics that exploit using DNA, RNA, and protein based 

approaches (Biswas et al., 2018), and employing statistical models that have been 

demonstrated in this thesis, would allow future studies to gain additional insights into 

bacterial community differential patterns and their functional potential, or highlight 

active genes involved in major ecological processes. Although this can be extremely 

challenging due to their high abundance and diversity, these can be important questions 

to ask for future research. Few studies have reported active genes that are involved in 

essential ecosystem processes and biogeochemical cycling to supply us with insights 

on ecological processes offered by stream bacterial communities (Fasching et al., 2020; 

Ghosh & Das, 2018), however, these studies were only confined to either forest or a 

contaminated site, hence increasing the spatial scale and land use impact would also 

help improve these findings in future.   

 

5.6 Concluding remarks 

The research I presented in this thesis progressed from assessing small to large spatial 

scale as well as their relationship with temporal gradients, employing a variety of statistical 

approaches that can be used in applied research. In stream biofilm research, this comprehensive 

experimental study design is highly unique. These biofilm samples were collected from three 

different catchment types over a three-year period, with five replicates per site at a regional 

scale and four different catchment types with five replicates per site spanning diverse habitats 

throughout New Zealand. With a small spatial and large temporal scale within a single region 

draining three different catchments, I first demonstrated the significance of spatial and temporal 

heterogeneity in shaping bacterial community composition. The impact of bloom events and 

seasonal shifts in bringing bacterial community composition differences across longer time 

periods, as well as the introduction of new bacterial communities into the ecosystem, was then 

explored. At large spatial scale, I demonstrated the relationships between stream bacterial 

communities, land use types, and catchment soil physicochemical parameters, which explored 

the association of freshwater bacterial communities dictating landuse differences. These results 

can be used as bacterial indicators in monitoring programs to distinguish between natural and 

human-caused perturbations over time. This would also allow us to predict and compare 
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changes in the future environment by gaining a better understanding of current bacterial 

communities, which can allow them to be applied for monitoring strategies. The statistical 

models utilised in this study are very robust, reliable, user-friendly, and novel in this field of 

research, allowing future research to delve further into potential research questions.  

Overall, this thesis advances our knowledge of how stream bacterial community 

composition is influenced by the spatial, temporal, and local stream environment, while 

determining the importance of conducting investigations of stream bacterial communities 

across multiple scales, from regional to national. This study also facilitates using methodology 

and findings to conduct future studies at global scale and longer time series analysis, which 

will help researchers to better understand how these bacterial communities assemble and shift 

over time. The findings of this thesis highlight the potential of using bacterial communities as 

useful indicators of stream health, as identified by specific indicator ASVs, which would 

encourage future research to perform studies such as exploring the functional attributes of these 

bacterial ASVs and offering information on ecosystem processes taking place within the stream 

biofilm environment and how these are influenced by land management practices. This will 

also progress our understanding of key functional role these stream bacterial communities play 

in ecosystem processes that can be utilised to understand stream health and monitor their 

composition and abundance over time. We need to measure more temporal drivers in depth 

including in-stream and local environmental parameters to fully understand their role in 

shaping stream bacterial community composition and assembly to ensure we have long term 

sustainability of our stream ecosystem.  
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APPENDIX A 
 

Table A1. Site description, location, catchment area land use distribution (%), and closest 

climate stations of Auckland region (according to the climate database www.cliflo.niwa.co.nz) 

 

 

 

Site 1: Cascades; Site 2: Mahurangi; Site 3: Ngakaroa; Site 4: Oakley Creek; Site 5: Otara 

Creek; Site 6: Wairoa 

*Additional information on all the analytical methods used can be found at 

hydrowebportal.niwa.co.nz. Daily maximum and minimum temperature (°C), light (mean daily 

global radiation [Mj/m2]), daily precipitation and water balance data were obtained from the 

nearest climate stations (NIWA cliflo database, Appendix A, Table A1). 

 

 

Table A2. Table with reads retained/discarded at each step of sequencing analysis using 

VSEARCH  

 

Steps Sequences retained/discarded 

Total sequences 18313615  

derep_full length 18209665 sequences obtained; 8746716 unique sequences 

Sorty_by_size 1131419 unique written from 8746716 

clusters 38720 unique clusters 

14796 singletons (38.2% of clusters, 1.3% of sequences) 

chimeras 11593 chimeras (29.9% of unique clusters) 

Mapping 16698400 of 18209665 sequences retained (91.70%) 

 

 

Streams  Primary 

land 

cover  

Latitude Longitude Urban 

surfaces 

(%) 

Cropland 

(%) 

Forest cover 

(%) 

Grassland 

(%) 

Scrubland 

(%) 

Water 

bodies (%) 

Closest climate station  

Site 1 Forest -36.91 174.91 1.97 0.08 54.88 22.58 19.76 0.73 Whenuapai/Northshore 

Site 2 Rural -36.47 174.73 3.58 0.34 42.66 48.6 4.68 0.15 Warkworth/Leigh 

Site 3 Rural -37.11 174.94 1.29 20.43 5.89 72.03 0.21 0.14 Auckland Aero/Mangere 

Site 4 Urban -36.88 174.7 97.85 0 2.01 0 0.13 0 Auckland Aero/Mangere 

Site 5 Urban  -36.96 174.87 53.32 0.47 4.96 41.03 0.15 0.07 Auckland Aero/Mangere 

Site 6 Forest  -37.08 174.95 0.55 1.03 39.03 51.41 6.96 1 Auckland Ardmore 
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Figure A1: Alpha rarefaction plots at a sampling level of 5000 

 

 

 

