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. Abstract

The aim of this thesis was to understand variation in microbial aerosol (or bioaerosol)
communities adiffering spatial and temporal scaldé3ioaerosols in urban parks were
shown to vary as a result of location, sampledna@ss sourcand, for fungi in particular,
time. Modelling was able to explain 38% of the fungal variation and 19% of the bacterial
varnation. Urban sampling over two years confirmed that bioaerosol communities varied
over time in a noHdinear fashion, exhibiting maekl seasonality, which was especially
pronounced for fungi. Notineardiel variation was detected for Antarctic fun@actkria in
common between Antarctica and New Zealand increased markedly when New Zealand air
was coming from Antarctica, suggesting metentinental transport for bacteria at notable
rates Fungi appeared to undergo much less leragnge atmospheric transporThis thesis
researchcontributes innovativevalidated data collection and processing pipelines for
sparse microbial community data our body of information. Novel patterns in bioaerosol
spatiotemporal variation have been revealed thedd to new quesbns about bioaerosol
community structure and ecosystem connectivity via bioaermgd understanding of the
drivers of bioaerosolariation improves, predictions can be made regarding future
ecosystem changes and spread of infectious microorganismswillHie crucial for
managing the impacts of these increasingly likely events in the face of climate change.
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(g01To o TTe| o TP PP PP OPPPPPPPPP 124
Figure 44 - Variance patrtitioning of the results from a dBRDA on the Aitchison compositional
distances among samples for (a) 16&da(b) ITS, showing the variance explained by time matrix,

wind and day. NMDS ordirtaon of the ¢) 16S and d) ITS Aitchison distances among samples. The
backtrajectory cluster is indicated by ellipses representing the t distribution of the points relating
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to each cluster. Hours are indicated by the gradient colour. Sampling day is itetiday shape.

Stress on 16S NMDS was 0.17 (dimensions one and two are presented above), the three
dimensional solution was selected as the twdimensional solution had stres greater than 0.2 so
could not be relied upon. Dimensions one and three, and twudathree are presented in
Supplementary Materials (Figure-ED). Stress on ITS NMDS was 0.15 (dimensions one and two are
presented above), the threalimensional solution wa selected as the twalimensional solution

had stress greater than 0.2. Dimensiona@and three, and two and three are presented in
Supplementary Materials (Figure-EL). Higher dimensional solutions had lower stress values for
DOth @MPIICONS......uiiiiii e e e e e e e e e 126
Figure 45 - Relative abundance by genus by time window for 16S. Samples with less than 100
reads were removed. Only genera with at least 2% of the reads were included in the bar.pl@8
Figure 46 - Relative abundance by genus by time window for ITS. Samples with less than 100
reads were removed. Only genera with at least 2% of the reads were includete bar plot...129
Figure 47 - Relative abundance by genus by sampling day for 16S. Samples with less than 100
reads were removedOnly genera with at least 2% of the reads were included in the bar pldi30
Figure 48 - Relative abundance by genus by sampling day for ITS. Samples with less than 100
reads were removed. Only genera with at least 2% of the reads weotuded in the bar plot..131
Figure 49 ¢ a) Relative abundance by genus by bachjectory cluster for 16S. Samples with less
than 100 reads were removed. Only genera with at least 2% of the reads were included in the bar
plot. b) Map of routes taken B oneweek backtrajectory clusters. % next to each cluster indicates
proportion of trajectories assigned to that ClUSEeL................ooo oo ccce e 133
Figure 410 - a) Relative abundance by bagkajectory cluster for TS. Samples with less than 100
reads were removed. Abundance by genus ach cluster, only genera with at least 2% of the
reads were included in the bar plot. b) Map of routes taken by eday backtrajectory clusters. %
next to each cluster indicates pportion of trajectories assigned to that cluster..................... 135
Figure 411 - Variance partitioning of the results from a distandsased redundancy analysis on the
Aitchison compositional distances amorsamples fo (a) 16S and (b) ITS showing the variance
explained by oneday, threeday, and oneweek back trajectories..........ccccccvvvvrivvirieerinneeennen. 138
Figure 412 - Variance partitioning of the results from a distandeasedredundancy analysis on the
Aitchison compositional distances among samples for (a) 16S showing variance explained by one
week wind and temperature and (bITS showing the variance explained by temperature, relative
humidity N WEALNET............eiiiiiii e e e 140
Figure 413 ¢ a) Relative abundance by bagkajectory cluster for 16S. Samples with less than 100
reads were removed. Only genera with at least 2% of the reads were included in the bar plot. b)
Map of routes Bken by backrajectory clusters. % next to each cluster indicates proportion of
trajectories assigned t0 that CIUSTEI..........o.o e 142
Figure 414 - a) Relative abundance by genus by bac#jectory clusterfor ITS. Samples with less
than 100 reads were removed. Only genera with at least 2% of the reads were included in the bar
plot. b) Map of routes taken by backajectory clusters. % next to each cluster indicates

