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General introduction 
 

Understanding drivers of species diversity and composition is a central goal of ecology as 

it provides a window into how communities form and why diversity varies across ecosystems 

(Rosenzweig 1995). The presence and persistence of a species in a given location or habitat is 

dependent on a suite of factors, including resource availability and biotic and abiotic interactions 

(Rosenzweig 1995). Just as the ecosystem influences the distribution of species, species diversity 

and composition can also impact the ecosystem by altering the physical environment and nutrient 

cycling (Tilman et al. 1997). Therefore, understanding what may impact the geographic 

distribution, or biogeography, of species is essential for understanding ecology as well as 

understanding the functioning of ecosystems, especially in the face of increasing anthropogenic 

stress.  

 Microbial ecologists have long been characterizing and describing the distributional 

patterns of microbes; however, our understanding of the biogeography of microbes is less 

advanced than that for macroorganisms (Hanson et al. 2012; Martiny et al. 2006; Horner-Devine 

et al. 2007).  Such an understanding for patterns of microbial biogeography and the processes 

driving these patterns are incredibly important because of the ecosystem services provided by the 

highly abundant and diverse organisms. Microbes are ubiquitous on Earth, inhabiting lakes, soils, 

oceans, and other organisms as well as more extreme environments including hot springs (Brock 

1978), deep sea hydrothermal vents (McCollom & Shock 1997), saline pools (Anton et al. 2000), 

glacial ice (Boyd et al. 2011), acid mine tailings (Baker & Banfield 2003), and kilometers 

beneath Earth’s surface (White et al. 1998).  Not only are microbes abundant and ubiquitous but 

also they are involved in cycling essential nutrients and energy for upper-trophic level organisms 

as well as removing harmful toxins and pollutants from ecosystems. Although much remains to 
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be understood, some clear patterns of microbial biogeography are beginning to unfold. In the 

following introduction, I discuss our current state of knowledge of bacterial taxa richness (alpha 

diversity) and community composition (beta diversity).   

Understanding patterns of bacterial community diversity and composition associated with 

environmental gradients is crucial.  Once a knowledge base exists of patterns of bacterial 

communities across environmental gradients, we will then be able to better understand the 

processes underlying microbial biogeography and potentially formulate predictions of how 

microbial communities might respond to changing environmental conditions. It is clear that we 

are beginning to understand some of the patterns of diversity across space and time; however, a 

strong need exists for further characterizing microbial communities across ecologically important 

gradients such as depleted oxygen concentrations in aquatic ecosystems. Low oxygen zones 

continue to rapidly expand globally threatening ecologically and economically important aquatic 

habitats and the organisms within (Diaz & Rosenberg 2008). Though upper trophic level 

organisms are excluded from these low oxygen environments, microbes continue to thrive and 

cycle energy and nutrients. Thus, understanding the changes in microbial communities 

associated with gradients of environmental factors in low-oxygen zones is crucial to be able to 

predict and potentially rehabilitate these deteriorating ecosystems.  In Chapter One, I examine 

changes in bacterial communities in Hood Canal, WA, which is an ideal natural laboratory to 

examine how bacterial communities shift across space, time, and environmental gradients.  

Particularly, I discuss the relationship between changes in bacterial communities with decreasing 

dissolved oxygen, which is a point of concern in Hood Canal where hypoxia conditions 

commonly occur. Appendix A contains an expansion on the selection of bacterial community 

similarity indices.  Multiple biases exist in quantifying differences in bacterial community 
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composition, and, in Appendix A, I examine the impact of these biases on numerous commonly 

used community similarity indices. 

 

Part I: Bacterial alpha and beta diversity in aquatic systems 

 In order to compare communities to one another it is necessary to quantify various 

aspects of the community.  These quantified properties include measures of alpha diversity (the 

number of taxa present in a single community or location), beta diversity (variation in the 

composition of communities), and gamma diversity (the total diversity across a landscape) 

(Magurran 2003).  In bacterial communities, alpha and beta diversity are two measures 

commonly used to describe, compare, and examine changes in community structure across 

environmental gradients, space, and time. Four processes—selection, drift, dispersal, and 

mutation—structure microbial communities, and characterizing patterns of microbial community 

richness and composition across space and time can provide insight into these processes that 

underlie them (Hanson et al. 2012).  

A. Bacterial alpha diversity 

 Maintaining bacterial alpha diversity in natural and managed ecosystems is crucial for 

both function and stability of ecosystem processes (Bell et al. 2005; Eisenhauer et al. 2012). A 

decrease in bacterial alpha diversity would likely result in the loss of crucial ecosystem services. 

Due to the importance of bacterial alpha diversity, microbial ecologists have been interested in 

describing patterns of bacterial richness across space and time (Shaw et al. 2008) and uncovering 

the processes leading to maintenance and generation of bacterial diversity (Fierer & Lennon 

2011).  Challenges of accurately quantifying bacterial diversity exist, however, because bacteria 
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are so miniscule in size yet incredibly abundant in nature (Hughes et al. 2001; Chao et al. 2006) 

(for further discussion on these methodological challenges, see Appendix A).    

Bacterial alpha diversity has been shown to change across environmental gradients, 

including across gradients of primary productivity (Horner-Devine et al. 2003).  Interestingly, 

the diversity-productivity relationship is not consistent for all bacterial taxa, which suggests that 

patterns of alpha diversity may not be universal for all taxonomic groups of bacteria.  In the 

marine environment, studies have shown that bacterial richness is associated with microscale 

habitat heterogeneity, which is likely a response to the increased number of niches provided by 

patchiness of available nutrients and resources (Long & Azam 2001). Further investigations into 

the influence of heterogeneity on larger spatial and temporal scales in marine environments 

could provide support for the processes generating and maintaining bacterial alpha diversity in 

these ecosystems. 

Patterns of bacterial richness within individual habitats have been frequently studied; 

however, broad distributions of bacterial taxa across Earth’s major habitat types have only 

recently been described with the advances of molecular phylogenetic approaches (Nemergut et 

al. 2011; Lozupone & Knight 2007).  Though soils are often regarded as being one of the most 

diverse microbial environments on Earth, a global study revealed that soils had lower bacterial 

alpha diversity than expected and that saline sediments, or sediments beneath diverse saline 

environments including sea ice, marine, coastal, thermal features, and meromictic lakes, were 

sites of highest bacterial alpha diversity (Lozupone & Knight 2007). This high diversity can be 

explained by the complex and fine-scale chemical gradients that establish in saline sediments, 

which provide exceedingly high numbers of ecological niches thus supporting high bacterial 

diversity (Torsvik et al. 2002). Compared to the sediment habitats, aquatic habitats are typically 
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hypothesized to host fewer bacterial taxa likely as a result of less heterogeneity than in sediments 

(Curtis & Sloan 2004; Torsvik et al. 2002; Horner-Devine et al. 2004).  

The processes generating and maintaining bacterial alpha diversity are emerging as 

patterns of diversity are being uncovered (Fierer & Lennon 2011). Given the relatively short 

generation time and rapid rates of mutation and lateral gene transfer, evolution of bacterial taxa 

has the potential to give rise to bacterial taxa with novel phenotypic or ecological functions thus 

increasing biodiversity (Kassen & Rainey 2004). Similar to the seed bank hypothesis for plants, 

Jones and Lennon (2010) hypothesize that some bacteria are able to remain dormant within their 

environment until conditions are ripe for the proliferation and success.  Because assessments of 

bacterial diversity are typically based on DNA sequences, the capture of dormant bacterial taxa 

can dramatically increase measured taxa richness in an environment.  Methodological advances 

in the detection and quantification of bacterial diversity will be necessary to entirely understand 

the underlying processes supporting and maintaining diversity of bacteria. 

B. Bacterial beta diversity 

It was long thought that because bacteria are microscopic and easily dispersed, that 

geographic separation could not influence diversity but rather environmental filtering structured 

bacterial communities (Baas-Becking). However, patterns of bacterial community composition 

across space and time have emerged and it is evident that taxa are distributed non-randomly 

across ecosystems (Horner-Devine et al. 2004).  Characterizing bacterial community 

composition and drivers of change in beta diversity has provided insight into some process that 

lead to assembly and structure.  Furthermore, consideration of spatial and temporal scales in 

measuring and comparing beta diversity is crucial, as these scales are known to affect ecological 

studies in macroorganisms as well as bacteria (Levin 1992; Martiny et al. 2011; Hatosy et al. 
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2013). In order to predict changes in bacterial community structure, elucidating the processes 

that underlie structure and assembly of the communities are essential and consideration to the 

spatial and temporal scales are likely important in clearly understanding these mechanisms. 

Selection of superior organisms best fit for a habitat and its conditions has long been 

accepted as one fundamental mechanism of variation in community composition. Likewise, 

environmental gradients in aquatic ecosystems drive the turnover of bacterial species across 

space and time (Langenheder & Ragnarsson 2007). Vertical depth profiles in the open ocean 

show that bacterial beta diversity is driven by temperature, light attenuation, and the availability 

of organic matter as these factors change from sea surface to the deep ocean (Giovannoni & 

Stingl 2005; DeLong et al. 2006). Across horizontal space, changes in bacterial diversity have 

been shown to correlate with a temperature gradient from the tropics to polar latitudes (Fuhrman 

et al. 2008).   

