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General introduction

Understanding drivers of species diversity and oasitfpn is a central goal of ecology as
it provides a window into how communities form amkly diversity varies across ecosystems
(Rosenzweig 1995). The presence and persisteraspEcies in a given location or habitat is
dependent on a suite of factors, including resoawvedlability and biotic and abiotic interactions
(Rosenzweig 1995). Just as the ecosystem influgheedistribution of species, species diversity
and composition can also impact the ecosystemtbyira the physical environment and nutrient
cycling (Tilman et al. 1997). Therefore, undersiagdvhat may impact the geographic
distribution, or biogeography, of species is esakfur understanding ecology as well as
understanding the functioning of ecosystems, eaflg@n the face of increasing anthropogenic
stress.

Microbial ecologists have long been characterizng describing the distributional
patterns of microbes; however, our understandingebiogeography of microbes is less
advanced than that for macroorganisms (Hanson 20&aP; Martiny et al. 2006; Horner-Devine
et al. 2007). Such an understanding for pattefinsicrobial biogeography and the processes
driving these patterns are incredibly importantshese of the ecosystem services provided by the
highly abundant and diverse organisms. Microbesibiguitous on Earth, inhabiting lakes, soils,
oceans, and other organisms as well as more exgami®nments including hot springs (Brock
1978), deep sea hydrothermal vents (McCollom & 8H®97), saline pools (Anton et al. 2000),
glacial ice (Boyd et al. 2011), acid mine taili@aker & Banfield 2003), and kilometers
beneath Earth’s surface (White et al. 1998). Ny are microbes abundant and ubiquitous but
also they are involved in cycling essential nutisesmd energy for upper-trophic level organisms

as well as removing harmful toxins and pollutantsrf ecosystems. Although much remains to



be understood, some clear patterns of microbiagdmgraphy are beginning to unfold. In the
following introduction, | discuss our current stafeknowledge of bacterial taxa richness (alpha
diversity) and community composition (beta divessit

Understanding patterns of bacterial community dillgrand composition associated with
environmental gradients is crucial. Once a knogeblase exists of patterns of bacterial
communities across environmental gradients, wetihdh be able to better understand the
processes underlying microbial biogeography andmilly formulate predictions of how
microbial communities might respond to changingiemmental conditions. It is clear that we
are beginning to understand some of the patterdssefsity across space and time; however, a
strong need exists for further characterizing nb@bcommunities across ecologically important
gradients such as depleted oxygen concentratioaguatic ecosystems. Low oxygen zones
continue to rapidly expand globally threateninglegizally and economically important aquatic
habitats and the organisms within (Diaz & Rosenl28@8). Though upper trophic level
organisms are excluded from these low oxygen enments, microbes continue to thrive and
cycle energy and nutrients. Thus, understandinglt@ges in microbial communities
associated with gradients of environmental factotew-oxygen zones is crucial to be able to
predict and potentially rehabilitate these detatiog ecosystems. In Chapter One, | examine
changes in bacterial communities in Hood Canal, WiAich is an ideal natural laboratory to
examine how bacterial communities shift across sp@me, and environmental gradients.
Particularly, 1 discuss the relationship betweeanges in bacterial communities with decreasing
dissolved oxygen, which is a point of concern irodl&anal where hypoxia conditions
commonly occur. Appendix A contains an expansiomhenselection of bacterial community

similarity indices. Multiple biases exist in quiying differences in bacterial community



composition, and, in Appendix A, | examine the iipaf these biases on numerous commonly

used community similarity indices.

Part |: Bacterial alpha and beta diversity in aquatic systems

In order to compare communities to one anothiernecessary to quantify various
aspects of the community. These quantified proggemclude measures of alpha diversity (the
number of taxa present in a single community oation), beta diversity (variation in the
composition of communities), and gamma diversity (iotal diversity across a landscape)
(Magurran 2003). In bacterial communities, alphd beta diversity are two measures
commonly used to describe, compare, and examinggelsan community structure across
environmental gradients, space, and time. Fourgsses—selection, drift, dispersal, and
mutation—structure microbial communities, and chegazing patterns of microbial community
richness and composition across space and timproa&ide insight into these processes that
underlie them (Hanson et al. 2012).
A. Bacterial alpha diversity

Maintaining bacterial alpha diversity in naturabdlananaged ecosystems is crucial for
both function and stability of ecosystem proce¢Bedl et al. 2005; Eisenhauer et al. 2012). A
decrease in bacterial alpha diversity would likegult in the loss of crucial ecosystem services.
Due to the importance of bacterial alpha diversiigrobial ecologists have been interested in
describing patterns of bacterial richness acroasespnd time (Shaw et al. 2008) and uncovering
the processes leading to maintenance and geneddtimacterial diversity (Fierer & Lennon

2011). Challenges of accurately quantifying baateliversity exist, however, because bacteria



are so miniscule in size yet incredibly abundamature (Hughes et al. 2001; Chao et al. 2006)
(for further discussion on these methodologicallehges, see Appendix A).

Bacterial alpha diversity has been shown to chagess environmental gradients,
including across gradients of primary productiiidorner-Devine et al. 2003). Interestingly,
the diversity-productivity relationship is not castent for all bacterial taxa, which suggests that
patterns of alpha diversity may not be universablbtaxonomic groups of bacteria. In the
marine environment, studies have shown that battechness is associated with microscale
habitat heterogeneity, which is likely a resporsthe increased number of niches provided by
patchiness of available nutrients and resourcesdl&®Azam 2001). Further investigations into
the influence of heterogeneity on larger spatia @mporal scales in marine environments
could provide support for the processes generaitimpgmaintaining bacterial alpha diversity in
these ecosystems.

Patterns of bacterial richness within individuabitats have been frequently studied,;
however, broad distributions of bacterial taxa asrBarth’s major habitat types have only
recently been described with the advances of mtaephylogenetic approaches (Nemergut et
al. 2011; Lozupone & Knight 2007). Though soils aften regarded as being one of the most
diverse microbial environments on Earth, a glolbadg revealed that soils had lower bacterial
alpha diversity than expected and that saline sexlisn or sediments beneath diverse saline
environments including sea ice, marine, coastalntial features, and meromictic lakes, were
sites of highest bacterial alpha diversity (Lozup&nKnight 2007). This high diversity can be
explained by the complex and fine-scale chemicatlignts that establish in saline sediments,
which provide exceedingly high numbers of ecologntehes thus supporting high bacterial

diversity (Torsvik et al. 2002). Compared to thdiseent habitats, aquatic habitats are typically



hypothesized to host fewer bacterial taxa likelyaassult of less heterogeneity than in sediments
(Curtis & Sloan 2004; Torsvik et al. 2002; HorneguMne et al. 2004).

The processes generating and maintaining bactdphb diversity are emerging as
patterns of diversity are being uncovered (Fierdretinon 2011). Given the relatively short
generation time and rapid rates of mutation aretdhgene transfer, evolution of bacterial taxa
has the potential to give rise to bacterial taxénwbvel phenotypic or ecological functions thus
increasing biodiversity (Kassen & Rainey 2004). i&into the seed bank hypothesis for plants,
Jones and Lennon (2010) hypothesize that somerlzaate able to remain dormant within their
environment until conditions are ripe for the plerlation and success. Because assessments of
bacterial diversity are typically based on DNA seges, the capture of dormant bacterial taxa
can dramatically increase measured taxa richness environment. Methodological advances
in the detection and quantification of bacterialedsity will be necessary to entirely understand
the underlying processes supporting and maintaidiveysity of bacteria.

B. Bacterial beta diversity

It was long thought that because bacteria are wooqc and easily dispersed, that
geographic separation could not influence diversityrather environmental filtering structured
bacterial communities (Baas-Becking). However,grat of bacterial community composition
across space and time have emerged and it is evlddrtaxa are distributed non-randomly
across ecosystems (Horner-Devine et al. 2004) reCtexizing bacterial community
composition and drivers of change in beta diverséy provided insight into some process that
lead to assembly and structure. Furthermore, deration of spatial and temporal scales in
measuring and comparing beta diversity is cruaskthese scales are known to affect ecological

studies in macroorganisms as well as bacteria (L£9D2; Martiny et al. 2011; Hatosy et al.



2013). In order to predict changes in bacterial mamity structure, elucidating the processes
that underlie structure and assembly of the comtimsnare essential and consideration to the
spatial and temporal scales are likely importardi@arly understanding these mechanisms.

Selection of superior organisms best fit for a tatland its conditions has long been
accepted as one fundamental mechanism of varietioommunity composition. Likewise,
environmental gradients in aquatic ecosystems dhigaurnover of bacterial species across
space and time (Langenheder & Ragnarsson 200Ajc&ledepth profiles in the open ocean
show that bacterial beta diversity is driven by pemature, light attenuation, and the availability
of organic matter as these factors change fronsgdace to the deep ocean (Giovannoni &
Stingl 2005; DelLong et al. 2006). Across horizosface, changes in bacterial diversity have
been shown to correlate with a temperature gradiient the tropics to polar latitudes (Fuhrman
et al. 2008).