Figure A2: Alpha rarefaction plots at a sampling level of 10000 
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Figure A3: Chart representing rarefaction curves obtained from 16S rRNA sequencing 

analysis. Rarefaction cut off upto 2000 is shown by the orange line; the grey line is showing 

cut off at 5000.  
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Table A3. Calculations of periodic regression analysis. Sine, Cosine are Co-variates 1 and 2 

obtained from periodic regression model  

   

Month             Degrees/12          Sine                  Cosine  

  1       30 0.5 0.86 

  2      60 0.86 0.5 

  3      90 1 6.12 

  4     120 0.86 -0.5 

  5     150 0.5 -0.86 

  6     180 1.22 -1 

  7     210 -0.5 -0.86 

  8     240 -0.86 -0.5 

  9     270 -1 -1.83 

 10     300 -0.86 0.5 

 11     330 -0.5 0.86 

 12     360 -2.45 1 
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Figure A4.  Bivariate plot showing the distribution of data used to represent each month in a 

periodic regression model.  
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Figure A5. nMDS plot to visualize the effect of partial samples in our dataset obtained from 

Wairoa stream in the Year 2013 grouped (by average), ( ) Year, ( ) Month, ( ) season, ( ) 

catchment, ( ) stream derived from non-metric multi-dimensional scaling using Bray-Curtis 

imilarities. The trajectory shows the direction of the movement of monthly data point. 2D 

Stress value: 0.17 
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Table A4: Marginal tests by DistLM using environmental parameters and average biological 

data 

 

Variable        SS(trace) Pseudo-F      P 

                  

Turbidity      4835.8   1.4181 0.0432  

Water Temperature    7391.3   2.1805 0.0007  

pH        4585.4   1.3439 0.0703  

Total Suspended Solids  3266.1  0.95429 0.5009  

Nitrate + nitrite   12515    3.7368 0.0001   

Ammonia as N   5348.9   1.5704 0.0178  

TKN        12646    3.7772 0.0001   

Total N    14271    4.2791 0.0001  

DO % Sat    10787    3.2078 0.0001  

Total Phosphorus   4418.3   1.2944 0.0857   

Soluble Phosphorus   5746.9   1.6889 0.0083   

Mean_Tmax      8460.4   2.5021 0.0002  

Mean_Tmin      7646.8   2.2572 0.0007  

light       8442    2.4966 0.0001   

Rain      4796.3  1.4064 0.0473  

Deficit      8388.3   2.4804 0.0002  

 

Table A5: Sequential test DistLM representing highly significant predictor variables with P 

values  

 

Variable     AIC      SS(trace)   Pseudo-F    P 

+Total N  1040.4       14271    4.27    0.0001  

+Deficit  1039.9      7842.8    2.37   0.0002   

+Water Temperature 1039.6      7341.9    2.24              0.0003 

+light   1039.5      6605.6    2.03    0.0007  



 

116 

 

APPENDIX B 

 

Figure B1. Map showing the study region within New Zealand and locations of sampling 

sites within the Auckland region. The geographic location of each stream is as follows: 

Cascades Stream Latitude: -36.91, Longitude: 174.91; Wairoa Stream Latitude: -37.08, 

Longitude: 174.95; Mahurangi Stream Latitude: -36.47, Longitude: 174.73; Ngakaroa Stream 

Latitude: -37.11, Longitude: 174.94; Oakley Creek Latitude: -36.88, Longitude: 174.70; 

Otara Stream latitude: -36.96, Longitude: 174.87.  
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Table B1: Site description, location, catchment area, land use distribution (%), and closest 

climate stations to each sampling site in the Auckland region (according to the climate database 

www.cliflo.niwa.co.nz)  

 

 

*Site 1: Cascades; Site 2: Mahurangi; Site 3: Ngakaroa; Site 4: Oakley Creek; Site 5: Otara Creek; Site 6: 

Wairoa 

 

 

 

 

 

 

 

 

 

 

*Streams  Primary 

land 

cover  

Latitude Longitude Urban 

surfaces 

(%) 

Crop 

land 

(%) 

Forest 

cover 

(%) 

Grassland 

(%) 

Scrubland 

(%) 

Water 

bodies 

(%) 

Closest climate station  

Site 1 Forest -36.91 174.91 1.97 0.08 54.88 22.58 19.76 0.73 Whenuapai/Northshore 

Site 2 Rural -36.47 174.73 3.58 0.34 42.66 48.6 4.68 0.15 Warkworth/Leigh 

Site 3 Rural -37.11 174.94 1.29 20.43 5.89 72.03 0.21 0.14 Auckland 

Aero/Mangere 

Site 4 Urban -36.88 174.7 97.85 0 2.01 0 0.13 0 Auckland 

Aero/Mangere 

Site 5 Urban  -36.96 174.87 53.32 0.47 4.96 41.03 0.15 0.07 Auckland 

Aero/Mangere 

Site 6 Forest  -37.08 174.95 0.55 1.03 39.03 51.41 6.96 1 Auckland Ardmore 

http://www.cliflo.niwa.co.nz/
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Figure B2: RELATE routine to compare the similarity between sequencing analysis using 

ASVs and OTUs obtained by DADA2 and VSEARCH (QIIME) analysis. Spearman’s rank 

correlation coefficient on X axis and sample frequency is given on Y axis. Spearman’s rank 

correlation coefficient between their resemblance matrices (Rho): 0.89; Significance level of 

sample statistic: 0.01% using 9999 number of permutations. 
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Figure B3. Box plots for OTU richness, Shannon and Simpson diversity indices across 

streams. Each colour represents samples from an individual stream. Native streams: CS 

(Cascades) and WB (Wairoa); Moderately impacted: MH (Mahurangi) and NK (Ngakaroa); 

Highly impacted: OTR (Otara) and OAK (Oakley). A Tukey post-hoc test revealed 

significantly different data groups, represented by different letters assigned to each stream; 

same letter represents no significant difference between streams (two factor ANOVA, Tukey 

HSD; p< 0.05). 