However, selection of bacterial taxa along environmental gradients alone cannot 

completely explain variation in bacterial communities, as evidence for both cosmopolitan 

(widely distributed) taxa and provincial (narrowly distributed) taxa exists.  The presence of 

cosmopolitan taxa, such as SAR11 in the marine photic zone, demonstrates that some taxa have 

the ability to escape selection pressures placed by environmental gradients at this taxonomic 

scale.  Further, uncountable bacterial taxa are detected only once in global studies, often referred 

to as “singletons.” It should also be noted that it is possible and likely that current methodology 

limits the detection of these provincial taxa (see section below for further discussion).  

Mechanisms of community assembly and structure have been proposed to support the 

patterns of bacterial community composition recently uncovered (Hanson et al. 2012).  Aside 

from selection, historical events such as mutation, genetic drift, and migration occurring within a 
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habitat can help to explain the unaccounted variation in bacterial communities. Stochastic 

genetic mutations within populations can become fixed and result in genotypic variations across 

communities. Genetic drift occurs via births and deaths in a population and is also known to 

affect the composition of bacterial communities through grazing and predation (Jürgens & Matz 

2002) as well as viral infection of select bacterial populations (Fuhrman & Schwalbach 2003).  

Finally, migration of bacterial taxa is thought to be a strong contributor to community 

composition as a result of the ease of dispersal of the microscopic organisms over long distances. 

The role of these stochastic processes support the neutral community model and likely affect 

bacterial communities at the local scale (Curtis & Sloan 2004). 

 The spatial scale at which bacterial communities are examined has the potential to 

influence the interpretation of the relative contribution of selection, mutation, drift, or migration 

to the community composition (Martiny et al. 2011).  In terrestrial systems, spatial scale is easily 

quantified using geographic distance. However, in aquatic ecosystems hydrologic regimes can 

quickly move water parcels thus transporting bacteria and other planktonic organisms with the 

water mass. A pyrosequencing study comparing the composition of bacterial communities at 

three depths throughout the water column at multiple stations in the North Atlantic Ocean 

reported that bacterial community composition was most similar within the same water mass, 

defined by depth, regardless of horizontal space (Agogué et al. 2011). A recent study of global 

marine bacterial beta diversity showed that in pelagic waters geographic distance between 

communities accounted for less than 10% of the total variation in community composition that 

could be explain by measured variables (Zinger et al. 2011). When comparing benthic marine 

communities, Zinger and colleagues found that over 27% of the total explained variation in 

bacterial community composition could be attributed to geographic distance.  These results may 
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suggest that while local factors may strongly influence benthic or terrestrial bacterial 

communities, the pelagic communities may experience increased mixing or migration, which 

decreases the importance of geographic distance on bacterial beta diversity.   

Long term monitoring of marine ecosystems has provided the data necessary for showing 

that, in addition to spatial scale, bacterial communities also change over time (Gilbert et al. 2012; 

Fuhrman et al. 2006; Bouskill et al. 2011; Newton et al. 2011), which may also affect the 

interpretation of the relative contribution of the underlying processes of bacterial community 

composition. These changes in beta diversity over time are typically attributed to environmental 

variation as a result of seasonal or annual changes within the water mass.  Furthermore, the 

results from a recent study by Hatosy et al (2013) suggest that temporal beta diversity is 

dependent upon the scale at which the communities are examined. The authors conclude that the 

rate of change of beta diversity is dependent on temporal scale with the highest rate of change 

occurring at the shortest time scale. They suggest that bacterial communities quickly track 

environmental variation. Additionally, it is possible that at different temporal scales distinct 

stochastic events further drive changes in beta diversity. For example, on short time scales, 

ecological drift arising from stochastic events such as births and deaths contribute to 

heterogeneity in diversity.  At longer time scales, stochastic mutation genetic processes can lead 

to evolutionary drift (Martiny et al. 2011).  

In chapter one, I uncover patterns of bacterial richness and community composition along 

an ecologically and economically important gradient of dissolved oxygen in Hood Canal, WA.  

These patterns are consistent along the dissolved oxygen gradient even though multiple other 

environmental variables were simultaneously measured.  Tracking changes in bacterial 

communities across ecologically important gradients will help scientists to further understand the 
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processes structuring bacterial communities and potentially aid in prediction of changing 

ecosystems functions and health in the face of a rapidly changing planet. 

 

Part II: Challenges in describing bacterial diversity  

As is true for the quantification of many ecological properties, numerous indices exist for 

alpha and beta diversity, and the underlying assumptions and calculations for each index may not 

be appropriate for all domains of life (Hughes et al. 2001).  These various indices attempt to 

quantify the diversity within (alpha diversity) and between (beta diversity) communities; 

however, it is infeasible to exhaustively sample most communities thus making diversity indices 

mere estimates of actual community diversity (Chao et al. 2006; Colwell & Coddington 1994). 

Special consideration to indices used to quantify and compare diversity in hyper-diverse 

communities, such as bacterial communities, must be made in order to avoid false conclusions 

regarding the patterns and processes underlying bacterial biodiversity (Chao et al. 2006). 

Specifically for bacteria, much higher abundances (Whitman et al. 1998) and number of taxa 

than macroorganisms and whether or not bacteria follow similar patterns of community assembly 

and structure (Haegeman et al. 2013) may influence indices of diversity, though it remains 

somewhat unclear how the indices are affected and whether it matters (Lozupone et al. 2007; 

Haegeman et al. 2013; Chao et al. 2006). Below, I briefly discuss our current understanding of 

beta diversity indices used to quantify and compare bacterial community composition and 

suggest the need for further research into assumptions made and biases influencing the 

calculation of these indices. 

Though undersampling is common throughout community ecology, some properties of 

bacterial communities give rise to specific properties and biases that need to be addressed. Next-
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generation sequencing and improved clustering and error-proofing methods have aided in more 

complete sampling of bacterial communities and better detection of low abundance taxa (Sogin 

et al. 2006; Huse et al. 2010).  Even with these advances, detection of every bacterial taxon 

present in a sample is not yet feasible.  Furthermore, biases introduced in the sequencing 

methods can inflate the proportion of abundant taxa relative to the lower-abundance types (Pinto 

& Raskin 2012). For example, the chances of detecting abundant taxa in the PCR-step of most 

DNA sequencing methods are much higher than detection of low abundance, or rare taxa. 

Therefore, abundant taxa are better represented than low abundance types.  This bias might 

artificially lower the observed taxonomic richness of highly uneven communities as the abundant 

taxa are overly detected relative to low-abundant types.  

Undersampling can also affect the patterns in bacterial community composition.  The 

problem of undetected taxa in a sample can mean that the taxon is actually absent from the 

sample or that the taxon was present but not detected.  To compensate for the likely detection 

bias in current sampling and sequencing methods, the use of community similarity indices, such 

as the Chao or Sorensen index, use the probability of undetected taxa and under sampling to 

estimate the compositional similarity; however, poorly sampled communities can inflate 

community dissimilarity (Chao et al. 2006). It is clear that a need exists to explore the influences 

of these biases on commonly-used bacterial beta diversity indices.  

 

Conclusion 

In what follows, I address two knowledge gaps in microbial ecology. First, our 

understanding of spatial and temporal distributions of bacteria in disturbed ecosystems lags that 

for macroorganisms. I use next-generation DNA sequencing technology deeply characterize 
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patterns of bacterial richness and composition across space and time in a seasonally oxygen-

deficient estuary, Hood Canal, WA. The results of this study suggest that bacterial community 

composition shifts as dissolved oxygen levels drop suggesting changes in nutrient cycling 

processes. This study lays the groundwork for further investigation into the functional response 

of microbial communities to rapidly depleting dissolved oxygen.  As low oxygen zones expand 

globally, it will be increasingly important to understand the potential changes in microbial 

community diversity and function as energy is shifted from upper trophic levels to microbes in 

these oxygen-depleted waters (Diaz & Rosenberg 2008).  

Secondly, with rapidly evolving sequencing technology and computational power, it is 

crucial for microbial ecologists to understand the impacts of various assumptions being made 

regarding bacterial community properties in order to accurately describe bacterial community 

composition. To address this issue, I used large datasets of bacterial community data to explore 

numerous indices currently used to characterize bacterial community composition in order to 

determine the most appropriate and robust descriptors in the face of multiple challenges that 

remain in describing bacterial beta-diversity.  
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Chapter 1: Patterns of bacterial richness and community composition in Hood Canal, WA, 

a seasonally oxygen-deficient estuary 

Abstract 

When ocean waters are depleted of dissolved oxygen, energy shifts from macroorganisms 

to microorganisms, which dominate in these hypoxic zones. Patterns of microbial communities 

associated with dissolved oxygen gradients are thus of particular interest as coastal oxygen 

minimum zones continue to expand. We examined factors associated with the distribution of 

bacteria in Hood Canal, WA - a glacial fjord-like water body that experiences low dissolved 

oxygen levels detrimental to fish and other marine organisms.  Pyrosequencing techniques were 

applied to sixteen surface and deep (near bottom) water samples from a north-south transect 

along Hood Canal collected at three different time points from Spring to Autumn 2007.  We 

obtained a total of 165 022 bacterial 16S-rRNA gene sequences and identified 3 807 unique 

operational taxonomic units based on 97% sequence identity, across all samples. We found that 

bacterial richness and evenness are significantly higher in deep waters than in surface waters, 

and richness values show a strong association with dissolved oxygen content. Bacterial 

community composition grouped strongly by sample water depth, and surface water bacterial 

communities exhibited a weak but discernable seasonal shift. Dissolved oxygen was most 

correlated with observed variation in community composition.  Our results suggest that bacterial 

communities vary throughout Hood Canal and, specifically, that changes in the bacterial 

community are highly associated with levels and variability in dissolved oxygen concentration.  