However, selection of bacterial taxa along envirental gradients alone cannot
completely explain variation in bacterial commuesti as evidence for both cosmopolitan
(widely distributed) taxa and provincial (narrovdistributed) taxa exists. The presence of
cosmopolitan taxa, such as SAR11 in the marineipohe, demonstrates that some taxa have
the ability to escape selection pressures placezhByonmental gradients at this taxonomic
scale. Further, uncountable bacterial taxa arectled only once in global studies, often referred
to as “singletons.” It should also be noted th# possible and likely that current methodology
limits the detection of these provincial taxa (seetion below for further discussion).

Mechanisms of community assembly and structure baea proposed to support the
patterns of bacterial community composition regeanticovered (Hanson et al. 2012). Aside

from selection, historical events such as mutaty@metic drift, and migration occurring within a



habitat can help to explain the unaccounted vanati bacterial communities. Stochastic
genetic mutations within populations can becomediand result in genotypic variations across
communitiesGenetic drift occurs via births and deaths in aytajon and is also known to

affect the composition of bacterial communitieotigh grazing and predation (Jirgens & Matz
2002) as well as viral infection of select bactgpiapulations (Fuhrman & Schwalbach 2003).
Finally, migration of bacterial taxa is thoughtde a strong contributor to community
composition as a result of the ease of disperstideomicroscopic organisms over long distances.
The role of these stochastic processes supporteteal community model and likely affect
bacterial communities at the local scale (CurtiSI&an 2004).

The spatial scale at which bacterial communitresexamined has the potential to
influence the interpretation of the relative cdmiition of selection, mutation, drift, or migration
to the community composition (Martiny et al. 2011.terrestrial systems, spatial scale is easily
guantified using geographic distance. However gmagéic ecosystems hydrologic regimes can
quickly move water parcels thus transporting baat@nd other planktonic organisms with the
water mass. A pyrosequencing study comparing thgosition of bacterial communities at
three depths throughout the water column at melightions in the North Atlantic Ocean
reported that bacterial community composition wasnsimilar within the same water mass,
defined by depth, regardless of horizontal spag®é et al. 2011). A recent study of global
marine bacterial beta diversity showed that in gielavaters geographic distance between
communities accounted for less than 10% of thd t@@ation in community composition that
could be explain by measured variables (Zinget.&.1). When comparing benthic marine
communities, Zinger and colleagues found that @vé6 of the total explained variation in

bacterial community composition could be attributedeographic distance. These results may



suggest that while local factors may strongly iaflae benthic or terrestrial bacterial
communities, the pelagic communities may experiemceased mixing or migration, which
decreases the importance of geographic distanbacerial beta diversity.

Long term monitoring of marine ecosystems has pleyithe data necessary for showing
that, in addition to spatial scale, bacterial commes also change over time (Gilbert et al. 2012;
Fuhrman et al. 2006; Bouskill et al. 2011; Newtbale2011), which may also affect the
interpretation of the relative contribution of thhederlying processes of bacterial community
composition. These changes in beta diversity dueg are typically attributed to environmental
variation as a result of seasonal or annual chawgbs the water mass. Furthermore, the
results from a recent study by Hatosy et al (2&L@)gest that temporal beta diversity is
dependent upon the scale at which the communiteeexamined. The authors conclude that the
rate of change of beta diversity is dependent orpteal scale with the highest rate of change
occurring at the shortest time scale. They sugpastacterial communities quickly track
environmental variation. Additionally, it is poskalihat at different temporal scales distinct
stochastic events further drive changes in beterdity. For example, on short time scales,
ecological drift arising from stochastic eventstsas births and deaths contribute to
heterogeneity in diversity. At longer time scal®chastic mutation genetic processes can lead
to evolutionary drift (Martiny et al. 2011).

In chapter one, | uncover patterns of bacteriddnéss and community composition along
an ecologically and economically important gradigindissolved oxygen in Hood Canal, WA.
These patterns are consistent along the dissokygkea gradient even though multiple other
environmental variables were simultaneously measuifi@acking changes in bacterial

communities across ecologically important gradievitshelp scientists to further understand the
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processes structuring bacterial communities anenpiaily aid in prediction of changing

ecosystems functions and health in the face op@isachanging planet.

Part 11: Challengesin describing bacterial diversity

As is true for the quantification of many ecologipeoperties, numerous indices exist for
alpha and beta diversity, and the underlying assiomgpand calculations for each index may not
be appropriate for all domains of life (HughesleR@01). These various indices attempt to
guantify the diversity within (alpha diversity) abdtween (beta diversity) communities;
however, it is infeasible to exhaustively sampleshremmmunities thus making diversity indices
mere estimates of actual community diversity (Céial. 2006; Colwell & Coddington 1994).
Special consideration to indices used to quantfy @ompare diversity in hyper-diverse
communities, such as bacterial communities, mushé&ee in order to avoid false conclusions
regarding the patterns and processes underlyingigdiodiversity (Chao et al. 2006).
Specifically for bacteria, much higher abundan&®hi{man et al. 1998) and number of taxa
than macroorganisms and whether or not bactedaiddimilar patterns of community assembly
and structure (Haegeman et al. 2013) may influamtiees of diversity, though it remains
somewhat unclear how the indices are affected drether it matters (Lozupone et al. 2007;
Haegeman et al. 2013; Chao et al. 2006). Belowigfli discuss our current understanding of
beta diversity indices used to quantify and compaeerial community composition and
suggest the need for further research into assaongpthade and biases influencing the
calculation of these indices.

Though undersampling is common throughout commuettlogy, some properties of

bacterial communities give rise to specific prosrand biases that need to be addressed. Next-
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generation sequencing and improved clustering ad-proofing methods have aided in more
complete sampling of bacterial communities andebpetétection of low abundance taxa (Sogin
et al. 2006; Huse et al. 2010). Even with thes@ades, detection of every bacterial taxon
present in a sample is not yet feasible. Furthegmases introduced in the sequencing
methods can inflate the proportion of abundant talative to the lower-abundance types (Pinto
& Raskin 2012). For example, the chances of detg@bundant taxa in the PCR-step of most
DNA sequencing methods are much higher than deteofilow abundance, or rare taxa.
Therefore, abundant taxa are better representaddteabundance types. This bias might
artificially lower the observed taxonomic richnedsighly uneven communities as the abundant
taxa are overly detected relative to low-abundgmes.

Undersampling can also affect the patterns in b@attsommunity composition. The
problem of undetected taxa in a sample can meanhbaaaxon is actually absent from the
sample or that the taxon was present but not detecio compensate for the likely detection
bias in current sampling and sequencing methodsjsk of community similarity indices, such
as the Chao or Sorensen index, use the probatiliiydetected taxa and under sampling to
estimate the compositional similarity; however, ppsampled communities can inflate
community dissimilarity (Chao et al. 2006). It isar that a need exists to explore the influences

of these biases on commonly-used bacterial betsty indices.

Conclusion
In what follows, | address two knowledge gaps ienobial ecology. First, our
understanding of spatial and temporal distributiohisacteria in disturbed ecosystems lags that

for macroorganisms. | use next-generation DNA seqgug technology deeply characterize
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patterns of bacterial richness and compositionsacspace and time in a seasonally oxygen-
deficient estuary, Hood Canal, WA. The resultshid study suggest that bacterial community
composition shifts as dissolved oxygen levels dnaggesting changes in nutrient cycling
processes. This study lays the groundwork for &rrthvestigation into the functional response
of microbial communities to rapidly depleting diksxdl oxygen. As low oxygen zones expand
globally, it will be increasingly important to undéand the potential changes in microbial
community diversity and function as energy is guffrom upper trophic levels to microbes in

these oxygen-depleted waters (Diaz & Rosenberg)2008

Secondly, with rapidly evolving sequencing techggland computational power, it is
crucial for microbial ecologists to understand ithpacts of various assumptions being made
regarding bacterial community properties in or@eadcurately describe bacterial community
composition. To address this issue, | used lartgsdés of bacterial community data to explore
numerous indices currently used to characterizéebatcommunity composition in order to
determine the most appropriate and robust descsiptdhe face of multiple challenges that

remain in describing bacterial beta-diversity.
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Chapter 1: Patternsof bacterial richnessand community composition in Hood Canal, WA,
a seasonally oxygen-deficient estuary

Abstract

When ocean waters are depleted of dissolved oxygergy shifts from macroorganisms
to microorganisms, which dominate in these hypawices. Patterns of microbial communities
associated with dissolved oxygen gradients aredhparticular interest as coastal oxygen
minimum zones continue to expand. We examined faetssociated with the distribution of
bacteria in Hood Canal, WA - a glacial fjord-likeatgr body that experiences low dissolved
oxygen levels detrimental to fish and other madrganisms. Pyrosequencing techniques were
applied to sixteen surface and deep (near bottagngamples from a north-south transect
along Hood Canal collected at three different tpoets from Spring to Autumn 2007. We
obtained a total of 165 022 bacterial 16S-rRNA gegguences and identified 3 807 unique
operational taxonomic units based on 97% sequelecgity, across all samples. We found that
bacterial richness and evenness are significarglyen in deep waters than in surface waters,
and richness values show a strong associationdigolved oxygen content. Bacterial
community composition grouped strongly by sampléewdepth, and surface water bacterial
communities exhibited a weak but discernable sedstnft. Dissolved oxygen was most
correlated with observed variation in community pasition. Our results suggest that bacterial
communities vary throughout Hood Canal and, spaadlfi, that changes in the bacterial
community are highly associated with levels andalality in dissolved oxygen concentration.
These patterns are remarkably similar to patterimcterial communities in oxygen minimum
zones across the globe, supporting recent findimagtscommon taxa are widely distributed

among these similar environments.
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Introduction

Globally, over a quarter-million square kilometefsnarine ecosystems are threatened
by low dissolved oxygen (DO) levels, or hypoxia,igfhcan result in the exclusion or death of
resident macroorganisms creating so-called ‘deaggdDiaz & Rosenberg 2008). Indeed, over
the past half century, the extent of dead zonegltasn at an alarming rate as a result of
eutrophication and climate change. The hypoxic igdtethese dead zones may exclude fish and
benthic organisms and eliminate habitat that isoirtgmt both for commercial fishing and
recreation (Newton et al. 2007); however, bactenal archaeal populations remain active in
mineralization of organic matter and other biogewaital cycles and are, therefore, important
players in the functioning of this oxygen-defici@tbsystem (Diaz & Rosenberg 2008; Urakawa
et al. 2010).