A B 
BC 

BC 

C A 

S
im

p
s
o
n
 i
n
d
e
x
 

R
e

la
ti
v
e

 O
T

U
 R

ic
h

n
e

s
s
 

S
h
a
n
n
o
n
 i
n
d
e
x
 

 

 
 

1000 

Relative OTU Richness 

 
 
 

750 

 
 
 

500 

 
 
 

250 

 
 
 

0 
CS MH NK OTR OAK WB 

 
Shannon index 

 
6 

 
 
 
 

4 

 
 
 
 

2 

 
 

 
0 

CS MH NK OTR OAK WB 

 
 

Simpson index 

 
300 

 
 
 
 

200 

 
 
 
 

100 

 
 
 
 

0 
 

CS MH NK OTR OAK WB 

Stream 

BC 
C A AB 

A 
BC 

BC 

C C 
C 

AB 

A 



 

120 

 

Table B2. PERMANOVA table of results of model ‘1’, based on Bray-Curtis dissimilarity 

distance showing the partitioning of variance factors and tests for the factors of (CA) 

Catchment, (ST) Stream, (YE) Year, (MO) Month and Season (SE) and (where possible) their 

interactions. 

 

Source 
 

 df   SS Pseudo-F P(perm)  Sq.root 

 

CA 

 

2 

 

36403 

 

1.1028 

 

0.3657 

 

5.5623 

YE 3 1.49E+05 6.08 0.0002 22.298 

SE 3 33415 0.99253 0.5032 -0.9773 

ST(CA) 3 45898 2.7155 0.0024 16.864 

CAxYE 6 60687 1.0711 0.3507 4.4898 

CAxSE 6 36688 1.0426 0.3799 2.6747 

YExSE 6 70333 2.2603 0.0001 14.515 

MO(YExSE) 23 2.09E+05 1.8656 0.0001 17.663 

ST(CA)xYE 9 86494 5.7868 0.0001 21.625 

CAxYExSE 12 71590 1.0405 0.3354 4.3608 

CAxMO(YExSE) 41 1.90E+05 0.95348 0.8078 -6.661 

ST(CA)xMO(YExSE) 49 2.38E+05 2.9249 0.0001 33.148 

Pooled* 25 1.48E+05 3.561 0.0001 24.842 

Res 364 6.05E+05                  40.752 

 

* Pooled terms:  ST(CA)xSE 

   RE(MO(YExSE)) 

   CAxRE(MO(YExSE)) 

 

Sources of variation in parentheses denote nested factors. Terms having P > 0.05 were not removed from the 

model, as their main effect is logically required to fit the interaction term. P-values were obtained using 9999 

permutations of residuals under a reduced model. Sq. root = square root of the component of variation attributable 

to that factor in the model, in units of Bray-Curtis dissimilarity distance. 

 

Table B3. PERMANOVA table of results of model ‘2’, generated by periodic regression 

analysis of Bray-Curtis dissimilarity distance comparisons of bacterial community data and 
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accompanying tests for seasonality on the bacterial community. Covariates (CoV 1 and CoV2) 

generated from regression model of the 12-month cycle were used as ANOVA estimators in 

this model. Factors used (CA) Dominant land-use, (YE) Year, (ST) Stream, CoV1 and Cov2, 

their interactions Source (where possible). 

 

Source 
 

  df 
 

  SS 
 

Pseudo-F 
 

P(perm) 
 

Sq.root 
 

 

COV1 1 25551 5.8634 0.0001 6.1907 

COV2 1 43725 11.448 0.0001 8.5149 

CA 2 63450 0.92821 0.5472 -3.6571 

YE 3 2.58E+05 8.4852 0.0001 24.555 

ST(CA) 3 1.00E+05 2.5885 0.0003 15.086 

COV1xCA 2 19839 3.9123 0.0001 6.3608 

COV1xYE 3 1.04E+05 14.262 0.0001 16.881 

COV2xCA 2 18169 3.6422 0.0001 6.021 

COV2xYE 2 41237 8.4436 0.0001 10.391 

COV1xST(CA) 3 32011 4.2062 0.0001 9.488 

COV2xST(CA) 3 24463 3.2163 0.0001 7.8997 

COV1xCAxYE 6 61074 3.3532 0.0001 13.311 

COV2xCAxYE 6 33861 2.1931 0.0001 9.0197 

COV1xST(CA)xYE 9 80074 2.9947 0.0001 17.464 

COV2xST(CA)xYE 8 57297 2.6284 0.0001 14.717 

Pooled* 10 1.11E+05 4.8645 0.0001 19.061 

Res 470 1.07E+06                  47.698 

 

      *Pooled terms: ST(CA)xYE + CAxYE 

 P-values were obtained using 9999 permutations of residuals under a reduced model. Sq. root = square root of 

the component of variation attributable to that factor in the model, in units of Bray-Curtis dissimilarity distance.  
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Figure B4. Relative abundances of the top 40 most abundant bacterial Order across our stream 

biofilm dataset. Barplot is partitioned into six small plots (rows) representing six different 

streams from the beginning of sampling in February 2013 until February 2016. The x-axis 

represents time and each bar represents the relative abundance of the top 40 most abundant 