These patterns are remarkably similar to patterns in bacterial communities in oxygen minimum 

zones across the globe, supporting recent findings that common taxa are widely distributed 

among these similar environments. 
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Introduction 

Globally, over a quarter-million square kilometers of marine ecosystems are threatened 

by low dissolved oxygen (DO) levels, or hypoxia, which can result in the exclusion or death of 

resident macroorganisms creating so-called ‘dead-zones’ (Diaz & Rosenberg 2008). Indeed, over 

the past half century, the extent of dead zones has grown at an alarming rate as a result of 

eutrophication and climate change. The hypoxic waters in these dead zones may exclude fish and 

benthic organisms and eliminate habitat that is important both for commercial fishing and 

recreation (Newton et al. 2007); however, bacterial and archaeal populations remain active in 

mineralization of organic matter and other biogeochemical cycles and are, therefore, important 

players in the functioning of this oxygen-deficient ecosystem (Diaz & Rosenberg 2008; Urakawa 

et al. 2010).  

Uncovering patterns of microbial communities across space and time is crucial for our 

understanding of ecosystem function, yet patterns of microbial diversity and function remain 

understudied relative to those of macro-organisms, especially in reference to dissolved oxygen 

gradients. Abiotic factors, such as temperature, pH, carbon and nutrient availability, and sunlight 

have been shown to play important roles in structuring marine microbial communities due to the 

diverse multitude of niches occupied by various groups of microbial taxa (Fuhrman et al. 2008; 

Koskinen et al. 2011; Gilbert et al. 2012).  Of particular concern in coastal waters, decreased DO 

concentration has both direct as well as indirect effects on bacterial community structure and 

function, which in turn can impact energy flow and food web structure as well as global 

greenhouse gas cycling (Rabalais et al. 2010). For example, nitrogen cycling processes such as 

denitrification and anammox have been examined extensively in oxygen-deficient water bodies 

because as biologically available nitrogen (or fixed nitrogen) is consumed, nitrous oxide (N2O), 
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an atmospherically active trace gas, is released. In fact, nearly 50% of fixed-N is released as N2O 

from OMZs globally (Codispoti et al. 2001).  

Recent surveys of microbial communities in the OMZs across the globe including the 

eastern tropical South Pacific (Stevens & Ulloa 2008), Arabian Sea (Fuchs et al. 2005; Zubkov et 

al. 2006), Cariaco Basin  (Madrid et al. 2001; Lin et al. 2006), Baltic Sea (Labrenz et al. 2007), 

Black Sea (Vetriani et al. 2003; Wakeham et al. 2007; Fuchsman et al. 2011), and Saanich Inlet 

(Zaikova et al. 2010) reveal consistent patterns of increased microbial diversity and distinct shifts 

in community composition associated with lowered DO.  Due to the growing prevalence of 

OMZs, a recent meta-analysis (Wright et al. 2012) examined global patterns of microbial 

community composition in OMZs found in the open ocean, coastal areas, and enclosed basins. 

They concluded that particular bacterial and archaeal taxa are common in suboxic waters and 

that these taxa tend to co-occur in a non-random pattern associated with particular levels of DO 

(Wright et al. 2012). Proteobacteria, Bacteroidetes, marine group A, Actinobacteria, and 

Firmicutes comprise the majority of taxa found in oxygen-deficient waters, and these dominant 

taxa tend to be distributed in regular patterns throughout the water column along the oxycline 

(Wright et al. 2012).   

To further understand global patterns and the functional response of microbial 

communities to expanding oxygen minimum zones, we examined spatial and temporal variation 

in bacterial communities in Hood Canal, WA between April and October of 2007. Hood Canal, a 

long and narrow glacial fjord located 80 miles west of Seattle, WA, seasonally experiences 

periods of low and even completely depleted DO concentrations as a result of naturally occurring 

physical and hydrographical conditions (Newton et al. 2007). This system is unique compared to 

other OMZs because of its relatively small-scale, enclosed circulation patterns, and rapidly 
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changing abiotic conditions, and therefore, interesting to compare to patterns found globally in 

other oxygen-depleted environments. Throughout the year, the long narrow fjord remains highly 

stratified and has little internal circulation, which limits the movement of oxygenated waters 

(Gregg & Pratt 2010). Furthermore, human activity over the past few decades has exacerbated 

nutrient loading particularly in the southern reaches of Hood Canal (Steinberg et al. 2010), in 

turn increasing the frequency and duration of recent hypoxia events (Newton et al. 2009). We 

thus examined how environmental parameters change over space and time in Hood Canal and 

examined the bacterial communities associated with these biotic and abiotic factors, including 

depleted DO concentration.  We hypothesized that bacterial communities demonstrate non-

random changes in diversity, structure, and composition related to variation in abiotic factors, 

and these community patterns are associated particularly with changing levels of DO 

experienced in Hood Canal.  

 

Methods 

Sample collection.  

Hood Canal, WA is a narrow, glacial-fjord west of Seattle (Figure 1A). High resolution 

depth profiles for dissolved oxygen and chlorophyll a for two mid-canal stations, Hama Hama 

and Sister’s Point, were collected via Oceanic Remote Chemical Analyzer (ORCA) buoys that 

are maintained by the Northwest Association of Networked Ocean Observing Systems 

(http://www.nanoos.org) (Devol et al. 2007). Water samples were collected during April, June, 

and October of 2007 using a Niskin rosette while simultaneously measuring physical and 

chemical water properties with a CTD (conductivity, temperature, and depth) sensor.  April and 

October samples were collected from two stations near the middle of Hood Canal:  Hama Hama 
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and Sister’s Point.  During the June sample collection, two additional stations (Bangor and 

Lynch Cove) were added in order to survey a full north to south transect of the Canal.  At each 

sampling station and time, samples were collected both at 5 meters depth (herein referred to as 

surface samples) as well as within 10 meters of the bottom substrate (herein referred to as deep 

samples).  These so-called deep samples varied in depth from 145 m at Hama Hama to 12 m at 

Lynch Cove as the depth of the water column decreases near the southern reaches of the canal. 

The timing of the collection points were intended to coincide with the late spring algal bloom 

(April), subsequent die-off (June), and a smaller autumn algal bloom (October) which directly 

impact dissolved oxygen concentration and nutrient availability. 

Water samples were divided up to measure various biotic and abiotic parameters.  

Dissolved oxygen was measured using the Winkler titration method. To measure inorganic 

nutrients, 50 ml of each water sample were passed through a 0.45-micron filter and immediately 

frozen until being analyzed at the University of Washington’s Oceanography Marine Chemistry 

Lab for nitrate, nitrite, ammonium, phosphate, silicate, and salinity. To measure bacterial 

abundance, 5ml of formalin-preserved water from each sample were diluted with sterile water 

and 0.5-1.0 ml aliquots were filtered onto 0.22um polycarbonate filters and stained with 4’,6-

diamidino-2-phenylindole (DAPI) and viewed under a Nikon Eclipse 80i with UV light from an 

X-cite Series EXFO to count the number of cells present in fifteen randomly selected fields using 

NIS-Elements BR 3.0 software then averaged to quantify the total bacterial abundance.  

Statistical analyses of environmental factors were tested using principal components analyses 

conducted in R using the vegan package. 

DNA extraction and processing.  
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Following water sample collection, 300 ml of each water sample were filtered onto 0.22 

um Supor filters and preserved with 3 ml of NaCl/Tris/EDTA solution then immediately frozen 

at -80°C until being processed for bacterial characterization. Whole DNA was extracted in 

duplicate from filters collected from each sample using Qiagen DNeasy Tissue Kit following the 

manufacturer’s instructions for extraction from gram-positive bacteria (Qiagen Valencia, CA).  

The DNA extracts were prepped and sent to MBL’s Keck Facility for PCR amplification and 

sequencing on GS-FLX Titanium 454 platform.  The V6 region of the 16S rRNA was amplified 

via polymerase chain reaction (PCR) using bacterial specific primers (see Sogin et al. 2006 for 

previously described methods), excluding amplification of archaea. Sequencing was performed 

in conjunction with the International Census of Marine Microbes (ICoMM) project 

(http://icomm.mbl.edu), which uses the same methodology to sequence marine samples from 

across the globe.   

Data analysis.  

As part of the ICoMM project, the sequence data were cleaned and initially analyzed 

using a pipeline that effectively cleans, clusters, and assigns taxonomy to the sequences (see 

Sogin et al. 2006, Huse et al. 2007, 2010).  Through this pipeline, sequences are pre-clustered 

using a single-linkage algorithm to smooth sequencing errors and reduce noise in the data.  

Sequences are then clustered using average-linkage into operational taxonomic units (OTUs) 

based on 97% sequence identity. Prior to community analyses, sequences that were highly 

similar to chloroplast sequences were removed from the dataset. 

Due to the 454 methodology, the number of sequences obtained from each sample varies, 

which can affect the observed and estimated richness values because the chance of detecting 

more or less abundant taxa can increase when more sequences are captured.  To minimize the 
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impact of sequencing effort on richness estimates, all samples were randomly subsampled down 

to the number of sequences of the sample with the fewest number of sequences, the richness 

measures were calculated, then the process was repeated and averaged over 1000 iterations. 