Uncovering patterns of microbial communities acrgsace and time is crucial for our
understanding of ecosystem function, yet pattefmsicrobial diversity and function remain
understudied relative to those of macro-organigsgecially in reference to dissolved oxygen
gradients. Abiotic factors, such as temperature,gaitbon and nutrient availability, and sunlight
have been shown to play important roles in struogumarine microbial communities due to the
diverse multitude of niches occupied by variousugoof microbial taxa (Fuhrman et al. 2008;
Koskinen et al. 2011; Gilbert et al. 2012). Oftmwadar concern in coastal waters, decreased DO
concentration has both direct as well as indiréfeces on bacterial community structure and
function, which in turn can impact energy flow d@odd web structure as well as global
greenhouse gas cycling (Rabalais et al. 2010)ekample, nitrogen cycling processes such as
denitrification and anammox have been examinedhsitely in oxygen-deficient water bodies

because as biologically available nitrogen (ordix&rogen) is consumed, nitrous oxide,
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an atmospherically active trace gas, is releasefhck, nearly 50% of fixed-N is released a©N
from OMZs globally (Codispoti et al. 2001).

Recent surveys of microbial communities in the OMEgmoss the globe including the
eastern tropical South Pacific (Stevens & Ulloa@0®@rabian Sea (Fuchs et al. 2005; Zubkov et
al. 2006), Cariaco Basin (Madrid et al. 2001, etral. 2006), Baltic Sea (Labrenz et al. 2007),
Black Sea (Vetriani et al. 2003; Wakeham et al.2Z®uchsman et al. 2011), and Saanich Inlet
(Zaikova et al. 2010) reveal consistent patterna@kased microbial diversity and distinct shifts
in community composition associated with lowered. e to the growing prevalence of
OMZs, a recent meta-analysis (Wright et al. 20X2n&ined global patterns of microbial
community composition in OMZs found in the openatecoastal areas, and enclosed basins.
They concluded that particular bacterial and arahtexa are common in suboxic waters and
that these taxa tend to co-occur in a non-randdienpaassociated with particular levels of DO
(Wright et al. 2012)Proteobacteria, Bacteroidetes, marine group AActinobacteria, and
Firmicutes comprise the majority of taxa found in oxygen-digfint waters, and these dominant
taxa tend to be distributed in regular patternsughout the water column along the oxycline
(Wright et al. 2012).

To further understand global patterns and the fanat response of microbial
communities to expanding oxygen minimum zones, x#rened spatial and temporal variation
in bacterial communities in Hood Canal, WA betwégmil and October of 2007. Hood Canal, a
long and narrow glacial fjord located 80 miles waisEeattle, WA, seasonally experiences
periods of low and even completely depleted DO eatrations as a result of naturally occurring
physical and hydrographical conditions (NewtonleR@07). This system is unique compared to

other OMZs because of its relatively small-scate|@sed circulation patterns, and rapidly
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changing abiotic conditions, and therefore, intéingsto compare to patterns found globally in
other oxygen-depleted environments. Throughouyéae, the long narrow fjord remains highly
stratified and has little internal circulation, whilimits the movement of oxygenated waters
(Gregg & Pratt 2010). Furthermore, human activitgrathe past few decades has exacerbated
nutrient loading particularly in the southern reaglof Hood Canal (Steinberg et al. 2010), in
turn increasing the frequency and duration of rebgpoxia events (Newton et al. 2009). We
thus examined how environmental parameters chavgrespace and time in Hood Canal and
examined the bacterial communities associated tivébke biotic and abiotic factors, including
depleted DO concentration. We hypothesized thetebal communities demonstrate non-
random changes in diversity, structure, and contiposielated to variation in abiotic factors,
and these community patterns are associated particwith changing levels of DO

experienced in Hood Canal.

Methods
Sample collection.

Hood Canal, WA is a narrow, glacial-fjord west @fa®le (Figure 1A). High resolution
depth profiles for dissolved oxygen and chloroplaylbr two mid-canal stations, Hama Hama
and Sister’s Point, were collected via Oceanic Rertihemical Analyzer (ORCA) buoys that
are maintained by the Northwest Association of Meked Ocean Observing Systems
(http://www.nanoos.org) (Devol et al. 2007). Watamples were collected during April, June,
and October of 2007 using a Niskin rosette whikeudianeously measuring physical and
chemical water properties with a CTD (conductivismperature, and depth) sensor. April and

October samples were collected from two statiorss ttee middle of Hood Canal: Hama Hama
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and Sister’s Point. During the June sample caiactwo additional stations (Bangor and
Lynch Cove) were added in order to survey a fuitmto south transect of the Canal. At each
sampling station and time, samples were collected &t 5 meters depth (herein referred to as
surface samples) as well as within 10 meters obtteom substrate (herein referred to as deep
samples). These so-called deep samples variegpith /lom 145 m at Hama Hama to 12 m at
Lynch Cove as the depth of the water column deeseasar the southern reaches of the canal.
The timing of the collection points were intendedbincide with the late spring algal bloom
(April), subsequent die-off (June), and a smalléumn algal bloom (October) which directly
impact dissolved oxygen concentration and nutréeailability.

Water samples were divided up to measure varicuteckand abiotic parameters.
Dissolved oxygen was measured using the Winklextitin method. To measure inorganic
nutrients, 50 ml of each water sample were pasgedgh a 0.45-micron filter and immediately
frozen until being analyzed at the University of 8Nimgton’s Oceanography Marine Chemistry
Lab for nitrate, nitrite, ammonium, phosphatecsile, and salinity. To measure bacterial
abundance, 5ml of formalin-preserved water fromhesmmple were diluted with sterile water
and 0.5-1.0 ml aliquots were filtered onto 0.22ustyparbonate filters and stained with 4’,6-
diamidino-2-phenylindole (DAPI) and viewed undaXiaon Eclipse 80i with UV light from an
X-cite Series EXFO to count the number of cellssprd in fitteen randomly selected fields using
NIS-Elements BR 3.0 software then averaged to ¢fyahe total bacterial abundance.
Statistical analyses of environmental factors weséed using principal components analyses
conducted irR using thevegan package.

DNA extraction and processing.
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Following water sample collection, 300 ml of eacdtev sample were filtered onto 0.22
um Supor filters and preserved with 3 ml of NaGBTEDTA solution then immediately frozen
at -80°C until being processed for bacterial charazation. Whole DNA was extracted in
duplicate from filters collected from each sampdéng Qiagen DNeasy Tissue Kit following the
manufacturer’s instructions for extraction fromrmraositive bacteria (Qiagen Valencia, CA).
The DNA extracts were prepped and sent to MBL’skEacility for PCR amplification and
sequencing on GS-FLX Titanium 454 platform. Ther&gion of the 16S rRNA was amplified
via polymerase chain reaction (PCR) using bactspatific primers (see Sogin et al. 2006 for
previously described methods), excluding amplifarabf archaea. Sequencing was performed
in conjunction with the International Census of MarMicrobes (ICoMM) project
(http:/ficomm.mbl.edu), which uses the same metlogoto sequence marine samples from
across the globe.

Data analysis.

As part of the ICOMM project, the sequence dateevedeaned and initially analyzed
using a pipeline that effectively cleans, clustars] assigns taxonomy to the sequences (see
Sogin et al. 2006, Huse et al. 2007, 2010). Thindhgs pipeline, sequences are pre-clustered
using a single-linkage algorithm to smooth sequaneirrors and reduce noise in the data.
Sequences are then clustered using average-limkemgeperational taxonomic units (OTUS)
based on 97% sequence identity. Prior to commuamgtyses, sequences that were highly
similar to chloroplast sequences were removed tledataset.

Due to the 454 methodology, the number of sequeniotzsned from each sample varies,
which can affect the observed and estimated richnalsies because the chance of detecting

more or less abundant taxa can increase when raquesces are captured. To minimize the
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impact of sequencing effort on richness estimatksamples were randomly subsampled down
to the number of sequences of the sample withetvest number of sequences, the richness
measures were calculated, then the process waateepend averaged over 1000 iterations.
Observed taxa richness, or the number of OTUs iikshiat the pre-defined sequence identity,
as well as two richness estimators ACE and Chae waculated using the subsampling method
and averaged over 1000 iterations. Two measurdseffsity, Shannon and Simpson, were also
calculated on the full dataset using the subsampliathod and averaged over 1000 iterations.
To examine how the taxa richness of bacterial comties in Hood Canal compared to that in
other aquatic environments, we obtained sequerteefiden other pyrosequenced marine
samples from the ICOMM project. Observed bacter@iness in those samples was calculated
using the same methods as Hood Canal samples.