proportion of trajectories assigned to that ClUSTEr.............oooo oo 144
Figure 51 ¢ ASV accumulation curves for each study. ASV accumulation curves were calculated on
unfiltered data with the function specaccum irktS w LI O1 F 3S G @S A013f,aising h 1 & y S
random sample order and 999 PerMULALIONS..........ee i 157
Figure Al - Labelled image of a Coriolis higlolume liquid cyclone air sampler. Red arrows

indicate a@r lowX X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X XIBX X X X X X X

Figure A2 - Comparison of the DNA concentration recovered from three of the collection mediums
tested (RNAlater, Ethanol, Ethylene Glygawvith different combinations of sample prgrocessing
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(filtration or centrifugation) andDNA extraction protocols (Power Soil kit, CTAB orfdier

extraction using CTAB). Glycerol is not included as it was found to be too viscous to function
properlyin the Coriolis so trials stopped at that poiNt..........cccceeviie e 167
Figure A3 - Results of trials of different sampling times averaged across various collection
mediums (RNAlater, dry, glycerol and PBS) ruiNia temperate conditions. Téarelationship is

linear as expected but sampling for twice as long does not appear to yield twice the average DNA
concentration for all collection liquids. Sampling for one hour appears to reliably yield quantifiable

Figure A4 - The heaterg showing the aluminium head (top left) and one of the two cone cbps

(top right) with the collection cone inside. This is used withdvidentical clipons which surroun

the cone and heat the lIQUId INSIAE.............uuuiiiiiiiiiiieee e, 169
Figure B1 - HYSPLIT outputs for ##ur clusters in the Urban Parks studg) TSV plot showing
increasing % change in TSV as cluster number reducd&ldt)of cluster means when six clusters
were selected. Percentages next to each cluster mean indicate the percenthtyajectories
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Figure D1 - Process flow for sapling and data analysis of microbial aerosol commuesg at urban
parks. Hr is hour. PBS is phosphate buffered saline. E. coli is Escherichia coli. No. is number. ID is
10 1= ] 1= U 181
Figure B2 - Venn diagrams showing the number of ASVs inferred from USEARCH and Dada2 for (a)
16S and (b) ITS. ASVs identified by both pipelines are very likely to be true variants. ASVs
identified by both pipelines are veryilkely to be true variants.........cccccccecvivii . 187
Figure B3 - Venn diagrams showing the number of genera identified in the RDP database only
compared b a) SILVA for 16S and b) UNITE for ITS. This is a comparison of the total list of genera
and does noaddress how individual ASVs are mapped, which was addressed separately below.
Venn diagrams showing the number of genera identified in the RDP datababe aompared to a)
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Figure EL - NMDS ordination of the a) 16S dimensions one and three &id6S dimensions two