Observed taxa richness, or the number of OTUs identified at the pre-defined sequence identity, 

as well as two richness estimators ACE and Chao were calculated using the subsampling method 

and averaged over 1000 iterations.  Two measures of diversity, Shannon and Simpson, were also 

calculated on the full dataset using the subsampling method and averaged over 1000 iterations. 

To examine how the taxa richness of bacterial communities in Hood Canal compared to that in 

other aquatic environments, we obtained sequence data from other pyrosequenced marine 

samples from the ICoMM project. Observed bacterial richness in those samples was calculated 

using the same methods as Hood Canal samples.  

Because bias is introduced during the PCR step of pyrosequencing, using the relative 

abundances of OTUs in measures of beta diversity is preferred over traditional presence-absence 

measures (Pinto & Raskin 2012). Therefore, we assessed how bacterial community composition, 

as measured by relative abundance of taxa, varies by environmental factors. Numerous measures 

of dissimilarity exist and their performances in undersampled conditions or uneven sample sizes 

have yet to be understood for bacterial communities.  Prior to examining changes in Hood Canal 

bacterial community composition, we first assessed the performance of six similarity indices 

commonly used in microbial studies under common sampling biases: undersampling, uneven 

sampling, and differing taxa evenness (see Appendix A for details). Similarly to the alpha 

diversity calculations, the bacterial community matrix was randomly subsampled to the number 

of sequences of the smallest sample then the Sorensen abundance-based similarity was calculated 

between samples to account for sequencing effort bias (Horner-Devine et al. 2004, Martiny et al. 
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2011).  The subsampling and similarity calculation was repeated 1000 times and the averaged 

values were used for subsequent analysis.  The Sorensen abundance-based estimator 

outperformed the other similarity indices we assessed, and thus we used this similarity index in 

subsequent analyses. 

Analysis of similarity (ANOSIM) tests were used to test the effects of depth, site, or 

season on bacterial community composition of each sample and significance was tested using 

999 random permutations of the community composition dataset. A non-parametric iterative 

approach was employed to select the set of abiotic variables were most correlated with changes 

in bacterial community composition (Clarke & Ainsworth 1993). Calculations of alpha and beta 

diversity, ANOVA, NMDS ordinations, and ANOSIM were conducted in R using vegan 

package. 

 

Results 

Environmental context. 

In the spring of 2007 samples were collected from Hama Hama and Sister’s Point (Figure 

1A) directly followed the major spring phytoplankton bloom as indicated by the heightened level 

of chlorophyll in the surface water layer at these two stations (Figure 1B). In June 2007 all four 

stations were sampled when much of the phytoplankton bloom had died off, and DO levels were 

beginning to drop in the mid-reaches of the canal.  The middle two stations were sampled again 

in October following a small autumnal phytoplankton bloom, indicated by the slightly 

heightened chlorophyll concentration in the surface waters at Sister’s Point (Figure 1B).  

Because of the long residence time of water in Hood Canal, DO level south of Hama Hama tends 

to decrease more rapidly than the northern reaches of the Canal where occasional fresh, 
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oxygenated water enters from Puget Sound over a shallow sill (Gregg & Pratt 2010). Major 

flushing and recirculating events in Hood canal typically occur in autumn but can be variable in 

terms of timing as a result of upwelling events off the coast of Washington (Warner et al. 2000). 

Using the variables measured at the time of sample collection, a principal components 

analysis (PCA) was conducted to visualize abiotic factors driving the differences between 

samples (Figure 2). Axis one explained 57% of the total measured variation in abiotic variables 

and appeared to separate surface water samples from deep water samples (Figure 2). Nitrate, DO, 

salinity, and phosphate were most correlated with axis one and thus were likely driving the 

separation between the two depths. An additional 19% of the total variation in abiotic parameters 

was explained by axis two, which was most correlated with ammonium concentration. In 

addition to separating samples by water depth, abiotic factors were associated with significant 

separation of samples by season.  Surface samples separated by season generally along axis one, 

while deep water samples separated by season along axis two. During the April sample 

collection, a significant phytoplankton bloom was beginning in the Southern end of the canal. 

This event was marked by high DO concentrations (12.32-13.18 mg/L) and extremely low 

nutrient concentrations in the surface waters (NO3
-, NO2

-, NH4
+, PO4

3-, SiO4), whereas deep 

waters were characterized by very low DO concentrations (3.59-3.94 mg/L) and high nutrient 

concentrations. June samples were collected at the end of the phytoplankton bloom, and thus the 

surface waters were characterized by mid-range DO (8.66-10.25 mg/L) and nutrient 

concentrations.  At the same time, the deep waters contained low dissolved oxygen (2.95-7.12 

mg/L) and high nutrient concentrations. October samples were collected after a lesser fall 

phytoplankton bloom.  Dissolved oxygen, nutrient concentrations, and dissolved silicate are in 
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the mid to high range in both water depths, which appear to be less stratified than earlier in the 

year (SI Figure 1, SI Table 1). 

Bacterial alpha diversity.  

Across all samples, over 57% of the sequences clustered into only 42 unique OTUs 

(defined by 97% sequence similarity), while less than 2% of the sequences clustered into over 

2300 unique OTUs.  The abundant OTUs were typically widespread across all the samples, 

whereas each of the less abundant OTUs was detected in one or two samples. Uneven 

distribution of individuals into taxa is not unusual in bacterial communities (Sogin et al. 2006). 

When sequences were grouped by class, the relative proportion of the sample comprised by a 

given class varied significantly by sampling depth (G-test; G=37.585, p=0.0006), but not by 

season or horizontal space (Figure 3).  The relative proportions of dominant groups appear to 

change across a gradient of DO, and relative proportions of the dominant groups are more even 

in lower DO environments. 

Of these fifteen bacterial classes, the majority of sequences recovered from surface 

waters belonged to three classes: Flavobacteria (40.53%±11.32%), Alphaproteobacteria 

(28.02%±8.27%), and Gammaproteobacteria (19.04%±5.56%). Similarly, in deep waters the 

highest proportion of sequences fell into the Alphaproteobacteria (31.77%±5.96%), 

Gammaproteobacteria (20.67%±3.58%), and Flavobacteria classes (16.22%±9.58%).  The 

proportions of Alphaproteobacteria and Gammaproteobacteria were not significantly different 

between surface and deep waters; however, the proportion of Flavobacteria sequences was 

considerably higher in the surface water compared to deep (F1,14=21.463; p=0.0004). Though the 

same three classes of bacterial sequences dominate in both water layers, in surface waters these 
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classes comprised 88.5% of sequences, whereas in deep waters they comprised only 68.7% of 

sequences.  

Observed bacterial taxa richness, or the number of OTUs recovered, in Hood Canal was 

significantly higher in the deep water mass than in the surface water by an average factor of two 

(F1,14=22.55; p=0.0003). Neither station (horizontal space) nor season had a significant effect on 

bacterial richness (results not shown). Of the eight abiotic variables measured in this study, DO 

concentration alone was most correlated with variation in observed bacterial richness across 

samples (adjusted R2=0.7379, p<0.0001). Bacterial richness peaked at DO concentration of 

approximately 4 mg/L (Figure 4). When comparing Hood Canal bacterial richness estimates to 

environments around the globe, we found that samples from Cariaco Basin (an anoxic basin off 

the northern central coast of Venezuela), the Gulf of Aqaba, and Blanes Bay had estimates of 

bacterial richness very similar to those of Hood Canal. Compared to the open ocean waters of the 

Pacific Ocean, Hood Canal samples demonstrated considerably higher bacterial richness.  

However, compared to samples from the northeastern coast of the Atlantic Ocean, Hood Canal 

richness appeared to be lower, though not significantly (Figure 5).   

The relative abundance of each taxon in a community provides an additional window into 

the diversity of a community; therefore, we examined taxa evenness in Hood Canal samples by 

calculating Pielou’s J.  Evenness of taxa was higher in deep waters than in the surface water 

(F1,14=9.517, p=0.008071), while neither season nor sampling site had an effect on the evenness 

of the bacterial community (results not shown).  Of all possible combinations of abiotic factors, 

increasing phosphate concentration alone was most associated with increasing evenness of 

bacterial communities (F1,14=17.52, p=0.0009151).   

Bacterial beta diversity  
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There was no significant effect of sampling station on the composition of bacterial 

communities in Hood Canal (Figure 6, NMDS, stress=0.0725, ANOSIM R=-0.1456, p=0.9148). 

In contrast, there were clear differences in community composition between surface and deep-

water communities (Figure 6, ANOSIM: Rdepth=0.649, pdepth=0.007) and among seasons 

(Rseason=0.519, pseason=0.003).  A post-hoc test showed that the surface water communities were 

most influenced by a seasonal effect (R=0.8625, p=0.0051), while deep-water communities did 

not change significantly across seasons (R=0.0375, p=0.3874).  Of all possible combinations of 

the eight abiotic variables, DO concentration alone was most correlated with dissimilarities in the 

composition of bacterial communities among samples (Spearman’s rho =0.7320). 

Patterns of individual classes.  