Because bias is introduced during the PCR stegrafspguencing, using the relative
abundances of OTUs in measures of beta diverspyeiferred over traditional presence-absence
measures (Pinto & Raskin 2012). Therefore, we assdsow bacterial community composition,
as measured by relative abundance of taxa, vayieswironmental factors. Numerous measures
of dissimilarity exist and their performances irdarsampled conditions or uneven sample sizes
have yet to be understood for bacterial communitisor to examining changes in Hood Canal
bacterial community composition, we first assesbedperformance of six similarity indices
commonly used in microbial studies under commonpdizug) biases: undersampling, uneven
sampling, and differing taxa evenness (see AppeaAdor details). Similarly to the alpha
diversity calculations, the bacterial community maivas randomly subsampled to the number
of sequences of the smallest sample then the Soreimindance-based similarity was calculated

between samples to account for sequencing effast (tiorner-Devine et al. 2004, Martiny et al.
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2011). The subsampling and similarity calculaticas repeated 1000 times and the averaged
values were used for subsequent analysis. ThenSemeabundance-based estimator
outperformed the other similarity indices we assdsand thus we used this similarity index in
subsequent analyses.

Analysis of similarity (ANOSIM) tests were usedté&st the effects of depth, site, or
season on bacterial community composition of eadhpée and significance was tested using
999 random permutations of the community compasitiataset. A non-parametric iterative
approach was employed to select the set of ahiatiables were most correlated with changes
in bacterial community composition (Clarke & Ainsitin 1993). Calculations of alpha and beta
diversity, ANOVA, NMDS ordinations, and ANOSIM weoenducted irR usingvegan

package.

Results
Environmental context.

In the spring of 2007 samples were collected frommid Hama and Sister’s Point (Figure
1A) directly followed the major spring phytoplanktbloom as indicated by the heightened level
of chlorophyll in the surface water layer at thesge stations (Figure 1B). In June 2007 all four
stations were sampled when much of the phytoplankloom had died off, and DO levels were
beginning to drop in the mid-reaches of the caff@e middle two stations were sampled again
in October following a small autumnal phytoplanktdoom, indicated by the slightly
heightened chlorophyll concentration in the surfaegers at Sister’s Point (Figure 1B).

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

to decrease more rapidly than the northern reachtt® Canal where occasional fresh,
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oxygenated water enters from Puget Sound overleeshsill (Gregg & Pratt 2010). Major
flushing and recirculating events in Hood canaldgfty occur in autumn but can be variable in
terms of timing as a result of upwelling eventstb# coast of Washington (Warner et al. 2000).
Using the variables measured at the time of saeygllection, a principal components
analysis (PCA) was conducted to visualize abi@atdrs driving the differences between
samples (Figure 2). Axis one explained 57% of ttaltmeasured variation in abiotic variables
and appeared to separate surface water samplesl&epwater samples (Figure 2). Nitrate, DO,
salinity, and phosphate were most correlated with @ane and thus were likely driving the
separation between the two depths. An addition# ©9the total variation in abiotic parameters
was explained by axis two, which was most correlatgh ammonium concentration. In
addition to separating samples by water depth tialfectors were associated with significant
separation of samples by season. Surface sangpasased by season generally along axis one,
while deep water samples separated by season akengvo. During the April sample
collection, a significant phytoplankton bloom wagmning in the Southern end of the canal.
This event was marked by high DO concentrations3@-23.18 mg/L) and extremely low
nutrient concentrations in the surface waters{NKO,, NH,*, PQ*, SiQ;), whereas deep
waters were characterized by very low DO conceotnat(3.59-3.94 mg/L) and high nutrient
concentrations. June samples were collected artef the phytoplankton bloom, and thus the
surface waters were characterized by mid-range ®&5{10.25 mg/L) and nutrient
concentrations. At the same time, the deep watersained low dissolved oxygen (2.95-7.12
mg/L) and high nutrient concentrations. October@asmwere collected after a lesser fall

phytoplankton bloom. Dissolved oxygen, nutriemi@entrations, and dissolved silicate are in
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the mid to high range in both water depths, whigpear to be less stratified than earlier in the
year (Sl Figure 1, Sl Table 1).
Bacterial alpha diversity.

Across all samples, over 57% of the sequenceseckgsinto only 42 unique OTUs
(defined by 97% sequence similarity), while lesantR% of the sequences clustered into over
2300 unique OTUs. The abundant OTUs were typicaidiespread across all the samples,
whereas each of the less abundant OTUs was defeaeé or two samples. Uneven
distribution of individuals into taxa is not unusuabacterial communities (Sogin et al. 2006).
When sequences were grouped by class, the refaty®rtion of the sample comprised by a
given class varied significantly by sampling deffhtest; G=37.585, p=0.0006), but not by
season or horizontal space (Figure 3). The ra@airoportions of dominant groups appear to
change across a gradient of DO, and relative ptmpar of the dominant groups are more even
in lower DO environments.

Of these fifteen bacterial classes, the majoritgexfuences recovered from surface
waters belonged to three clasdesivobacteria (40.53%+11.32%)Alphaproteobacteria
(28.02%=8.27%), anGammaproteobacteria (19.04%+5.56%). Similarly, in deep waters the
highest proportion of sequences fell into Aphaproteobacteria (31.77%+5.96%),
Gammaproteobacteria (20.67%+3.58%)andFlavobacteria classes (16.22%+9.58%). The
proportions ofAlphaproteobacteria andGammaproteobacteria were not significantly different
between surface and deep waters; however, the pimpof Flavobacteria sequences was
considerably higher in the surface water compavetkeep (ff14~21.463; p=0.0004). Though the

same three classes of bacterial sequences dommriabéh water layers, in surface waters these
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classes comprised 88.5% of sequences, whereasprwagers they comprised only 68.7% of
sequences.

Observed bacterial taxa richness, or the numbé&Tals recovered, in Hood Canal was
significantly higher in the deep water mass thathensurface water by an average factor of two
(F1,14/22.55; p=0.0003). Neither station (horizontal g)awr season had a significant effect on
bacterial richness (results not shown). Of the teddpiotic variables measured in this study, DO
concentration alone was most correlated with viamnath observed bacterial richness across
samples (adjusted?R0.7379, p<0.0001). Bacterial richness peaked atB@entration of
approximately 4 mg/L (Figure 4). When comparing Hd&tanal bacterial richness estimates to
environments around the globe, we found that sasrfpben Cariaco Basin (an anoxic basin off
the northern central coast of Venezuela), the Glukgaba, and Blanes Bay had estimates of
bacterial richness very similar to those of Hoosh&aCompared to the open ocean waters of the
Pacific Ocean, Hood Canal samples demonstrateddawably higher bacterial richness.
However, compared to samples from the northeastast of the Atlantic Ocean, Hood Canal
richness appeared to be lower, though not sigmfiggFigure 5).

The relative abundance of each taxon in a commundyides an additional window into
the diversity of a community; therefore, we exarditexa evenness in Hood Canal samples by
calculating Pielou’s J. Evenness of taxa was highdeep waters than in the surface water
(F1,149.517, p=0.008071), while neither season nor saggite had an effect on the evenness
of the bacterial community (results not shown). aDpossible combinations of abiotic factors,
increasing phosphate concentration alone was nsesteted with increasing evenness of
bacterial communities (F+~17.52, p=0.0009151).

Bacterial beta diversity
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There was no significant effect of sampling statiorthe composition of bacterial
communities in Hood Canal (Figure 6, NMDS, stres8ZR5, ANOSIM R=-0.1456, p=0.9148).
In contrast, there were clear differences in comigwomposition between surface and deep-
water communities (Figure 6, ANOSIMy&:+=0.649, Repr=0.007) and among seasons
(Rseasor0.519, Reasor0.003). A post-hoc test showed that the surfaaemcommunities were
most influenced by a seasonal effect (R=0.8625,38%1), while deep-water communities did
not change significantly across seasons (R=0.03¥%.3874). Of all possible combinations of
the eight abiotic variables, DO concentration alaas most correlated with dissimilarities in the
composition of bacterial communities among sam(#gearman’s rho =0.7320).

Patterns of individual classes.

Patterns of taxonomic richness within the threetrabandant classes were very similar
to those of the full bacterial domain, which is ummgising given that these three classes
comprised the majority of OTUs in the full dataseixonomic richness within each of the three
most abundant classes was significantly higheegpdvaters than in surface waters and
sampling station or season of sampling had no effiecichness for any group (Table 2). As was
true for the full bacterial datasé&lavoproteobacteria and Gammaproteobacteria richness was
negatively associated with DO; howevaiphaproteobacteria taxa richness increased
significantly as salinity increased but had no Bigant association with the DO gradient.
Abiotic associations with taxa evenness, measwsddelous’ J, also varied across the three
dominant classes and showed strong correlatiorsakibtic factors that were different for each
class (Table 1).