Order in each stream. Bars ordered from left to right by date. Each color corresponds to a 

specific Order.  
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Figure B5. Shade plot showing bacterial community differences of fifty most abundant 

bacterial Orders across our stream biofilm dataset over time (year_month) clustered together 

based on their similarity and indicated by dendrogram (on the left). Shading intensity within 

the matrix indicates the log (X+1) transformed relative abundance of each Order (as 

represented by legend in the upper left of the plot). On the top Y axis streams are indicated by 

symbols, CS (   ),  MH (   ), NK (   ), OAK (   ), OTR (   ), WB (   ) from the beginning of 

sampling February 2013 until February 2016.   
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Figure B6. Canonical analysis of principal coordinate (CAP) plots to show the impact of environmental variables on bacterial community structure 

and diversity determined by dbRDA analysis. Comparisons were made using subsets of the bacterial community selected by each of the three 

GLM models. Environmental variables that significantly explained variability by dbRDA analysis in explaining bacterial community differences 

in each model are fitted to the ordination (arrows); 9% from model 1 and 2, 8% from model 3, respectively. Each data point in the plot represents 

a bacterial community at a specific location and time-point (n = 176) and each colour represents the year of sampling. The direction of the arrows 

indicates the direction of maximum change of that variable, whereas the length of the arrow is proportional to the rate of change.  
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Figure B7. Shade plot of measured environmental factors from Feb 2013-Feb 2016 from our 

stream biofilm sites. Data were normalised for each site and constrained by month_year before 

making the shade plot. Each data point was normalised by subtracting the mean (across all 

samples) and divide by the standard deviations of that variable using Euclidean distance so that 

all variables take values over roughly the same limits. The normalisation scale is shown on 

upper right side of the plot. Shading intensity within the matrix indicates the transformed value 

of each parameter as represented by legend on the left side of the plot. On the Y axis, streams 

are indicated by symbols, CS (   ),  MH, (   ), NK (   ), OAK (   ), OTR (  ), WB (   ) from the 

beginning of sampling February 2013 until February 2016. Lines are added to the figure to 

separate data from each stream 
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APPENDIX C 
 

 

Figure C1. A total of 204 stream sites were sampled for bacterial community analysis, from 

within seven regions administrated by the following councils: Auckland Council (AK), 

Environment Waikato (WK), Hawkes Bay (HB), Horizons (Manawatu–Wanganui) (HR), 

Greater Wellington (WG), Tasman (TS) and Environment Canterbury (CB). Sampling 

locations were located from 36°20′40.24″S to 44°54′37.81″S (latitude) and 169°35′03.62″E to 

177°35′03.62″E (longitude). 
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Table C1. Land use index (LUI) scores for all sites.   

Site Region catchment landuse_index+1 

AKOAK AK Urban 390.41 

HBRHP HB Urban 388.93 

CBDUD CB Urban 384.84 

TSBOR TS Exotic Forest 306.06 

AKOTH AK Urban 299.05 

AKEL AK Urban 270.00 

AKCH AK Urban 268.40 

CBWMR CB Urban 242.83 

AKO AK Urban 241.43 

WGWAI WG Urban 237.58 

AKPHN AK Urban 235.75 

AKCB AK Urban 233.85 

CBSTX CB Rural 227.13 

TSJLB TS Urban 217.62 

WGMGP WG Rural 213.70 

TSTAS TS Rural 202.26 

WGKAR WG Urban 198.07 

AKLG AK Urban 189.91 

CBTNK CB Rural 182.31 

AKLU AK Urban 180.69 

WGPOR WG Rural 158.55 

WKPCK WK Rural 151.54 

CBKP CB Rural 147.33 

HRHOK HR Rural 141.63 

TSRES TS Urban 140.63 

AKMU AK Rural 138.35 

AKEM AK Urban 131.25 

CBOHP CB Rural 126.26 

AKOTR AK Urban 119.85 
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TSJLW TS Urban 118.38 

AKNK AK Rural 118.32 

CBAKR CB Rural 118.32 

AKPB AK Urban 118.16 

HBMNT HB Urban 117.91 

CBCMD CB Rural 117.32 

HBHER HB Urban 110.66 

WGKWH WG Urban 108.79 

CBBOG CB Rural 106.87 

AKDC AK Rural 105.60 

CBSKL CB Rural 105.32 

CBGLN CB Rural 104.58 

HBPGH HB Rural 103.44 

CBLYL CB Rural 103.27 

AKWG AK Rural 103.18 

WKMTA WK Rural 101 

WKNK WK Rural 100.35 

WKMSB WK Rural 99.23 

WGPKW WG Rural 99.00 

CBWK CB Rural 96.93 

CBDRY CB Rural 96.18 

CBABT CB Native Forest 95.78 

HBMNK HB Urban 95.49 

AKK AK Rural 92.21 

AKPU AK Rural 91.80 

HRMWB HR Rural 90.92 

AKPP AK Rural 90.60 

HBPUH HB Rural 90.50 

CBCL CB Rural 90.50 

CBSR CB Rural 90.21 

HBTKP HB Rural 89.97 

HRMW HR Rural 89.37 
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AKMK AK Native Forest 87.86 

HBMGK HB Rural 87.74 

HRORO HR Rural 87.56 

HRMPT HR Rural 85.44 

AKD AK Rural 85.20 

TSRED TS Exotic Forest 84.89 

AKM AK Rural 84.59 

HBPOR HB Rural 84.37 

HBTUK HB Rural 84.06 

HBTRB HB Rural 83.90 

HRMWW HR Rural 83.62 

HRTH HR Rural 83.05 

HRBR HR Rural 82.56 

CBWPR CB Rural 82.18 

HRMUG HR Rural 81.60 

HRMAN HR Native Forest 81.44 

HBTSH HB Rural 81.39 

HRTIR HR Rural 81.25 

HRMO HR Rural 81.09 

HBMAN HB Rural 80.49 

WGTR WG Rural 78.38 

CBOPH CB Rural 77.17 

AKLV AK Rural 76.30 

CBPAW CB Rural 75.48 

AKOT AK Rural 74.66 

WKHW WK Rural 73.88 

WKWGR WK Native Forest 72.47 

CBMB CB Rural 71.54 

WKWK WK Native Forest 71.34 

CBKTN CB Rural 70.14 

WKWN WK Native Forest 69.28 

HBHAN HB Rural 68.49 
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CBBAL CB Rural 66.68 