Patterns of taxonomic richness within the three most abundant classes were very similar 

to those of the full bacterial domain, which is unsurprising given that these three classes 

comprised the majority of OTUs in the full dataset. Taxonomic richness within each of the three 

most abundant classes was significantly higher in deep waters than in surface waters and 

sampling station or season of sampling had no effect on richness for any group (Table 2). As was 

true for the full bacterial dataset, Flavoproteobacteria and Gammaproteobacteria richness was 

negatively associated with DO; however, Alphaproteobacteria taxa richness increased 

significantly as salinity increased but had no significant association with the DO gradient. 

Abiotic associations with taxa evenness, measured as Pielous’ J, also varied across the three 

dominant classes and showed strong correlations with abiotic factors that were different for each 

class (Table 1).  

Changes in the community composition of the top three bacterial classes were also 

associated with factors similar to the full bacterial domain. Composition within each of the three 
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dominant classes differed significantly between surface waters and deep waters and by season 

(Table 2). Interestingly, although taxa richness these groups did not all respond similarly to DO, 

changes in community composition were strongly correlated with the DO gradient for all three 

classes (Table 2). These findings further emphasize the strong role of DO in shaping several 

aspects of the bacterial communities in Hood Canal, though the specific impact may differ across 

various taxonomic groups.  

In order to evaluate potential functional changes in the community composition, we 

examined changes in the relative abundances of several groups of bacteria in our dataset known 

to be important in specific biogeochemical processes. Two groups of ammonia oxidizing bacteria 

(AOB), Nitrosomonas and Nitrosococcus, were detected in Hood Canal. The relative abundance 

of AOB was higher in deep water than surface water (F1,14=18.98, p=0.0006573) and also 

demonstrated a significant negative relationship with dissolved oxygen concentration 

(F1,14=21.42, p=0.0003912). Given that we used bacterial-specific 16S primers, we did not detect 

ammonia-oxidizing archaea. The relative abundance of two groups of nitrite-oxidizing bacteria 

(NOB) in Hood Canal, Nitrospira and Nitrospina, was also significantly higher in the deep water 

than in the surface water (F1,14=24.9, p=0.0002).  Additionally, the relative abundance of this 

group was not only strongly associated with a decrease in DO but was also correlated with 

decreased NH4
+ concentration and temperature (F3,12=69.04, p=7.721x10-08). There were no 

significant patterns of increased Cyanobacteria abundance by water depth, sampling season, or 

sample site; however, the relative abundance of this photosynthetic phylum increased with 

higher temperatures (F1,14=112.3, p=4.45x10-08). The relative abundance of methylotrophic 

bacteria in Hood Canal, including Methylobacteriaceae, Methylococcaceae, Methylocystaceae, 

and Methylophilaceae, also demonstrated no significant patterns across water depths, season, or 
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sampling site but their abundances did increase with decreasing DO and higher temperature 

(F2,13=12.17, p=0.001049).  

 

 

Discussion  

Hood Canal, WA is an ecologically, economically, and recreationally important 

ecosystem in Western Washington that seasonally experiences hypoxia and anoxia, which has 

led to fish kills and substantial changes in ecological communities (Newton et al. 2007). While 

phytoplankton are considered to be biological drivers for seasonal, episodic hypoxia events as 

the detrital material sinks to deep waters thus increasing the biological oxygen demand (Newton 

et al. 2011), bacterial communities are, in fact, directly responsible for the consumption of 

oxygen and cycling of essential nutrients in Hood Canal, yet are understudied relative to 

physical, chemical, and planktonic processes (see Gregg & Pratt 2010; Newton et al. 2011; 

Warner et al. 2000; Steinberg et al. 2010; Keister & Tuttle 2013).  To our knowledge, this is the 

first study describing patterns of bacterial richness and community composition in Hood Canal, 

WA. 

We captured a range of abiotic conditions over a seven-month time period in the sixteen 

Hood Canal samples collected for this study.  This range of abiotic conditions was similar to 

observations in prior years, although DO did not reach extreme low levels in 2007 as observed in 

2004 or 2006 (Newton et al. 2011).  Abiotic factors measured in the surface and deep samples 

differed significantly, indicative of the strong stratification and stability of water masses 

resulting from the hydrography and hydrology of Hood Canal (Gregg & Pratt 2010). The 

environmental separation between surface and deep water masses was most pronounced during 
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April and June; by October the surface and deep water samples were more similar to one another 

in terms of the abiotic conditions. In autumn, offshore upwelling of more saline water can 

displace deep waters in Hood Canal, resulting in weaker stratification and increased oxygen 

levels (Warner et al. 2000).  

Bacterial taxonomic richness, evenness, as well as community composition varied 

significantly between surface waters and deep water masses. Given the dramatic stratification 

and abiotic differences between the two water masses, we expected that the bacterial 

communities within each water mass would differ. On a global scale, different physical, 

chemical, and biological processes in surface waters versus deep waters structure bacterial 

communities, which gives rise to very distinct bacterial community composition in each water 

mass (Ghiglione et al. 2012). Indeed, distinction between surface water and deep water bacterial 

community composition was strongest during sampling points of heightened stratification (April 

and June), mirroring patterns of abiotic conditions.  In October, the bacterial community 

composition differed between surface and deep water masses, but the degree of separation was 

much lower. Potential episodic mixing between water masses and deep water renewal prior to 

October could result in mixing of the bacterial communities, thus decreasing the distinction 

between surface and deep water masses.  

Bacterial communities are distinct between separate water masses in marine 

environments with bacterial richness and evenness increasing from surface to deeper water layers 

(Agogué et al. 2011; Friedline et al. 2012; Pommier et al. 2010). Though the water column of 

Hood Canal is shallow relative to open-ocean studies, we uncovered a similar pattern of higher 

bacterial species richness and evenness in deep-waters than in surface waters.  Surface waters, 

compared to deep waters, experience increased variability in abiotic factors on daily to seasonal 
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timescales (Figures 1B and 2), which may limit the number of bacterial taxa that can persist 

while allowing those well-adapted to fluctuating environments to flourish, thus reducing the 

overall bacterial richness and evenness. As suggested previously, ecosystems that experience 

intermediate levels of abiotic variability may allow for higher diversity than those with high 

variability or disturbance (Pommier et al. 2010; Petraitis et al. 1989; Connell 1978; Hutchinson 

1961), which is evident in the deep water samples of this study. Additionally, the sinking of 

organic matter substrates from surface detritus into deep waters may provide a variety of carbon 

sources to heterotrophic bacteria (Cho & Azam 1988), giving rise to increased environmental 

heterogeneity in these zones (Long & Azam 2001). Habitat heterogeneity, or the number of 

niches in a habitat, has long been suggested as a strong determinant of bacterial community 

composition and diversity (Martiny et al. 2006; Fierer & Jackson 2006; Horner-Devine et al. 

2004; Shade et al. 2008; Tilman 1999), and this relationship is further supported by the 

community patterns demonstrated in this study.  Furthermore, sediment underlying the water 

column typically houses higher bacterial richness and could be a potential source of bacterial 

richness for overlying deep water layers (Feng et al. 2009). Finally, it is possible that 

methodology restricted detection of low abundance types of bacterial taxa.  A combination of 

low evenness and the steep slope of rarefaction curves in surface water samples indicate that few 

well-adapted taxa exhibit prolific growth and may inhibit our detection of rare taxa (Amend et al. 

2010). Whether or not these low-abundance bacterial taxa are active or important players in the 

bacterial community is unclear (Bowen et al. 2012; Jones & Lennon 2010; Huse et al. 2010). 

Within each water mass (surface and deep), the geographic location of sampling or 

station did not affect the bacterial communities observed in Hood Canal. Water movement and 

circulation within each water mass of Hood Canal is complex as a result of wind, tides, and 
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seiches (Newton et al. 2011), which could prohibit local factors at the scale sampled from 

structuring bacterial communities within each layer. Though we did not detect changes in the 

bacterial communities across stations, we did detect a weak seasonal effect on the structure and 

composition of the surface bacterial communities. At latitudes similar to Hood Canal 

phytoplankton demonstrate strong seasonal cycles (Pinckney et al. 1998).  Bacterial communities 

are also known to show predictable seasonal patterns especially in surface waters where sunlight 

and external factors, such as the weather, may shape the bacterial communities (Gilbert et al. 

2012; Fuhrman et al. 2006). Though we expect bacterial communities in Hood Canal to exhibit 

similar dynamics, increased sampling frequency is necessary to investigate seasonal cycles. 

Across all samples in this study, DO consistently explained the most variation in bacterial 

richness and composition.  As DO concentration dropped, the number of bacterial taxa in a 

sample increased until a peak in richness was reached near 4 mg/L of DO, below which bacterial 

richness decreased. Similarly, observations of microbial communities in a seasonally anoxic 

fjord documented an increase in bacterial richness as DO levels reach hypoxic levels and then a 

sharp dropoff of richness and diversity as DO levels continued to drop in deeper water samples 

(Zaikova et al. 2010).  Interestingly, this level of DO (2-4 mg/L) is a threshold for sublethal and 

lethal affects on macrofauna (Vaquer-Sunyer & Duarte 2008), and below this threshold benthic 

macrofauna experience decreased abundance, biomass, and diversity (Seitz et al. 2009; Conley et 

al. 2007; Montagna & Ritter 2006).  The stress induced upon oxygen-dependent organisms may 

help explain the peak in number of bacterial taxa co-existing as benthic energy is transferred 

from macrofauna to microbes (Diaz & Rosenberg 2008). It is possible that an intermediate DO 

concentration where aerobic and facultative anaerobic lifestyles can coexist and this DO 

concentration may be near 4 mg/L.  For example, above this concentration anaerobic taxa are 
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less competitive, and conversely aerobic taxa are less competitive below the optimum 

concentration. Therefore, the highest number of different types of bacteria persists at the 

intersection of the two fitness curves.  