Changes in the community composition of the topéeHracterial classes were also

associated with factors similar to the full backdomain. Composition within each of the three
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dominant classes differed significantly betweeriagg waters and deep waters and by season
(Table 2). Interestingly, although taxa richnessthgroups did not all respond similarly to DO,
changes in community composition were stronglyedated with the DO gradient for all three
classes (Table 2). These findings further emphdbiestrong role of DO in shaping several
aspects of the bacterial communities in Hood Cdhaljgh the specific impact may differ across
various taxonomic groups.

In order to evaluate potential functional changethe community composition, we
examined changes in the relative abundances ofadey@ups of bacteria in our dataset known
to be important in specific biogeochemical proces$&o groups of ammonia oxidizing bacteria
(AOB), Nitrosomonas andNitrosococcus, were detected in Hood Canal. The relative aburglanc
of AOB was higher in deep water than surface wder,~18.98, p=0.0006573) and also
demonstrated a significant negative relationshijh wissolved oxygen concentration
(F114/21.42, p=0.0003912). Given that we used bactepatific 16S primers, we did not detect
ammonia-oxidizing archaea. The relative abundahtemgroups of nitrite-oxidizing bacteria
(NOB) in Hood CanalNitrospira andNitrospina, was also significantly higher in the deep water
than in the surface watery(=24.9, p=0.0002). Additionally, the relative abande of this
group was not only strongly associated with a deswen DO but was also correlated with
decreased NH concentration and temperature (£69.04, p=7.721x18). There were no
significant patterns of increas@yanobacteria abundance by water depth, sampling season, or
sample site; however, the relative abundance sfghotosynthetic phylum increased with
higher temperatures {£=112.3, p=4.45x1). The relative abundance of methylotrophic
bacteria in Hood Canal, includimdethyl obacteriaceae, Methylococcaceae, Methylocystaceae,

andMethylophilaceae, also demonstrated no significant patterns act@dsr depths, season, or
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sampling site but their abundances did increade @atreasing DO and higher temperature

(F21512.17, p=0.001049).

Discussion

Hood Canal, WA is an ecologically, economicallygdaacreationally important
ecosystem in Western Washington that seasonallgreeqees hypoxia and anoxia, which has
led to fish kills and substantial changes in ecwigigcommunities (Newton et al. 2007). While
phytoplankton are considered to be biological dsvfer seasonal, episodic hypoxia events as
the detrital material sinks to deep waters thussi@ging the biological oxygen demand (Newton
et al. 2011), bacterial communities are, in fasedaly responsible for the consumption of
oxygen and cycling of essential nutrients in Ho@hél, yet are understudied relative to
physical, chemical, and planktonic processes (segd=& Pratt 2010; Newton et al. 2011;
Warner et al. 2000; Steinberg et al. 2010; Kei&tdwuttle 2013). To our knowledge, this is the
first study describing patterns of bacterial rickiand community composition in Hood Canal,
WA.

We captured a range of abiotic conditions ovenaisenonth time period in the sixteen
Hood Canal samples collected for this study. Tamge of abiotic conditions was similar to
observations in prior years, although DO did nacreextreme low levels in 2007 as observed in
2004 or 2006 (Newton et al. 2011). Abiotic factorsasured in the surface and deep samples
differed significantly, indicative of the strongatification and stability of water masses
resulting from the hydrography and hydrology of dddanal (Gregg & Pratt 2010). The

environmental separation between surface and daggr wmasses was most pronounced during
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April and June; by October the surface and deepgamples were more similar to one another
in terms of the abiotic conditions. In autumn, bise upwelling of more saline water can
displace deep waters in Hood Canal, resulting iakee stratification and increased oxygen
levels (Warner et al. 2000).

Bacterial taxonomic richness, evenness, as walbasnunity composition varied
significantly between surface waters and deep watsses. Given the dramatic stratification
and abiotic differences between the two water nsasge expected that the bacterial
communities within each water mass would differ.@global scale, different physical,
chemical, and biological processes in surface watersus deep waters structure bacterial
communities, which gives rise to very distinct legial community composition in each water
mass (Ghiglione et al. 2012). Indeed, distinctietween surface water and deep water bacterial
community composition was strongest during samppioigts of heightened stratification (April
and June), mirroring patterns of abiotic conditioihs October, the bacterial community
composition differed between surface and deep wassses, but the degree of separation was
much lower. Potential episodic mixing between watesses and deep water renewal prior to
October could result in mixing of the bacterial commities, thus decreasing the distinction
between surface and deep water masses.

Bacterial communities are distinct between sepavater masses in marine
environments with bacterial richness and evenmesgasing from surface to deeper water layers
(Agogué et al. 2011; Friedline et al. 2012; Pomreteail. 2010). Though the water column of
Hood Canal is shallow relative to open-ocean s8jdiee uncovered a similar pattern of higher
bacterial species richness and evenness in deegsihan in surface waters. Surface waters,

compared to deep waters, experience increasedildyian abiotic factors on daily to seasonal
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timescales (Figures 1B and 2), which may limittlenber of bacterial taxa that can persist
while allowing those well-adapted to fluctuatingz#anments to flourish, thus reducing the
overall bacterial richness and evenness. As sugg@seviously, ecosystems that experience
intermediate levels of abiotic variability may alldor higher diversity than those with high
variability or disturbance (Pommier et al. 2010tr&és et al. 1989; Connell 1978; Hutchinson
1961), which is evident in the deep water samplékis study. Additionally, the sinking of
organic matter substrates from surface detritusdieep waters may provide a variety of carbon
sources to heterotrophic bacteria (Cho & Azam 1988)ng rise to increased environmental
heterogeneity in these zones (Long & Azam 2001hitdaheterogeneity, or the number of
niches in a habitat, has long been suggested tasrg sleterminant of bacterial community
composition and diversity (Martiny et al. 2006; feie& Jackson 2006; Horner-Devine et al.
2004; Shade et al. 2008; Tilman 1999), and thestieiship is further supported by the
community patterns demonstrated in this study.tHemmore, sediment underlying the water
column typically houses higher bacterial richnass eould be a potential source of bacterial
richness for overlying deep water layers (Fend.€2G09). Finally, it is possible that
methodology restricted detection of low abundagped of bacterial taxa. A combination of
low evenness and the steep slope of rarefactioresun surface water samples indicate that few
well-adapted taxa exhibit prolific growth and maibit our detection of rare taxa (Amend et al.
2010). Whether or not these low-abundance bactarial are active or important players in the
bacterial community is unclear (Bowen et al. 2QIdhes & Lennon 2010; Huse et al. 2010).
Within each water mass (surface and deep), thergpbig location of sampling or
station did not affect the bacterial communitieserved in Hood Canal. Water movement and

circulation within each water mass of Hood Canalasplex as a result of wind, tides, and
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seiches (Newton et al. 2011), which could proHidmal factors at the scale sampled from
structuring bacterial communities within each layidrough we did not detect changes in the
bacterial communities across stations, we did deteexak seasonal effect on the structure and
composition of the surface bacterial communitieslafitudes similar to Hood Canal
phytoplankton demonstrate strong seasonal cyclasKirey et al. 1998). Bacterial communities
are also known to show predictable seasonal patespecially in surface waters where sunlight
and external factors, such as the weather, mayedsheagacterial communities (Gilbert et al.
2012; Fuhrman et al. 2006). Though we expect bat@ymmunities in Hood Canal to exhibit
similar dynamics, increased sampling frequencyersessary to investigate seasonal cycles.
Across all samples in this study, DO consistentlyl@ned the most variation in bacterial
richness and composition. As DO concentration pedp the number of bacterial taxa in a
sample increased until a peak in richness was eglcbar 4 mg/L of DO, below which bacterial
richness decreased. Similarly, observations of@biat communities in a seasonally anoxic
flord documented an increase in bacterial richiassBO levels reach hypoxic levels and then a
sharp dropoff of richness and diversity as DO Iseweintinued to drop in deeper water samples
(Zaikova et al. 2010). Interestingly, this levélDO (2-4 mg/L) is a threshold for sublethal and
lethal affects on macrofauna (Vaquer-Sunyer & Da2f08), and below this threshold benthic
macrofauna experience decreased abundance, bicandsgdiversity (Seitz et al. 2009; Conley et
al. 2007; Montagna & Ritter 2006). The stress getlupon oxygen-dependent organisms may
help explain the peak in number of bacterial tex#xisting as benthic energy is transferred
from macrofauna to microbes (Diaz & Rosenberg 20083 possible that an intermediate DO
concentration where aerobic and facultative anaetdbstyles can coexist and this DO

concentration may be near 4 mg/L. For exampleyaliois concentration anaerobic taxa are

37



less competitive, and conversely aerobic taxaem® ¢competitive below the optimum
concentration. Therefore, the highest number déght types of bacteria persists at the
intersection of the two fitness curves.