AKART AK Rural 66.42 

CBSEL CB Rural 66.17 

AKVU AK Rural 66.02 

WGAW WG Rural 65.66 

CBHAL CB Rural 65.59 

CBPRS CB Rural 64.52 

HRTS HR Rural 64.49 

AKSH AK Rural 62.90 

HRHT HR Rural 62.68 

CBQLB CB Rural 62.29 

HROAL HR Native Forest 61.40 

HBMNR HB Rural 59.16 

HRMWP HR Rural 58.79 

HRKH HR Rural 57.00 

WKPRN WK Native Forest 56.04 

WGMTR WG Rural 55.82 

HBESK HB Rural 55.61 

WGTRC WG Rural 54.03 

WKMNR WK Native Forest 53.78 

CBOPU CB Rural 53.37 

AKDCP AK Rural 53.01 

CBPAH CB Rural 50.96 

AKWB AK Native Forest 50.59 

CBIRC CB Rural 50.53 

CBOMR CB Rural 49.90 

AKARM AK Rural 49.89 

HBTP HB Rural 49.78 

CBASH CB Rural 49.42 

WGHOR WG Rural 49.03 

WKWMU WK Native Forest 48.54 

AKAR AK Rural 48.43 
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HRWG HR Native Forest 47.86 

AKOK AK Rural 46.94 

WKOMW WK Native Forest 46.70 

AKSY AK Rural 45.70 

HBMAK HB Rural 44.78 

AKMTK AK Rural 44.50 

TSJLH TS Exotic Forest 44.24 

HRRMW HR Rural 43.88 

HBWP HB Rural 40.98 

WKOAM WK Native Forest 40.96 

HBTKT HB Rural 40.92 

WKTRP WK Native Forest 38.51 

WGMAN WG Native Forest 38.24 

WGWHB WG Native Forest 37.39 

HBRUA HB Rural 37.25 

AKTRN AK Native Forest 36.42 

CBAG CB Native Forest 35.42 

AKAWN AK Rural 32.78 

HRRG HR Native Forest 32.52 

HRWC HR Native Forest 30.14 

WGHUT WG Native Forest 30.05 

AKOP AK Rural 26.98 

AKAU AK Rural 26.69 

AKPH AK Native Forest 25.55 

TSRM TS Exotic Forest 23.92 

AKKT AK Native Forest 22.71 

CBFRK CB Native Forest 21.63 

HBMKD HB Native Forest 19.05 

AKKKP AK Native Forest 18.94 

CBHRN CB Native Forest 18.87 

HRTK HR Native Forest 18.65 

AKWH AK Native Forest 18.36 
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CBEAL CB Rural 17.54 

WKOKU WK Rural 16.11 

HBMRP HB Native Forest 15.44 

HBMWF HB Native Forest 13.95 

CBSPR CB Rural 13.51 

HRPHP HR Native Forest 13.49 

HROAG HR Native Forest 13.07 

WKKRK WK Native Forest 12.75 

CBKOW CB Native Forest 12.40 

AKRH AK Exotic Forest 11.72 

AKHKH AK Exotic Forest 9.81 

WKTRK WK Native Forest 9.79 

HRMD HR Native Forest 9.59 

WKWTT WK Rural 8.81 

WKPIR WK Native Forest 7.12 

WGHTM WG Native Forest 7.07 

WKPHE WK Native Forest 6.33 

HBWKR HB Rural 6.29 

AKNKU AK Native Forest 4.92 

WKTRU WK Native Forest 3.99 

WGWKN WG Native Forest 3.27 

CBBSH CB Native Forest 2.50 

HBMKM HB Native Forest 2.24 

HBMKU HB Native Forest 1.65 

WGWG WG Native Forest 1.50 

AKMW AK Native Forest 1.44 

HBTIW HB Exotic Forest 1.26 

HBANI HB Native Forest 1.05 

WKMTU WK Native Forest 1.02 

AKWS AK Rural 1 

AKAWD AK Exotic Forest 1 

AKMH AK Exotic Forest 1 
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AKOB AK Exotic Forest 1 

AKSP AK Exotic Forest 1 

AKDCB AK Rural 1 

AKEU AK Urban 1 

AKWK AK Native Forest 1 

AKCS AK Native Forest 1 

AKKN AK Native Forest 1 

AKMA AK Native Forest 1 

AKML AK Native Forest 1 

AKOR AK Native Forest 1 

AKOTN AK Native Forest 1 

WKAHR WK Native Forest 1 

WKKAU WK Native Forest 1 

WKWKK WK Native Forest 1 

WGBC WG Native Forest 1 



 

137 

 

 

Figure C2. Heat map showing variation in bacterial community composition, represented by 

order level classification among 204 streams. Streams are ordered (y-axis) by hierarchal 

clustering of bacterial community data to generate the cluster dendrogram (left) based on Bray-

Curtis dissimilarity using Ward’s minimum clustering. Each column represents a specific 

bacterial order and each row a different stream. The colour gradient represents the relative 

abundance of each Order from low abundance (blue) to high abundance (red).   
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Figure C3. (a) Differences in the bacterial community data clusters of disturbed sites based on Bray-Curtis dissimilarity. Vectors represent 

significant physiochemical variables significantly correlated (P < 0.05) with the observed variation in bacterial community composition, as 

determined by “envfit” analysis of the data (b). Ward’ clustering of bacterial communities of disturbed sites, based on Bray-Curtis distance matrix 
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Figure C4. (a) Differences in the bacterial community clusters of undisturbed sites based on Bray Curtis dissimilarity. Vectors represent significant 

physiochemical variables significantly correlated (P < 0.05) with the observed variation in bacterial community composition, as determined by 