and three of the Aitchison distances among samples. Season is indicated by ellipses representing
the t distribution of the autumn and winter pints. Locations are denoted by colour and each
sample is numbered with the trajectory clust to which it belongs..................ccc oo, 196
Figure E2 - NMDS ordination of the a) ITS dimensions 1 and 3 and b) IT®mkions 2 and 3 of the
Aitchison distances among samples. Season is indicated by ellipses representing the t distribution
of the autumn and winter points. Locations are denoted by colour and each sample is numbered
with the trajectory cluster to Which it BRIONGS.........ooiiiiiiiiii e 198
Figure E3 - db-RDA with variance partitioning for one day, three day and eweek back

trajectories for 16S. a) uses Brajurtis dissimilarities, puses richness data, measured bill D0

or raw diversity, ¢) uses Hill number D1 and d) uses Hill number D2. The Bray Curtis metrics were
calculated based on the filtered ASV table. The Hill numbers were based on the unfiltered data,
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non-compositional analyses indicate that threday wind has the greater predictive value of the
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Figure E4 - db-RDA with variance partitioning for onday, three day and onaveek back

trajectories for ITS. a) uses Bra&urtis dissimilarities, b) sies richness data, measured by Hill DO or
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ITS oneday wind has the highest®alue in comparison to the other trajectory lertlgs in almost
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all the analyses. As with 16S there was frequent shared variation, demonstratirgpitedictive

LR GSYGAlf 2F YdzZ GALX S GNI 2SO0G2 Nd@mposBighalanda ® . 2 0 K |
compositional tools are broadly similar. For ITS aggtimal trajectory length of one day is

supported. For 16S nenompositional tools suggested thahree-day trajectory could be better

for predicting bioaerosol communities, whereas compositional tools suggested that-dag
trajectories were superior. Thesresults generally suggest that either one or thrgay length
trajectories would be reasonableredictors for bioaerosol communities...............eevveeeeeeeenennn. 203
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required with the Aitchison distance matrix. Bothon-compositional analyses are generally
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1.1 Abstract

Microorganisms ee a globally ubiquitous component of the atmosphere, of vital

importance to climate, humahealth,and environmental processeBioaerosols (which
include viable fungi, prokaryotes, pollens and viruses as well as ballggierived
remnants)are suspected to have a fundamental role in structuring the composition and
function of ecosystems globallirban @&ro-microbiomesare poorly understood, yet a

majority of the global population is exposed to them on a daily bAsisrctica presents a
tractable opportunity to study the dispersal of airborne microorganisms due to its isolation
and its simple, microbially dominated ecosysteRecent advances in technology have
begun to shed light on the poorly understood aerosphevieh most research focusgion
bacteria. This chaptesummariseshe current knowledge regarding the movement and
behaviourof bioaerosols in the global atmosphegied drivers of bioaerosol spatiotemporal
variation Urban aeremicrobiomes are charactes#d and the role that theair plays as a

vector of microbes to Antarctida describedwith an overview of Antarctic bioaerosol
research. Survival mechanisms of microbes in the atmospheric environment are outlined,
followed by a discussion of the potentidfects that aerial inptito vulnerableAntarctic
ecosystems may have in the face of climate change. Bioaerosols are highly changeable over
space and time, with concentrations and compositions influenced by a myriad of variables,
particularly climatic factes such as wind speeahd temperature. Although studies of
bioaerosols have confirmed the low biomass predicteth@atmosphere, greater

biodiversity has been discovered as technology has improved. Multiple lines of evidence
indicate that bioaerosols habeen globally transpted over great distances. While many
microbes are believed to survive in the atmosphere as spores, some species may remain
metabolically active and could contribute to certain atmospheric processes. The evidence of
continual bioaersol deposition andheorisedsignificance to current ecosystem structuring
suggests that as the climate changes, deposited microorganisms could drive rapid
community shifts. This chapter identifies numerous knowledge gaps in the field, including
the variahlity, environmental divers, source (where) and extent (howany) of airborne
microorganisms. Given the predicted importance of airborne transportatiagidbal
ecosystems, it is essential to substantially increase research effort to gain a more
comprehasive view of the extrme aerosphere.