Though examining the overall patterns of richness@mposition of all bacteria in
Hood Canal provides valuable insight into the kgatal dynamics of the system, we do not
expect all groups of bacteria to exhibit similagpenses to environmental change and whole-
domain patterns can mask changes on a finer taxiersmale. Furthermore, undersampling of
community diversity is common in bacterial studi@gen the incredible abundance and richness
of bacteria in the environment. Thus, though detaatf every bacterial taxon present in a
sample is not yet feasible (SI Figure 2), we expleetmost abundant classes of bacteria to be
sampled deeper thus examining class-level patiemisinterest. The rise iRlavobacteria taxa
richness associated with a decreased in DO sugagseater metabolic diversity of
Flavobacteria is present in the low oxygen samples, where haggsrof decomposition are likely
consuming oxygenFlavobacteria are crucial in the uptake and degradation of nigihecular
weight dissolved organic carbon, such as chitin@elldilose, especially following periods of
intense enrichment from a phytoplankton bloom (kHamet al. 2001). The
Gammaproteobacteria class is also metabolically diverse; therefores tinsurprising that we
found increase@ammaproteobacteria richness in samples of lower dissolved oxygen.
Consistent with our results, Wright et al. (201Bserved an increased number of
Gammaproteobacteria taxa in suboxic zones relative to oxic zones acnogisiple regions.
Contrary to patterns of other dominant groupstéixa richness oflphaproteobacteria was
strongly associated with salinity rather than vi@. Alphaproteobacteria are predominantly

found in marine environments; therefore, it is swtprising that we detected more taxa in high
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salinity water samples that are more similar toineaenvironments than to the freshwater inputs
of Hood Canal.

The rapid expansion of oxygen minimum zones andtabaypoxia has huge
implications for the global nitrogen and carbonleggctherefore, understanding the changes in
bacterial diversity and composition of particulanétional groups involved in these cycles is
essential. While the approach used in this studhsdhot allow a detailed examination of
specific bacterial activity, it does offer a windawto the dynamics of important functional
groups. We detected significant relationshipsveen DO concentration and the abundances of
major players in the nitrogen and carbon cyclestsSim the relative proportion and
compositions of particular functional groups suddleat the potential exists for decreasing DO
concentration to alter the fate of nitrogen andoar Further exploration into the taxonomic and
functional responses of individual bacterial groupbklood Canal is crucial for us to better
understand how depleted DO affects multiple biogeadcal cycles on both regional and global

scales.

Conclusion

Here we report shifts in bacterial richness androoinity composition across a gradient
of abiotic factors in Hood Canal, WA, a seasonakygen-deficient estuary. The estuary
remains highly stratified year-round and suppoissirtct bacterial communities in surface and
deep water masses. Changes in DO concentrationhigly correlated with changes in the
bacterial communities at multiple taxonomic scalége uncovered a hump-shaped relationship
between bacterial richness and DO concentratioighwteaked at the same concentration at

which biological stress occurs in macro-organisiie hydrography of Hood Canal establishes
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a wide gradient of abiotic factors, including DQ@tlehanges rapidly on an annual scale, which
establishes a unique natural laboratory in whidséhquestions can be explored. We are only
beginning to understand how the microbial commasitire responding to rapidly decreasing
DO, but further questions into the impacts on irdiral functional groups of bacteria will be

crucial in elucidating the global consequencesapidly expanding coastal hypoxia.
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Tables

Table 1. Abiotic factors affect the diversity and compogitiof bacterial communities in Ho«
Canal, WA. A (**) indicates a significant effeqt<0.01; (+) indicates a positive significe
association; {-indicates a negative significant associationaRa@hships were consider:
significant at alpha=0.05 level.

Depth_Season Site DO Temp NH,® NOS NO- PO Si0,  Sal

Richness
Whole domain &

Alpha-protea aE +
Flava w -

Cramma-proteo ** -

Evenness
Whole domain wE +
Alpha-protea w - -
Flava E + +
Cramma-proten ¥ + +

Compasition

Whole domain -~ ** Tk *k
Alpha-protea R i ok i
Flava Tk L o
Camma-protea ¥ i i

Table 2. Abiotic factors affect the relative abundancesariaus bacterial functional groups.
(+) sign indicates a significant positive relatibipsand a-) sign indicates a significant negati
relationship. Relationships were considered sicgnit at alpa=0.05 level.

Total #of Average

Functional group  reads proportion DO Temp NH4 NO3 NO2 P04 5i04  Sal
Mitrite-oxidizing 2484 00136 = =

Ammonia-oxidizing 300 0.0012 +

Cyvanobacteria 701 0.0044 +

mMethylotrophs 2241 00136 = +
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Figure 1. (A) Map of sampling stations within Hood Canal, W{B) Contour plots showing range of dissolved oxygad
chlorophyll at Hama Hama and Sister's Point statinorHood Canal, WA. Data for high resolution deptbfiles collected by ORCA

buoys maintained by NANOOS (http://www.nanoos.olpte differences in scale on both the x and y aXe#gical dashed lines
indicate sampling time points.
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Figure 2. Principal components analysis of environmentatattaristics of the sixteen
samples ordinated based on Euclidean distanceladurom environmental factors.
Points are coded by water depth as either dedgd(Blymbols) or surface (open symbols)
and by season as April (square), June (circleQaiober (triangle). Nitrate, phosphate,
salinity, and dissolved oxygen best explain theasspon of samples along axis 1, and
ammonium alone explains variation along axis 2 td@sethe variable loadings on each
principal component.
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Figure 3. Relativeproportions of the most abundant classes changssardissolved
oxygen gradient and are significantly different wiggouped by sampling depth. The
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sample’s total community were condensed into thkeéd category.
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Sl Figure 1. Depth profiles of physical and chemical data rdedrduring (A) April, (B)
June, and (C) October sampling at Bangor, Hama Haistar’'s Point, and Lynch Cove.
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S| Figure 2. Rarefaction curves of A) All 16S sequences, B) Alptoteobacterial
sequences only, C) Gammaproteobacterial sequentbesaad D) Flavobacterial
sequences only. Each solid line represents theeseguaccumulation curve for each
sample in the dataset. The dotted line represehts kne, which is the maximum taxa
accumulation per sequence. The dashed, vertielrieach plot represents the number
of sequences to which each set was subsampledtiNdtplot A is on a different scale
from plots B-D.

57



Sl Table 1. Abiotic data collected to accompany each bactegebsequencing sample and used in PCA and regreasalyses.

Depth Nitrate [uM] Nitrite [uM] Ammonium [uM] Phosphate [uM] Silicate [uM] Salinity [PSU] Temperature [°C] Oxygen [mg L]
Location (m) Apr___ June _Oct Apr____June _Oct Apr __June Oct _Apr _June Oct __ Apr _ June Oct Apr___June _Oct Apr ___June Oct __Apr __June _Oct
0 8.18 0.30 0.96 1.18 27.54 28.56 12.91 9.25
Bangor 124 18.79 0.38 2.31 191 41.85 30.53 9.86 7.12
0 073 232 2677 0.00 0.08 021 046 010 077 0.01 101 3.03 36.52 27.41 79.97 2429 27.72 2893 10.71 1296 10.74 13.18 10.25 5.02
Hama-Hama 140 30.76 31.97 2836 0.05 0.00 0.14 006 0.00 0.00 346 3.55 271 77.90 80.30 5860 30.62 30.32 30.66 10.39 9.95 10.62 3.59 3.23 5.18
0 003 200 1424 0.04 005 037 030 0.16 067 0.73 100 262 56.23 46.75 91.08 23.59 26.18 26.49 10.09 14.63 11.03 1232 866 7.77
Sisters Point 45 30.59 31.08 28.69 032 038 0.17 0.28 0.62 001 3.12 3.34 310 73.79 75.04 6539 29.84 29.71 30.49 9.78 9.51 1097 3.94 3.28 3.65
0 0.08 0.00 0.04 0.77 41.47 24.80 16.62 8.90
Lynch Cove 11.7 23.94 0.50 4.01 3.21 73.64 29.53 9.80 2.95

Sl Table 2. Observed, Chao, and ACE estimates of taxa richeteggrious samples collected in ICOMM project.

Location O_bserved Chao ACE
richness

Hood Canal, WA 361 742 732
Pacific Ocean 188 328 334
Western Arctic Ocean 223 381 368
Atlantic Ocean 362 639 641
Baltic Sea 224 363 362
Cariaco Basin 350 681 723
NE Atlantic Ocean Coast 444 1055 1059
Gulf of Agaba 332 568 572
Western English Channel 307 574 570
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Appendix A: Assessing the perfor mance of multiple community similarity measures for
bacterial communitiesin the face of sampling biases
Introduction

Understanding changes in the incidences and abuadan species over space and time
is crucial for ecologists (Whittaker 1962, 1972hese patterns in community composition, or
beta diversity, can inform ecologists about thdesawhich communities vary over a range of
spatial and temporal gradients. Understanding tmwmunities are structured and organized
offers valuable insight in the forces that undealnel maintain diversity — a central goal of
ecology. Changes in beta diversity over spaceiammay also impact important ecosystem
functions and health, as different species areoresiple for different ecosystem processes
(Downing & Leibold 2002; Hooper et al. 2005). Fathsuch an understanding is crucial for
predicting how communities respond to anthropogenfacts as well as to natural perturbations
and variability. Understanding patterns of betaedsity for microbial communities is no
exception, though our understanding of communityilarity indices used to measure and
compare bacterial community composition lags bekiadl of macroorganisms and may be
impacted by multiple biases — some unique to mieta@mmmunities.