“envfit” analysis of the data (b). Ward clustering of bacterial communities of undisturbed sites, based on Bray Curtis distance matrix  
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Figure C5. (a) Differences in the clusters of percentage landuse upstream catchments of 

disturbed sites based on Euclidean distance. Vectors represent significant influence of landuse 

conditions significantly correlated with PCA ordination (P < 0.05) (b) Differences in the 

clusters obtained from percentage landuse upstream catchments of disturbed sites based on 

Tukey post-hoc test revealed significantly different cluster represented by different alphabet 

whereas same alphabets were assigned to significantly similar clusters (ANOVA, Tukey HSD; 

P <  0.05). 
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Figure C6. (a) Differences in soil physicochemical variables clusters of disturbed sites based 

on Euclidean distance. Vectors represent significant variables (P<0.05) significantly correlated 

with PCA ordination (b) Differences in soil physicochemical variables clusters of disturbed 

sites based on Tukey post-hoc test revealed significantly different cluster represented by 

different alphabet whereas same alphabets were assigned to significantly similar clusters 

(ANOVA, Tukey HSD; p< 0.05).  
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Figure C7. (a) The number of correct and incorrect identifications of the physicochemical 

variable's clusters belonging to undisturbed sites (native forest), based on a random forest 

classification of bacterial community data of undisturbed sites. Black borders indicate correct 

classifications based on the percentage of sites (total 10 iterations). Number above the 

percentage value are representative of number of sites for each random forest identification. 

Each cluster can be defined by their physicochemical characteristics, as indicated to the right 
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of each matrix. (b) Ward’s minimum clustering based on physicochemical variables used as a 

response variable in random forest models based on Euclidean distances (c) Differences in the 

clusters obtained from physiochemical variables of undisturbed sites based on Euclidean 

distance. Vectors represent significant environmental variables (P<0.05) based on PCA 

ordination (d) Differences in the clusters obtained from physiochemical variables of 

undisturbed sites based on Tukey post-hoc test revealed significantly different cluster 

represented by different alphabet whereas same alphabets were assigned to significantly similar 

clusters (ANOVA, Tukey HSD; p< 0.05). 
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Figure C8. Predicted (a-j) physicochemical variables or (g-h) PCA scores of the undisturbed 

sites (native sites) based on random forest regression analyses of bacterial communities in 

comparison to actual site physicochemical values. Dashed red lines indicate where points 
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should fall for an exact prediction. Adjusted R2 and slope values are indicated in the upper left 

of each linear regression plot. 

 

 

 

Figure C9. Linear regression analysis for individual physicochemical variables of disturbed 

sites (rural, urban, exotic forest) based on random forest regression analyses in comparison to 

actual values. Dashed red lines indicate where the points should fall for a correct identification. 

Adjusted R2 and slope values are indicated to the left of each linear regression plots 
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Figure C10. Predicted (a-j) physicochemical variables or (g-h) PCA scores of the disturbed 

sites (rural, urban, exotic forest) based on 10 iterations of the random forest regression analyses 

in comparison to actual values. Dashed red lines indicate where the points should fall for an 

exact prediction. Adjusted R2 and slope values are indicated in the upper left of each linear 

regression plots.  

(d) Mean Annual Temperature (mat) (ºC) (c) masr (b) elevation (a) ave_log_N 

(e) Carbon percent (i) precipitation_mean (j) prec_sd (f) soil pH 

(g) PCA axis 1 (h) PCA axis 2 
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Table C2. The taxonomic classifications of the ASVs which were the most important for each random forest model for disturbed sites. Only the 

top 15 most important ASVs are shown for each model. Numbers indicate the order of importance, with 1 being the most important.  

  
Random forest models 

Important ASVs 

(Mean squared 

error) 

Taxonomy classifications  Physico 

chemical 

landuse masr mat PC1 PC2 pH prec_mean 

ASV_10551 k__Bacteria 
  

15 
     

ASV_11583 k__Bacteria; 

p__Acidobacteria; 

c__[Chloracidobacteria]; 

o__PK29; f__; g__; s__ 

      
11 

 

ASV_11752 k__Bacteria; 

p__Acidobacteria; 

c__[Chloracidobacteria]; 

o__RB41; f__Ellin6075; 

g__; s__ 

      
6 

 

ASV_12446 k__Bacteria; 

p__Acidobacteria; 

c__Acidobacteria-6; 

o__iii1-15; f__; g__; s__ 

  
12 

   
1 
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ASV_12571 k__Bacteria; 

p__Acidobacteria; 

c__Acidobacteria-6; 

o__iii1-15; f__; g__; s__ 

10 
  

13 7 
   

ASV_13702 k__Bacteria; 

p__Acidobacteria; 

c__RB25; o__; f__; g__; 

s__ 

7 
       

ASV_14873 k__Bacteria; 

p__Actinobacteria; 

c__Acidimicrobiia; 

o__Acidimicrobiales; f__; 

g__; s__ 

6 
       

ASV_15661 k__Bacteria; 

p__Actinobacteria; 

c__Actinobacteria; 

o__Actinomycetales; f__; 

g__; s__ 

  
5 

     

ASV_15796 k__Bacteria; 

p__Actinobacteria; 

c__Actinobacteria; 

 
15 
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o__Actinomycetales; f__; 

g__; s__ 

ASV_16106 k__Bacteria; 

p__Actinobacteria; 

c__Actinobacteria; 

o__Actinomycetales; 

f__Microbacteriaceae; 

g__Frigoribacterium; s__ 

      
5 

 