Though examining the overall patterns of richness and composition of all bacteria in 

Hood Canal provides valuable insight into the biological dynamics of the system, we do not 

expect all groups of bacteria to exhibit similar responses to environmental change and whole-

domain patterns can mask changes on a finer taxonomic scale. Furthermore, undersampling of 

community diversity is common in bacterial studies given the incredible abundance and richness 

of bacteria in the environment. Thus, though detection of every bacterial taxon present in a 

sample is not yet feasible (SI Figure 2), we expect the most abundant classes of bacteria to be 

sampled deeper thus examining class-level patterns is of interest. The rise in Flavobacteria taxa 

richness associated with a decreased in DO suggests a greater metabolic diversity of 

Flavobacteria is present in the low oxygen samples, where high rates of decomposition are likely 

consuming oxygen.  Flavobacteria are crucial in the uptake and degradation of high molecular 

weight dissolved organic carbon, such as chitin and cellulose, especially following periods of 

intense enrichment from a phytoplankton bloom (Fandino et al. 2001). The 

Gammaproteobacteria class is also metabolically diverse; therefore, it is unsurprising that we 

found increased Gammaproteobacteria richness in samples of lower dissolved oxygen.  

Consistent with our results, Wright et al. (2012) observed an increased number of 

Gammaproteobacteria taxa in suboxic zones relative to oxic zones across multiple regions. 

Contrary to patterns of other dominant groups, the taxa richness of Alphaproteobacteria was 

strongly associated with salinity rather than with DO. Alphaproteobacteria are predominantly 

found in marine environments; therefore, it is not surprising that we detected more taxa in high 
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salinity water samples that are more similar to marine environments than to the freshwater inputs 

of Hood Canal. 

The rapid expansion of oxygen minimum zones and coastal hypoxia has huge 

implications for the global nitrogen and carbon cycles; therefore, understanding the changes in 

bacterial diversity and composition of particular functional groups involved in these cycles is 

essential.  While the approach used in this study does not allow a detailed examination of 

specific bacterial activity, it does offer a window into the dynamics of important functional 

groups.   We detected significant relationships between DO concentration and the abundances of 

major players in the nitrogen and carbon cycles. Shifts in the relative proportion and 

compositions of particular functional groups suggest that the potential exists for decreasing DO 

concentration to alter the fate of nitrogen and carbon. Further exploration into the taxonomic and 

functional responses of individual bacterial groups in Hood Canal is crucial for us to better 

understand how depleted DO affects multiple biogeochemical cycles on both regional and global 

scales.   

 

Conclusion 

 Here we report shifts in bacterial richness and community composition across a gradient 

of abiotic factors in Hood Canal, WA, a seasonally oxygen-deficient estuary.  The estuary 

remains highly stratified year-round and supports distinct bacterial communities in surface and 

deep water masses. Changes in DO concentration were highly correlated with changes in the 

bacterial communities at multiple taxonomic scales.  We uncovered a hump-shaped relationship 

between bacterial richness and DO concentration, which peaked at the same concentration at 

which biological stress occurs in macro-organisms. The hydrography of Hood Canal establishes 
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a wide gradient of abiotic factors, including DO that changes rapidly on an annual scale, which 

establishes a unique natural laboratory in which these questions can be explored. We are only 

beginning to understand how the microbial communities are responding to rapidly decreasing 

DO, but further questions into the impacts on individual functional groups of bacteria will be 

crucial in elucidating the global consequences of rapidly expanding coastal hypoxia. 
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Tables 

Table 1. Abiotic factors affect the diversity and composition of bacterial communities in Hood 
Canal, WA.  A (**) indicates a significant effect, p<0.01; (+) indicates a positive significant 
association; (-) indicates a negative significant association. Relationships were considered 
significant at alpha=0.05 level. 

Table 2. Abiotic factors affect the relative abundances of various bacterial functional groups. A 
(+) sign indicates a significant positive relationship and a (
relationship.  Relationships were considered significant at alph
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Figures 

 

Figure 1. (A) Map of sampling stations within Hood Canal, WA. (B) Contour plots showing range of dissolved oxygen and 
chlorophyll at Hama Hama and Sister's Point stations in Hood Canal, WA. Data for high resolution depth profiles collected by ORCA 
buoys maintained by NANOOS (http://www.nanoos.org). Note differences in scale on both the x and y axes. Vertical dashed lines 
indicate sampling time points. 
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Figure 2. Principal components analysis of environmental characteristics of the sixteen 
samples ordinated based on Euclidean distance calculated from environmental factors. 
Points are coded by water depth as either deep (filled symbols) or surface (open symbols) 
and by season as April (square), June (circle), or October (triangle). Nitrate, phosphate, 
salinity, and dissolved oxygen best explain the separation of samples along axis 1, and 
ammonium alone explains variation along axis 2 based on the variable loadings on each 
principal component.  
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Figure 3. Relative proportions of the most abundant classes change across a dissolved 
oxygen gradient and are significantly different when grouped by sampling depth. The 
samples are ordered by dissolved oxygen concentration (solid line). Abbreviations: Hama 
Hama (HH), Sister’s Point (SP), Bangor (BA), Lynch Cove (LC), April (APR), June 
(JUN), October (OCT), Surface (S), Deep (D). Classes that comprised less than 1% of the 
sample’s total community were condensed into the “other” category. 
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Figure 4. A hump-shaped relationship exists between dissolved oxygen concentration 
and bacterial taxa richness. Points are coded by water depth as either deep (filled 
symbols) or surface (open symbols) and by season as April (square), June (circle), or 
October (triangle).  Vertical dashed line represents the equivalent dissolved oxygen 
concentration of 4 mg/L, which is the threshold for hypoxia-induced biologic stress in 
macro organisms.  
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Figure 5. Bacterial richness varies across biogeographic regions. Hood Canal samples 
from this study are shown in grey. Sequence data from other locations were collected 
from the ICoMM database and processed through the same analysis pipeline. 
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Figure 6. Non-metric multidimensional scaling ordination shows bacterial community 
composition of samples are more similar to those from the same water depth, season, or 
dissolved oxygen concentration.  Position of samples is calculated using the Sorensen 
abundance-based similarity index of bacterial community composition and the absolute 
dissimilarities between samples is condensed onto two-dimensions with a resulting stress 
value of 0.0679.  Points are coded by water depth as either deep (filled symbols) or 
surface (open symbols) and by season as April (square), June (circle), or October 
(triangle).  The size of the sample point is proportional to dissolved oxygen content with 
the highest dissolved concentration represented by the largest sample point. 
 
 
 
 
 
 
 
 
 
 

-0.2 -0.1 0.0 0.1 0.2

-0
.2

-0
.1

0.
0

0.
1

0.
2

NMDS Axis 1

N
M

D
S

 A
xi

s 
2



 56

Supplementary figures 
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SI Figure 1. Depth profiles of physical and chemical data recorded during (A) April, (B) 
June, and (C) October sampling at Bangor, Hama Hama Sister’s Point, and Lynch Cove. 
 

 

 

 

SI Figure 2. Rarefaction curves of A) All 16S sequences, B) Alphaproteobacterial 
sequences only, C) Gammaproteobacterial sequences only, and D) Flavobacterial 
sequences only. Each solid line represents the sequence accumulation curve for each 
sample in the dataset. The dotted line represents a 1:1 line, which is the maximum taxa 
accumulation per sequence. The dashed, vertical line in each plot represents the number 
of sequences to which each set was subsampled. Note that plot A is on a different scale 
from plots B-D. 
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SI Table 1.  Abiotic data collected to accompany each bacterial pyrosequencing sample and used in PCA and regression analyses. 
 

 

 

 

 

SI Table 2. Observed, Chao, and ACE estimates of taxa richness at various samples collected in ICoMM project.  
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Appendix A: Assessing the performance of multiple community similarity measures for 

bacterial communities in the face of sampling biases 

Introduction 

Understanding changes in the incidences and abundances of species over space and time 

is crucial for ecologists (Whittaker 1962, 1972).  These patterns in community composition, or 

beta diversity, can inform ecologists about the scale at which communities vary over a range of 

spatial and temporal gradients.  Understanding how communities are structured and organized 

offers valuable insight in the forces that underlie and maintain diversity – a central goal of 

ecology.  Changes in beta diversity over space and time may also impact important ecosystem 

functions and health, as different species are responsible for different ecosystem processes 

(Downing & Leibold 2002; Hooper et al. 2005). Further, such an understanding is crucial for 

predicting how communities respond to anthropogenic impacts as well as to natural perturbations 

and variability. Understanding patterns of beta diversity for microbial communities is no 

exception, though our understanding of community similarity indices used to measure and 

compare bacterial community composition lags behind that of macroorganisms and may be 

impacted by multiple biases – some unique to microbial communities. 