Multiple similarity (or dissimilarity) indices havieeen proposed and used by ecologists
to compare the species composition of two bioldgiommunities (see reviews of indices in
Magurran 2003); however, no consensus currentlstexis to which measure of beta-diversity is
preferred (Whittaker et al. 2001; Koleff et al. 30C@ardoso et al. 2009; Beck et al. 2013). These
indices of beta-diversity can be divided into twoups. First, qualitative indices consider only
the presence or absence of taxa without regaiftetoelative abundances of those taxa. For

example, the widely-used classic Jaccard (Jac&08)land classic Sgrensen (Sgrensen 1948)
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similarity indices depend on the total number abtaresent in each community and the number
of taxa shared between the two communities (Kaeél. 2003). Using only incidence data, two
pairs of communities may produce the same simylandices even though the abundances of
shared species could differ considerably betweenwo pairs. To detect these differences,
abundance based similarity indices, referred tguastitative indices, comprise the second
group of indices (Chao et al. 2005). The classicdia and Sgrensen indices were revised to
include relative abundances of shared speciesr loettepare two communities (Chao et al.
2005). Additional indices, including but limited Bray-Curtis and Morista-Horn, have also
been developed to quantify community similarityngsabundance-based data (Magurran 2004).

The extent of sampling effort can often limit acterquantification and comparison of
community composition in diverse communities (Caalet al. 2009), and it is common to not
detect all individuals residing in the communityow sampling effort commonly leads to
underestimation of beta diversity due to lack dedgon of shared species in both communities
(Colwell & Coddington 1994; Chao et al. 2005). maitempt to overcome this detection issue,
probabilistic approaches have been applied to amoedbased similarity indices to estimate the
effect of unseen individuals in a sample of comryucomposition (Chao et al. 2005, 2006).
The problem of undetection of some taxa is an i$acted by ecologists studying any diverse
community, and it has been shown that for divemsegt and plant communities incorporation of
the effect of unseen shared species can not oclgase accuracy, but can also change the
interpretation of results (Chao et al. 2005).

The probability of not detecting all species is epronounced for rich microbial
communities than even in diverse insect and plamtrounities (Hughes et al. 2001).

Characteristics of microbial communities includimgh abundances and hyper-diversity likely
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affect the measurements of beta diversity in badteommunities as well (Lemos et al. 2012).
Many studies of bacterial community composition siseilarity indices and approaches
originally designed for use in ecological studiésnacroorganisms that may not perform well in
the circumstances of undersampling and uneven sasiggs known to be the case for many
microbial communities.

Similarity indices exist that include a correctiaue to estimate for the unseen taxa
from the sample (Chao et al. 2006). The perforraari¢hese estimators have been assessed in
diverse and under-sampled insect and tree sapétagets (Chao et al 2005, Cardoso et al 2009,
Beck et al 2013), but never before for hyper-digdyacterial communities. In the current study,
| investigated the performance of commonly useditgi@e and quantitative community
similarity indices in the face of three biases cannn bacterial assessments: undersampling,
uneven sampling effort, the effect of highly skevdesiributions of taxa abundances. | used
pyrosequencing datasets previously collected fraadHCanal, WA water samples to evaluate

the performance of these similarity indices.

Methods
Smilarity indices.
Two classic qualitative community similarity indgevere tested. The classic Jaccard index

(1908) is given by:

a
a+b+c

ScF

(Equation 1)
Wherea is the total number of species present in bothpsastb equals the number of species in

sample one, andis equal to the number of species in sample two.
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The second qualitative index, the classic Sgremsix (1948), is similar to the Jaccard
but weights presences in both samples more heladly absences in one sample in order to

avoid underestimation of similarity when unseercgggemay be an issue. The index is given by:

2a
2a+b+c

Ss=

(Equation 2)
The performance of six commonly used quantitatm@mmunity similarity indices were

examined in this study. The Bray-Curtis (Bray &11957) similarity index is described by

the equation

_ 2jN
(Ng+Np)

Sac (Equation 3)

where N= the total individuals in site A, §& the total individuals in site B, and 2jN= the som
the lower of the two abundances for species foartmbth sites.

The Morista-Horn similarity index, unlike other inds, is not strongly affected by taxa
richness and sample size. However, it has beadnotbe sensitive to the abundances of the

most abundant species (Magurran 2004). The equfatiadhe Morista-Horn index is

_ 2X(a;+b;)
Sun = (dg+dp)*(Ng*Np)

(Equation 4)
where N remains as the total number of individuals at Aiend N, the total number of
individuals at site B. Additional termsand b are the number of individuals in tH%sipecies in

site A and B, respectively. The termgsathd ¢ are described by

The incidence-based Jaccard similarity index waised in 2005 by Chao and
colleagues to incorporate the relative abundantesa to give a quantitative, rather than

gualitative, measure of similarity. The raw Jadcalibundance-based similarity index is given by
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uv
Uu+v-uv

S= (Equation 5)
Where U and V give the total relative abundanceroportion, of individuals belonging to
species shared between two sites found in sitesdit@i/, respectively. However, in samples of

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

community. To estimate for the unseen speciesstimated Jaccard index is described by

14
-ov

)

SF

(Equation 6)

<

U+
Where thell andV terms are similar to U and V, but include adjusitador the estimated
proportion of shared species that are unseenample. See Chao et al 2005 for equations of
the estimator terms.

Finally, the Sgrensen abundance-based index \dsaae of the classic Sgrensen
similarity index based on incidence data. The 8s#r abundance-based similarity index down
weights unshared species thus may be preferreddarisampled communities. Using the same

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

Ss= 207 (Equation 7)

T U+
Similar to the Jaccard similarity, the Sgrenseminldas been revised to include estimates for
unseen species and is described by
20V

Ss——— (Equation 8)

U+v
WhereU andV have the same definition as in Equation 4.
Datasets.
Sequence datasets were obtained from a previodg istuvhich pyrosequencing techniques
were applied to water samples from Hood Canal, Wlected from Spring to Autumn 2007.

For details on sequencing and sequence procedsiagegrefer to Lange et dh,review.

63



Analyses.

| conducted performance tests on two separate,ldrgerse samples from the Hood
Canal dataset. Community A, collected from surfaegers collected in April 2007 at station
Hama Hama, contained the second most sequencearafattion curves (Figure 5) suggested
this community was most exhaustively sampled frbenéntire dataset, thus allowing us to
assume it to be the best representation of ardllcomplete community library. The library
contained 14,743 sequences, or individuals, andp4tational taxonomic units (OTUs) defined
at 97% sequence identity, of which 198 were singietand 36 were doubletons. Community B
was from the deep water mass collected at the saman April 2007 at station Hama Hama as
Community A. Community B contained 14,898 sequsrasel 1,020 OTUs thus suggesting that
this community has more even distribution of rela@bundances of taxa than Community A. A
rarefaction curve for Community B shows that theedsity of the sample is high with
community sampling near saturation and is thus8figindersampled at 14,898 individuals
(Figure 5).

To examine the effect of undersampling, pairs afadgized samples from the full
library were compared. | randomly sampled indialdy with replacement, from the full library
to produce pairs of samples containing the samebeuf individuals as the full library. This
was repeated to obtain pairs of samples with otfeteatotal number of individuals in the full
library, and then I calculated the eight similaritgdices between each pair. | repeated this
process for 1/4, 1/8, 1/16, 1/32, and 1/64 the remobindividuals of the full library. The
process was repeated 1000 times for each sampleasid the mean similarity index was

calculated over the 1000 replicates. Because | kahwath replacement, some taxa may not be
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present in each sample, and likewise the abundariagker taxa may be higher than the
original abundance in the full library.

First used in a study of bacterial taxa-area m@tetnips by Horner-Devine et al (2004),
bacterial community datasets are often rarefieehuglibrate sample sizes. This rarefaction
subsampling process is then repeated multiple tamdshe indices are averaged in order to
avoid stochastic events that arise from a singbsauonple and a more accurate representation of
the community can be achieved. Using this approafctipwed the methods used by Chao et al
(2005, 2006) to assess the performance of simjilaritices when samples of uneven sizes are
compared (i.e. differing numbers of sequencesdividuals). Individuals were randomly
sampled, with replacement, to 1/2, 1/4, 1/8, 11182, and 1/64 of the size of the full library.
Each of lower-sized samples was compared to thélbrdry and similarity indices were
calculated for each pair of sample sizes. Thisgesavas also repeated 1000 times and each
similarity index was averaged for each sample s&e

Finally, 1 assessed the influence of communityddtrte, particularly differing evenness
of taxa abundances, on the performance of eightasity indices. To examine this effect, the
first two tests of undersampling and uneven sarsigles were repeated with Community B,

which was comprised of taxa with more even abunelsititan Community A.