ASV_20761 k__Bacteria; 

p__Bacteroidetes; 

c__[Saprospirae]; 

o__[Saprospirales]; 

f__Chitinophagaceae; g__; 

s__ 

 
6 

      

ASV_20881 k__Bacteria; 

p__Bacteroidetes; 

c__[Saprospirae]; 

o__[Saprospirales]; 

f__Chitinophagaceae; g__; 

s__ 

      
4 
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ASV_21545 k__Bacteria; 

p__Bacteroidetes; 

c__[Saprospirae]; 

o__[Saprospirales]; 

f__Saprospiraceae; g__; 

s__ 

5 
       

ASV_21973 k__Bacteria; 

p__Bacteroidetes; 

c__[Saprospirae]; 

o__[Saprospirales]; 

f__Saprospiraceae; g__; 

s__ 

    
9 

   

ASV_23679 k__Bacteria; 

p__Bacteroidetes; 

c__Cytophagia; 

o__Cytophagales; 

f__[Amoebophilaceae]; 

g__SC3-56; s__ 

     
2 

  

ASV_24433 k__Bacteria; 

p__Bacteroidetes; 

c__Cytophagia; 

 
13 
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o__Cytophagales; 

f__Cytophagaceae; 

g__Emticicia; s__ 

ASV_25273 k__Bacteria; 

p__Bacteroidetes; 

c__Flavobacteriia; 

o__Flavobacteriales; 

f__[Weeksellaceae]; 

g__Chryseobacterium; s__ 

    
6 

   

ASV_25309 k__Bacteria; 

p__Bacteroidetes; 

c__Flavobacteriia; 

o__Flavobacteriales; 

f__[Weeksellaceae]; 

g__Chryseobacterium; s__ 

       
4 

ASV_26136 k__Bacteria; 

p__Bacteroidetes; 

c__Flavobacteriia; 

o__Flavobacteriales; 

f__Flavobacteriaceae; 

   
11 

 
1 
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g__Flavobacterium; 

s__succinicans 

ASV_26167 k__Bacteria; 

p__Bacteroidetes; 

c__Flavobacteriia; 

o__Flavobacteriales; 

f__Flavobacteriaceae; 

g__Flavobacterium; 

s__succinicans 

     
10 

  

ASV_26733 k__Bacteria; 

p__Bacteroidetes; 

c__Sphingobacteriia; 

o__Sphingobacteriales; 

f__; g__; s__ 

  
13 

     

ASV_27283 k__Bacteria; 

p__Bacteroidetes; 

c__Sphingobacteriia; 

o__Sphingobacteriales; 

f__Sphingobacteriaceae; 

       
5 
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g__Pedobacter; 

s__cryoconitis 

ASV_27341 k__Bacteria; 

p__Bacteroidetes; 

c__Sphingobacteriia; 

o__Sphingobacteriales; 

f__Sphingobacteriaceae; 

g__Sphingobacterium; 

s__faecium 

     
14 

  

ASV_39522 k__Bacteria; 

p__Nitrospirae; 

c__Nitrospira; 

o__Nitrospirales; 

f__Nitrospiraceae; 

g__Nitrospira; s__ 

    
11 

 
9 12 

ASV_46135 k__Bacteria; 

p__Planctomycetes; 

c__Planctomycetia; 

o__Gemmatales; 

      
13 
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f__Gemmataceae; 

g__Gemmata; s__ 

ASV_46198 k__Bacteria; 

p__Planctomycetes; 

c__Planctomycetia; 

o__Gemmatales; 

f__Gemmataceae; 

g__Gemmata; s__ 

13 
       

ASV_48180 k__Bacteria; 

p__Planctomycetes; 

c__Planctomycetia; 

o__Pirellulales; 

f__Pirellulaceae; g__; s__ 

 
10 

      

ASV_48252 k__Bacteria; 

p__Planctomycetes; 

c__Planctomycetia; 

o__Pirellulales; 

f__Pirellulaceae; g__; s__ 

15 
 

4 
     

ASV_49028 k__Bacteria; 

p__Planctomycetes; 

c__Planctomycetia; 

      
14 
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o__Pirellulales; 

f__Pirellulaceae; g__; s__ 

ASV_57471 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales 

 
5 

      

ASV_57701 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales 

 
3 

     
2 

ASV_57828 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales 

  
9 

     

ASV_58089 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales; f__; g__; 

s__ 

  
7 

     

ASV_58151 k__Bacteria; 

p__Proteobacteria; 

 
9 
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c__Alphaproteobacteria; 

o__Rhizobiales; f__; g__; 

s__ 

ASV_58249 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales; f__; g__; 

s__ 

       
15 

ASV_58311 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales; f__; g__; 

s__ 

      
12 

 

ASV_58591 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales; 

f__Cohaesibacteraceae; 

g__; s__ 

       
14 
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ASV_58989 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales; 

f__Hyphomicrobiaceae; 

g__Hyphomicrobium; s__ 

 
11 

      

ASV_59716 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhizobiales; 

f__Phyllobacteriaceae 

 
14 

      

ASV_60292 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhodobacterales; 

f__Hyphomonadaceae; 

g__; s__ 

  
11 

     

ASV_60721 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhodobacterales; 

      
15 

 



 

160 

 

f__Rhodobacteraceae; 

g__Rhodobacter; s__ 

ASV_60729 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhodobacterales; 

f__Rhodobacteraceae; 

g__Rhodobacter; s__ 

 
12 

   
15 

  

ASV_60865 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhodobacterales; 

f__Rhodobacteraceae; 

g__Rhodobacter; s__ 

 
2 

      

ASV_61224 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhodospirillales; 

f__Acetobacteraceae; g__; 

s__ 

    
2 

 
7 
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ASV_62812 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Rhodospirillales; 

f__Rhodospirillaceae; 

g__Reyranella; 

s__massiliensis 

    
15 

   