Multiple similarity (or dissimilarity) indices have been proposed and used by ecologists 

to compare the species composition of two biological communities (see reviews of indices in 

Magurran 2003); however, no consensus currently exists as to which measure of beta-diversity is 

preferred (Whittaker et al. 2001; Koleff et al. 2003; Cardoso et al. 2009; Beck et al. 2013). These 

indices of beta-diversity can be divided into two groups. First, qualitative indices consider only 

the presence or absence of taxa without regard to the relative abundances of those taxa.  For 

example, the widely-used classic Jaccard (Jaccard 1908) and classic Sørensen (Sørensen 1948) 
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similarity indices depend on the total number of taxa present in each community and the number 

of taxa shared between the two communities (Koleff et al. 2003). Using only incidence data, two 

pairs of communities may produce the same similarity indices even though the abundances of 

shared species could differ considerably between the two pairs.  To detect these differences, 

abundance based similarity indices, referred to as quantitative indices, comprise the second 

group of indices (Chao et al. 2005). The classic Jaccard and Sørensen indices were revised to 

include relative abundances of shared species better compare two communities (Chao et al. 

2005).  Additional indices, including but limited to Bray-Curtis and Morista-Horn, have also 

been developed to quantify community similarity using abundance-based data (Magurran 2004). 

The extent of sampling effort can often limit accurate quantification and comparison of 

community composition in diverse communities (Cardoso et al. 2009), and it is common to not 

detect all individuals residing in the community.  Low sampling effort commonly leads to 

underestimation of beta diversity due to lack of detection of shared species in both communities 

(Colwell & Coddington 1994; Chao et al. 2005). In an attempt to overcome this detection issue, 

probabilistic approaches have been applied to abundance-based similarity indices to estimate the 

effect of unseen individuals in a sample of community composition (Chao et al. 2005, 2006).  

The problem of undetection of some taxa is an issue faced by ecologists studying any diverse 

community, and it has been shown that for diverse insect and plant communities incorporation of 

the effect of unseen shared species can not only increase accuracy, but can also change the 

interpretation of results (Chao et al. 2005). 

The probability of not detecting all species is more pronounced for rich microbial 

communities than even in diverse insect and plant communities (Hughes et al. 2001). 

Characteristics of microbial communities including high abundances and hyper-diversity likely 
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affect the measurements of beta diversity in bacterial communities as well (Lemos et al. 2012).  

Many studies of bacterial community composition use similarity indices and approaches 

originally designed for use in ecological studies of macroorganisms that may not perform well in 

the circumstances of undersampling and uneven sample sizes known to be the case for many 

microbial communities.  

Similarity indices exist that include a correction value to estimate for the unseen taxa 

from the sample (Chao et al. 2006).  The performance of these estimators have been assessed in 

diverse and under-sampled insect and tree sapling datasets (Chao et al 2005, Cardoso et al 2009, 

Beck et al 2013), but never before for hyper-diverse bacterial communities.  In the current study, 

I investigated the performance of commonly used qualitative and quantitative community 

similarity indices in the face of three biases common in bacterial assessments: undersampling, 

uneven sampling effort, the effect of highly skewed distributions of taxa abundances.  I used 

pyrosequencing datasets previously collected from Hood Canal, WA water samples to evaluate 

the performance of these similarity indices. 

 

Methods 

Similarity indices.  

Two classic qualitative community similarity indices were tested.  The classic Jaccard index 

(1908) is given by: 

 SCJ=
�

�����
       (Equation 1) 

Where a is the total number of species present in both samples, b equals the number of species in 

sample one, and c is equal to the number of species in sample two. 
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 The second qualitative index, the classic Sørensen index (1948), is similar to the Jaccard 

but weights presences in both samples more heavily than absences in one sample in order to 

avoid underestimation of similarity when unseen species may be an issue.  The index is given by: 

  SCS=
��

������
       (Equation 2) 

The performance of six commonly used quantitative community similarity indices were 

examined in this study.  The Bray-Curtis (Bray & Curtis 1957) similarity index is described by 

the equation 

SBC =
���

��	��
�
      (Equation 3) 

where Na= the total individuals in site A, Nb= the total individuals in site B, and 2jN= the sum of 

the lower of the two abundances for species found in both sites. 

The Morista-Horn similarity index, unlike other indices, is not strongly affected by taxa 

richness and sample size.  However, it has been noted to be sensitive to the abundances of the 

most abundant species (Magurran 2004). The equation for the Morista-Horn index is 

  SMH = 
����
��
�

��	��
����	��
�
     (Equation 4) 

where Na remains as the total number of individuals at site A and Nb the total number of 

individuals at site B.  Additional terms ai and bi are the number of individuals in the ith species in 

site A and B, respectively. The terms da and db are described by 

  da= 
��


�

�

�  

db= 
��


�

�

�  

The incidence-based Jaccard similarity index was revised in 2005 by Chao and 

colleagues to incorporate the relative abundances of taxa to give a quantitative, rather than 

qualitative, measure of similarity.  The raw Jaccard abundance-based similarity index is given by  
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  SJ= 
��

������
       (Equation 5) 

Where U and V give the total relative abundance, or proportion, of individuals belonging to 

species shared between two sites found in site U or site V, respectively.  However, in samples of 

community composition there are typically species that are unseen or undetected but exist in the 

community.  To estimate for the unseen species, an estimated Jaccard index is described by 

  SEJ=
����

����������
      (Equation 6) 

Where the �� and ��  terms are similar to U and V, but include adjustments for the estimated 

proportion of shared species that are unseen in a sample.  See Chao et al 2005 for equations of 

the estimator terms.  

Finally, the Sørensen abundance-based index is a revision of the classic Sørensen 

similarity index based on incidence data.  The Sørensen abundance-based similarity index down 

weights unshared species thus may be preferred in under sampled communities. Using the same 

variables as the Jaccard index, the raw Sørensen index is given by 

 SS= 
���

���
       (Equation 7) 

Similar to the Jaccard similarity, the Sørensen index has been revised to include estimates for 

unseen species and is described by 

  SES=
�����

�����
      (Equation 8) 

Where �� and ��  have the same definition as in Equation 4. 

Datasets. 

Sequence datasets were obtained from a previous study in which pyrosequencing techniques 

were applied to water samples from Hood Canal, WA collected from Spring to Autumn 2007. 

For details on sequencing and sequence processing please refer to Lange et al., in review.  
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Analyses. 

I conducted performance tests on two separate large, diverse samples from the Hood 

Canal dataset.  Community A, collected from surface waters collected in April 2007 at station 

Hama Hama, contained the second most sequences and rarefaction curves (Figure 5) suggested 

this community was most exhaustively sampled from the entire dataset, thus allowing us to 

assume it to be the best representation of a full and complete community library.  The library 

contained 14,743 sequences, or individuals, and 341 operational taxonomic units (OTUs) defined 

at 97% sequence identity, of which 198 were singletons and 36 were doubletons.  Community B 

was from the deep water mass collected at the same time in April 2007 at station Hama Hama as 

Community A.  Community B contained 14,898 sequences and 1,020 OTUs thus suggesting that 

this community has more even distribution of relative abundances of taxa than Community A.  A 

rarefaction curve for Community B shows that the diversity of the sample is high with 

community sampling near saturation and is thus slightly undersampled at 14,898 individuals 

(Figure 5). 

To examine the effect of undersampling, pairs of equal-sized samples from the full 

library were compared.  I randomly sampled individuals, with replacement, from the full library 

to produce pairs of samples containing the same number of individuals as the full library.  This 

was repeated to obtain pairs of samples with one-half the total number of individuals in the full 

library, and then I calculated the eight similarity indices between each pair.  I repeated this 

process for 1/4, 1/8, 1/16, 1/32, and 1/64 the number of individuals of the full library. The 

process was repeated 1000 times for each sample size, and the mean similarity index was 

calculated over the 1000 replicates. Because I sampled with replacement, some taxa may not be 
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present in each sample, and likewise the abundances of other taxa may be higher than the 

original abundance in the full library.  

First used in a study of bacterial taxa-area relationships by Horner-Devine et al (2004), 

bacterial community datasets are often rarefied to equilibrate sample sizes. This rarefaction 

subsampling process is then repeated multiple times and the indices are averaged in order to 

avoid stochastic events that arise from a single subsample and a more accurate representation of 

the community can be achieved. Using this approach, I followed the methods used by Chao et al 

(2005, 2006) to assess the performance of similarity indices when samples of uneven sizes are 

compared (i.e. differing numbers of sequences or individuals). Individuals were randomly 

sampled, with replacement, to 1/2, 1/4, 1/8, 1/16, 1/32, and 1/64 of the size of the full library.  

Each of lower-sized samples was compared to the full library and similarity indices were 

calculated for each pair of sample sizes. This process was also repeated 1000 times and each 

similarity index was averaged for each sample size pair.   

Finally, I assessed the influence of community structure, particularly differing evenness 

of taxa abundances, on the performance of eight similarity indices.  To examine this effect, the 

first two tests of undersampling and uneven sample sizes were repeated with Community B, 

which was comprised of taxa with more even abundances than Community A.  

 

Results and discussion 

Numerous similarity indices exist to compare the species composition between two 

communities.  In microbial ecology, it is common to see many of these different similarity 

indices being used in the literature.  However, the performance of these different similarity 

indices varies when faced with undersampling and uneven sample sizes, both of which are 
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typical of microbial sampling methods. The performance of eight similarity indices were 

assessed under two different sampling conditions as well as for two communities of differing 

taxa abundance distributions in order to make recommendations for the use of available 

similarity indices for microbial community ecology. 