Results and discussion

Numerous similarity indices exist to compare thecsgs composition between two
communities. In microbial ecology, it is commonrsege many of these different similarity
indices being used in the literature. However,gadormance of these different similarity

indices varies when faced with undersampling arelyen sample sizes, both of which are
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typical of microbial sampling methods. The perfonoa of eight similarity indices were
assessed under two different sampling conditiongedisas for two communities of differing
taxa abundance distributions in order to make recendations for the use of available
similarity indices for microbial community ecology.
Test 1: Undersampling

The performance of two qualitative similarity indgcwas tested when faced with
undersampling of a community. If a similarity inde®re not affected by undersampling, then
the value would be 1 indicating that the reduceda and the full community are identical.
The lower the similarity index between the redusachple and the full community indicates a
larger influence of undersampling on the indexvds predicted that the similarity indices
between samples would decrease as the communitynaessampled because two highly
undersampled communities would appear to sharerfeaxa than they do in reality and these
two qualitative indices do not include correctidosunseen taxa. However, a response different
from that seen for ant communities (Chao et al 2065 observed for both the classic Jaccard
and classic Sgrensen indices (Figure 1). Theaiityilindices initially decreased as smaller
samples were collected but both reached a threstezida sample size of ¥/éhe total
community. As sample sizes continued to decreadeiadersampling intensified, the similarity
indices tend to increase. An explanation for thiejua response in bacterial communities is
likely due to the low evenness of the communitigescterial communities are often dominated
by few abundant taxa while most taxa appear ontgan twice (Sogin et al. 2006), so the
chance of detecting an individual belonging to haralant taxon is much more likely than
detecting one from a rare taxon. As the sampksgiecrease, individuals belonging to abundant

taxa will be detected thus artificially increasiihg similarity index between two grossly
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undersampled communities. This response may beienajbacterial communities with highly
skewed species abundance distributions, and isticeenmunities the similarity index decreases
linearly as the communities are increasingly unai®ggded (Chao et al 2006). Although both
incidence-based indices were affected by undersagghe classic Sgrensen index appeared to
perform slightly better than the classic Jaccad#inas the similarity values overall were closer
to one for the Sgrensen index.

Abundance-based estimators of community similaviéye designed to overcome the
challenge of undersampling (Chao et al. 2006).c6mmonly used abundance-based similarity
indices were tested, including two indices corrédte unseen individuals, to assess how the
indices performed when they encountered undersamfffigure 3). The Morista-Horn index
was closest to 1 for all undersampling levels. Haavethis index is not widely used among
microbial ecology studies because it is affectethmdy the abundances of the most abundant
taxa and is not strongly influenced by richness sardple size (Magurran 2004). Therefore, in
hyper-diverse microbial communities that are don@ddy a few taxa, the relatively rare taxa
have very little affect in the index (Chao et &08). Thus, although the Morista-Horn index
performed well in this test of undersampling, itynmet be able to distinguish between samples
from two different communities with similar abundasaxa but very different rare taxa. The
Sgrensen abundance-based estimator with corrdotiamseen taxa also performed well in the
undersampling test, a result consistent with alamstudy using insect data (Chao et al. 2005).
This Sgrensen index includes information for ldasnalant taxa as well as uses probability to
estimate for the taxa undetected in a sample (€éhab 2006). Unsurprisingly, the abundance-
based Jaccard index with estimation for unseenpgax@armed better than the raw Jaccard

abundance-based index, as the correction shouldiraghe index’s performance in
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undersampled communities. The Bray-Curtis indexictvis commonly used in microbial

community studies, performed very poorly at alldisvof undersampling.

Test 2: Effect of uneven sample sizes

Uneven sample sizes are common for collecting conitydata and particularly in
bacterial studies where DNA sequencing approacateeaplied. To understand how uneven
samples sizes affect similarity indices, pairsarhples with uneven numbers of sequences
subsampled from a single bacterial community weragared. The two incidence-based
similarity indices showed very similar curves amé both negatively affected by uneven
sampling bias (Figure 2). Regardless of the subiataffects of uneven sample sizes, the classic
Sgrensen similarity index outperformed the cladamxard. These results are consistent with
similar tests performed using insect data rathen thacterial data (Chao et al. 2005), though the
negative effect appears to be more substantidddoterial communities than for insect
communities.

The abundance-based Sgrensen index with corrdoti@stimated unseen taxa
outperformed the other abundance-based indiceggkhtihhe Morista-Horn index was nearly as
accurate (Figure 4). The Bray-Curtis index washlyigffected by uneven sample sizes and
nearly fell to zero when the full community was quared to the smallest, 1/84ample (Figure
4). The abundance-based Jaccard index performeat gth the correction for estimated
unseen taxa (Figure 4) than it did without the ection, similar to the performance of both
abundance-based Sgrensen indices.

Uneven sample sizes for bacterial community stuchiag not be avoidable in data
collection but can be addressed by community reatieia where samples are each subsampled to

an even size (Horner-Devine et al. 2004). Thedelsate as to how samples should be rarefied
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and the method of subsampling varies across miakshidies. For example, some studies
randomly subsample all samples to the size ofrialest dataset using a program called
DaisyChopper (Gilbert et al. 2009), and other gtsglierform community rarefaction in which
they repeat the random subsampling approach talaédcmean diversity indices (Horner-
Devine et al. 2004). A single subsample from a comity has the opportunity for stochastic
events to affect the similarity index. Whereas, whaultiple subsamples are used to find an
average similarity index the effect of these ststicaevents is reduced, thus leading to a more
accurate similarity value. Though either method mealyaccurately represent the true
community composition, multiple subsampling is preé¢d, and it is essential to have even
sample sizes to reduce the variation in similantices (Figure 4).
Test 3: Effect of evenness on similarity indices

Another important aspect of community structure tfzen differ between bacterial
samples and have an effect on similarity indices/enness in the distribution of taxa
abundances (Figure 5). It was hypothesized thayrafthe similarity indices would perform
differently for bacterial communities with differeavenness of species abundances because the
calculations for the indices may include or exclual® taxa as well as estimate shared unseen
taxa by the presence of rare taxa (Chao et al.)200&e results of this study suggest that the
structure of communities including the diversitylaavenness of taxa can strongly influence the
similarity indices both in the presence of undenglamyg and uneven sampling (Figures 1-4). The
similarity indices calculated for Community B, whibad more observed species and higher
evenness than both Community A and the ant commpritsented in Chao et al (2005, 2006),
were more strongly impacted by undersampling arevemin sample sizes than Community A and

the ant community. Community structure was so irtgrdrin measuring the performance of
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incidence-based similarity indices for undersangplihat the shape of the curve was
considerably different for each of the three comitiemthat were examined (Figure 1).
Conclusion

Here, the performance of two qualitative and si&rgitative indices of community
similarity under two common biases in bacterial owmity sampling: undersampling and
uneven sample sizes were investigated. A receethgloped abundance-based estimator of
Sgrensen similarity performed best when faced axtremely uneven sample sizes. The robust
nature of the abundance-based estimated Sgrerdgnimcomparing uneven sample sizes
suggests that it is best suited for comparing batteommunities that are not rarefied to an even
sample size. The very commonly used Bray-Curtislarity index performed poorly in both
tests of undersampling and uneven sampling, suggesiat is not suitable for use in bacterial
community ecology. Further, the examination of thifberent bacterial community structures
shows that not only do sampling biases (undersaigplind uneven sampling) affect beta
diversity measures, but the evenness and diverkttye community also influences the
performance of these measures. Collectively, thesdts suggest that incidence-based
measures are not preferred for comparing commasruofienicrobes that are often undersampled
or unevenly sampled. Although the use of abunddata is preferred, it is not clear whether
undersampling or uneven sample sizes affect tHeaedter of incidence-based similarity
indices. Further studies comparing the commuroty@osition of multiple simulated bacterial

communities are required to examine this question.
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Figure 1. Performance of the Jaccard classic and Sgrenassickimilarity indices in
undersampling simulations, based on incidence fdata three different biologic communities.
The structure of the biologic community affects plegformance of the incidence-based
similarity indices in any undersampling situatio@verall, the Sgrensen classic index
outperforms the Jaccard similarity index when comities are undersampled, regardless of the
community structure. Ant community plots adaptemhfrChao et al 2006.
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Figure 2. Performance of Jaccard classic and Sgrensen ctasslarity indices when sample
sizes are uneven. Community structure has a wigadt en the overall performance of the
indices. Both indices are largely influenced bgwen sample sizes, though the Sgrensen classic
index produces values closer to 1, which suggestsdf an influence of uneven sample size

over the Jaccard classic index. Ant community pdotgpted from Chao et al 2006.
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Figure 3. Performance of six abundance-based similarity eglin undersampling simulations
for three different biologic communities. Commuyrstructure influences the performance of all
the abundance-based indices in undersampling ¢onslit The abundance-based Sgrensen
estimator and the Morista-Horn indices both outpenfthe other similarity indices and are less
influenced by undersampling. Ant community plotajgtgd from Chao et al 2006.
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Figure 4. Performance of six abundance-based similarity gglio simulations with uneven
sample sizes for three different biologic commusitiCommunity structure also affects the
abundance-based similarity indices when sample sileuneven. Sgrensen abundance-based
estimator and Jaccard abundance-based estimaparfurt the other similarity indices when
sample sizes are uneven. Ant community plots adgpden Chao et al 2006.
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Figure 5. Species accumulation curves for the two bacteaairaunities used for the simulation
studies. The solid line represents Community Aictvihad higher evenness of species
abundances. The dashed line represents CommunitihiBh had low evenness of species
abundances. The dotted line is a reference fosdnipling effort to species accumulation.
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