ASV_63061 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Sphingomonadales; 

f__; g__; s__ 

      
2 

 

ASV_63290 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Sphingomonadales; 

f__Erythrobacteraceae; 

g__Erythromicrobium 

     
13 

  

ASV_63789 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

   
4 
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o__Sphingomonadales; 

f__Sphingomonadaceae; 

g__Novosphingobium; s__ 

ASV_63952 k__Bacteria; 

p__Proteobacteria; 

c__Alphaproteobacteria; 

o__Sphingomonadales; 

f__Sphingomonadaceae; 

g__Sphingomonas 

2 
       

ASV_64607 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__; f__; g__; s__ 

14 
 

10 12 12 
   

ASV_64693 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__; f__; g__; s__ 

   
7 14 

   

ASV_65043 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

     
7 
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o__Burkholderiales; f__; 

g__; s__ 

ASV_65065 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; f__; 

g__; s__ 

 
7 

      

ASV_65567 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; 

f__Comamonadaceae 

8 
       

ASV_65828 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; 

f__Comamonadaceae; 

g__Pelomonas 

11 
 

6 
 

8 
   

ASV_65864 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

 
8 

     
8 
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o__Burkholderiales; 

f__Comamonadaceae; 

g__Rhodoferax; s__ 

ASV_65866 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; 

f__Comamonadaceae; 

g__Rhodoferax; s__ 

4 
     

3 
 

ASV_65955 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; 

f__Oxalobacteraceae 

   
3 4 6 

 
13 

ASV_66081 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; 

f__Oxalobacteraceae; 

g__Janthinobacterium; s__ 

     
12 
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ASV_66087 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; 

f__Oxalobacteraceae; 

g__Janthinobacterium; 

s__lividum 

   
6 

 
3 

  

ASV_66095 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__Burkholderiales; 

f__Oxalobacteraceae; 

g__Massilia 

     
8 

 
11 

ASV_66287 k__Bacteria; 

p__Proteobacteria; 

c__Betaproteobacteria; 

o__IS-44; f__; g__; s__ 

3 
       

ASV_70504 k__Bacteria; 

p__Proteobacteria; 

c__Deltaproteobacteria; 

o__Desulfuromonadales; 

  
14 

 
10 
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f__Geobacteraceae; 

g__Geobacter; s__ 

ASV_73434 k__Bacteria; 

p__Proteobacteria; 

c__Deltaproteobacteria; 

o__Myxococcales; 

f__Myxococcaceae; 

g__Anaeromyxobacter; 

s__ 

  
1 

 
13 

   

ASV_73499 k__Bacteria; 

p__Proteobacteria; 

c__Deltaproteobacteria; 

o__Myxococcales; 

f__Myxococcaceae; 

g__Anaeromyxobacter; 

s__ 

      
8 

 

ASV_74144 k__Bacteria; 

p__Proteobacteria; 

c__Deltaproteobacteria; 

   
8 
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o__NB1-j; f__JTB38; g__; 

s__ 

ASV_76946 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Aeromonadales; 

f__Aeromonadaceae; 

g__Aeromonas 

9 
 

2 
 

5 
   

ASV_76988 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Alteromonadales; 

f__[Chromatiaceae]; 

g__Rheinheimera; s__ 

  
8 14 3 

   

ASV_77382 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Enterobacteriales; 

f__Enterobacteriaceae 

   
9 
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ASV_81366 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Pseudomonadales; 

f__Moraxellaceae; 

g__Psychrobacter; s__ 

       
10 

ASV_81469 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Pseudomonadales; 

f__Pseudomonadaceae; 

g__Pseudomonas 

12 
  

10 
   

1 

ASV_81485 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Pseudomonadales; 

f__Pseudomonadaceae; 

g__Pseudomonas; s__ 

     
9 

 
7 

ASV_81492 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

   
15 

 
4 

 
3 
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o__Pseudomonadales; 

f__Pseudomonadaceae; 

g__Pseudomonas; s__ 

ASV_81505 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Pseudomonadales; 

f__Pseudomonadaceae; 

g__Pseudomonas; s__fragi 

       
9 

ASV_81511 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Pseudomonadales; 

f__Pseudomonadaceae; 

g__Pseudomonas; s__fragi 

   
5 

 
5 

  

ASV_81530 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Pseudomonadales; 

f__Pseudomonadaceae; 

     
11 
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g__Pseudomonas; 

s__veronii 

ASV_81543 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Pseudomonadales; 

f__Pseudomonadaceae; 

g__Pseudomonas; 

s__viridiflava 

   
2 

    

ASV_82039 k__Bacteria; 

p__Proteobacteria; 

c__Gammaproteobacteria; 

o__Xanthomonadales; 

f__Sinobacteraceae; g__; 

s__ 

 
4 

      

ASV_87505 k__Bacteria; 

p__Verrucomicrobia; 

c__[Pedosphaerae]; 

o__[Pedosphaerales]; 

f__auto67_4W; g__; s__ 

1 
 

3 1 1 
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ASV_89834 k__Bacteria; 

p__Verrucomicrobia; 

c__Verrucomicrobiae; 

o__Verrucomicrobiales; 

f__Verrucomicrobiaceae; 

g__; s__ 

 
1 

    
10 

 

ASV_9284 k__Bacteria 
       

6 
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Figure C11. Correlation matrix based on Spearman rank generated by comparing 

physicochemical variables of disturbed sites. Positive correlations are displayed in blue and 

negative correlations in red. Colour intensity and the size of the circle are proportional to the 

correlation coefficients. Correlations with p-value >0.05 are considered as insignificant and 

left blank in the matrix. 
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