Test 1: Undersampling 

The performance of two qualitative similarity indices was tested when faced with 

undersampling of a community. If a similarity index were not affected by undersampling, then 

the value would be 1 indicating that the reduced sample and the full community are identical. 

The lower the similarity index between the reduced sample and the full community indicates a 

larger influence of undersampling on the index. It was predicted that the similarity indices 

between samples would decrease as the community was undersampled because two highly 

undersampled communities would appear to share fewer taxa than they do in reality and these 

two qualitative indices do not include corrections for unseen taxa.  However, a response different 

from that seen for ant communities (Chao et al 2005) was observed for both the classic Jaccard 

and classic Sørensen indices (Figure 1).  The similarity indices initially decreased as smaller 

samples were collected but both reached a threshold near a sample size of 1/8th the total 

community.  As sample sizes continued to decrease and undersampling intensified, the similarity 

indices tend to increase. An explanation for the unique response in bacterial communities is 

likely due to the low evenness of the communities. Bacterial communities are often dominated 

by few abundant taxa while most taxa appear only once or twice (Sogin et al. 2006), so the 

chance of detecting an individual belonging to an abundant taxon is much more likely than 

detecting one from a rare taxon.  As the sample sizes decrease, individuals belonging to abundant 

taxa will be detected thus artificially increasing the similarity index between two grossly 
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undersampled communities. This response may be unique to bacterial communities with highly 

skewed species abundance distributions, and in insect communities the similarity index decreases 

linearly as the communities are increasingly undersampled (Chao et al 2006). Although both 

incidence-based indices were affected by undersampling, the classic Sørensen index appeared to 

perform slightly better than the classic Jaccard index as the similarity values overall were closer 

to one for the Sørensen index. 

Abundance-based estimators of community similarity were designed to overcome the 

challenge of undersampling (Chao et al. 2006). Six commonly used abundance-based similarity 

indices were tested, including two indices corrected for unseen individuals, to assess how the 

indices performed when they encountered undersampling (Figure 3).  The Morista-Horn index 

was closest to 1 for all undersampling levels. However, this index is not widely used among 

microbial ecology studies because it is affected mainly by the abundances of the most abundant 

taxa and is not strongly influenced by richness and sample size (Magurran 2004).  Therefore, in 

hyper-diverse microbial communities that are dominated by a few taxa, the relatively rare taxa 

have very little affect in the index (Chao et al. 2006).  Thus, although the Morista-Horn index 

performed well in this test of undersampling, it may not be able to distinguish between samples 

from two different communities with similar abundant taxa but very different rare taxa.  The 

Sørensen abundance-based estimator with correction for unseen taxa also performed well in the 

undersampling test, a result consistent with a similar study using insect data (Chao et al. 2005).  

This Sørensen index includes information for less abundant taxa as well as uses probability to 

estimate for the taxa undetected in a sample (Chao et al. 2006). Unsurprisingly, the abundance-

based Jaccard index with estimation for unseen taxa performed better than the raw Jaccard 

abundance-based index, as the correction should improve the index’s performance in 
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undersampled communities.  The Bray-Curtis index, which is commonly used in microbial 

community studies, performed very poorly at all levels of undersampling. 

Test 2: Effect of uneven sample sizes 

 Uneven sample sizes are common for collecting community data and particularly in 

bacterial studies where DNA sequencing approaches are applied.  To understand how uneven 

samples sizes affect similarity indices, pairs of samples with uneven numbers of sequences 

subsampled from a single bacterial community were compared.  The two incidence-based 

similarity indices showed very similar curves and are both negatively affected by uneven 

sampling bias (Figure 2). Regardless of the substantial effects of uneven sample sizes, the classic 

Sørensen similarity index outperformed the classic Jaccard.  These results are consistent with 

similar tests performed using insect data rather than bacterial data (Chao et al. 2005), though the 

negative effect appears to be more substantial for bacterial communities than for insect 

communities.  

The abundance-based Sørensen index with correction for estimated unseen taxa 

outperformed the other abundance-based indices, though the Morista-Horn index was nearly as 

accurate (Figure 4).  The Bray-Curtis index was highly affected by uneven sample sizes and 

nearly fell to zero when the full community was compared to the smallest, 1/64th sample (Figure 

4). The abundance-based Jaccard index performed better with the correction for estimated 

unseen taxa (Figure 4) than it did without the correction, similar to the performance of both 

abundance-based Sørensen indices.   

Uneven sample sizes for bacterial community studies may not be avoidable in data 

collection but can be addressed by community rarefaction where samples are each subsampled to 

an even size (Horner-Devine et al. 2004). There is debate as to how samples should be rarefied 
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and the method of subsampling varies across microbial studies.  For example, some studies 

randomly subsample all samples to the size of the smallest dataset using a program called 

DaisyChopper (Gilbert et al. 2009), and other studies perform community rarefaction in which 

they repeat the random subsampling approach to calculate mean diversity indices (Horner-

Devine et al. 2004). A single subsample from a community has the opportunity for stochastic 

events to affect the similarity index. Whereas, when multiple subsamples are used to find an 

average similarity index the effect of these stochastic events is reduced, thus leading to a more 

accurate similarity value. Though either method may not accurately represent the true 

community composition, multiple subsampling is preferred, and it is essential to have even 

sample sizes to reduce the variation in similarity indices (Figure 4). 

Test 3: Effect of evenness on similarity indices 

Another important aspect of community structure that can differ between bacterial 

samples and have an effect on similarity indices is evenness in the distribution of taxa 

abundances (Figure 5). It was hypothesized that many of the similarity indices would perform 

differently for bacterial communities with different evenness of species abundances because the 

calculations for the indices may include or exclude rare taxa as well as estimate shared unseen 

taxa by the presence of rare taxa (Chao et al. 2006).  The results of this study suggest that the 

structure of communities including the diversity and evenness of taxa can strongly influence the 

similarity indices both in the presence of undersampling and uneven sampling (Figures 1-4). The 

similarity indices calculated for Community B, which had more observed species and higher 

evenness than both Community A and the ant community presented in Chao et al (2005, 2006), 

were more strongly impacted by undersampling and uneven sample sizes than Community A and 

the ant community. Community structure was so important in measuring the performance of 
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incidence-based similarity indices for undersampling, that the shape of the curve was 

considerably different for each of the three communities that were examined (Figure 1). 

Conclusion 

 Here, the performance of two qualitative and six quantitative indices of community 

similarity under two common biases in bacterial community sampling: undersampling and 

uneven sample sizes were investigated.  A recently developed abundance-based estimator of 

Sørensen similarity performed best when faced with extremely uneven sample sizes.   The robust 

nature of the abundance-based estimated Sørensen index in comparing uneven sample sizes 

suggests that it is best suited for comparing bacterial communities that are not rarefied to an even 

sample size.  The very commonly used Bray-Curtis similarity index performed poorly in both 

tests of undersampling and uneven sampling, suggesting that is not suitable for use in bacterial 

community ecology. Further, the examination of two different bacterial community structures 

shows that not only do sampling biases (undersampling and uneven sampling) affect beta 

diversity measures, but the evenness and diversity of the community also influences the 

performance of these measures.  Collectively, these results suggest that incidence-based 

measures are not preferred for comparing communities of microbes that are often undersampled 

or unevenly sampled.  Although the use of abundance data is preferred, it is not clear whether 

undersampling or uneven sample sizes affect the rank-order of incidence-based similarity 

indices.  Further studies comparing the community composition of multiple simulated bacterial 

communities are required to examine this question. 
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Figures  

 
Figure 1. Performance of the Jaccard classic and Sørensen classic similarity indices in 
undersampling simulations, based on incidence data from three different biologic communities.  
The structure of the biologic community affects the performance of the incidence-based 
similarity indices in any undersampling situation.  Overall, the Sørensen classic index 
outperforms the Jaccard similarity index when communities are undersampled, regardless of the 
community structure. Ant community plots adapted from Chao et al 2006. 
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Figure 2.  Performance of Jaccard classic and Sørensen classic similarity indices when sample 
sizes are uneven.  Community structure has a weak effect on the overall performance of the 
indices.  Both indices are largely influenced by uneven sample sizes, though the Sørensen classic 
index produces values closer to 1, which suggests less of an influence of uneven sample size 
over the Jaccard classic index. Ant community plots adapted from Chao et al 2006. 
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Figure 3.  Performance of six abundance-based similarity indices in undersampling simulations 
for three different biologic communities.  Community structure influences the performance of all 
the abundance-based indices in undersampling conditions.  The abundance-based Sørensen 
estimator and the Morista-Horn indices both outperform the other similarity indices and are less 
influenced by undersampling. Ant community plots adapted from Chao et al 2006. 
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Figure 4. Performance of six abundance-based similarity indices in simulations with uneven 
sample sizes for three different biologic communities. Community structure also affects the 
abundance-based similarity indices when sample sizes are uneven. Sørensen abundance-based 
estimator and Jaccard abundance-based estimator outperform the other similarity indices when 
sample sizes are uneven. Ant community plots adapted from Chao et al 2006. 
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Figure 5. Species accumulation curves for the two bacterial communities used for the simulation 
studies.  The solid line represents Community A, which had higher evenness of species 
abundances. The dashed line represents Community B, which had low evenness of species 
abundances.  The dotted line is a reference for 1:1 sampling effort to species accumulation. 
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