1.2 Introduction

Microorganisms (including fungi, bacteria and virusgg)humerous and ubiquitous in the
atmosphere and are an important component of bioaerosols, which include all particles of
biological origiBurrows, Elbert, Lawrence, & Pos@009b; Pearce et al., 2016; Reche,
5QhNII X afl RSy2@5> .Bidagfadsiwkhin the datlral @rivi®ament arer y 0
poorly understood, due to a lack sfandardisednethodobgy and little data, radting in
abundant conjecturegBurrows et al., 2009b; Pearce et al., 20F@cent tehnological
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innovations have enabled DNA recovery and interrogation of airborne microorganisms from
a wide range of environments, which allows researchers to address fundamental questions
regarding the importance of this biosphere.

Theurbanaero-microbiome has a disproportionately large effecttbe global
human population, due to concentration of sefthent in urban areas. The research which
has been performed to date indicates that various factors can influerte@nbioaerosols
but alsosuggests significahvariation over space and time and no consistent urban aero
microbiome.As for bioaerosols inemeral,the urban aeriabiome is affected by seasonal
variations, likely to be driven by changes iataorological variables such as temperature
and wind speed. Local bioaerosol emission sources are thought to be more important than
distant onesand pathaens are often presenSpatial and temporal coverage remains
sparse, and knowledge gaps persidie Antarctic aerial biome represents one of thest
challenging environments on Earth. As a result, the aerosol biomass is one of the lowest and
is the leasunderstood in the worldBurrows et al., 2009b)here is strong evidence that
bioaerosols use the atmosphere akagdistancetransport vector for example, South
American pollen is frequently found in Antarcti@mith, 1991; Vincent, 2000; Wynn
Williams, 1991)Continental Antarctica provides an excellent natural labonatorstudy
global aerial transport processes as it is isolated by the Southern Ocean and prevailing wind
and water currentgPearce et al., 2016Jhereduced human and other animal vectoring
means the atmosphere becomes virtually the sole transport mechamsitedle for
microbes(Pearce et al., 201@nd understanding transport processes is a tractable problem
RdzS G2 ! yil,MicrdblalpdoRitated dcosyslieriBottos, Woo, ZawaReza,
Pointing, & Car, 2014) In a warming world, shifts in microbial communities may result in
the extinction of unique endemic speciddicrobes are first resporets to change.
Therefore, understanding how Antarctic communities may shift informs what can be
expected globdy in the future(Bottos et al., 2014)Despite technological developments,
the study of bioaerosols is challenged by theircdtasticity in distribution, variability and
low biomasgWomack, Bohannan, &reen, 201Q)which is accentuated in Antarctica
(Pearce et al., 2016Yery little is known about bioaerosgland methodology development
remains a barrier to widespread investigati(ffearce et al., 2016)

Most researchers believe that the majority of passivesnsported bioaerosols are
in a dormant form(Pearce et al., 2016; Womack et al., 2Qt@®wever, there is growing
evidence that some may continue toetabolisewhilstin transit. These organisms may
represent amospheric residentWomack et al., 201@nd could substantially alter the
chemical constituents of the atmosphere. Most bacteria in the atmosphere are thought to
act as cloud condensation nuc(@&urrows et al., 2009k3nd ice nucleation activity could
increase cloud formation, precipitation and fundamentally affect global weather patterns
(Behzad, Gojobori, & Mineta, 2015; Burrows et al., 2009b; Pearce et al., 2016; Sattler,
Puxbaum, & Psenner, 200Many important plant and amal diseases are also aerially
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transmitted, such as foot and mouth disease andibenaires diseasgNguyen, llef, Jarraud,

Rouil, & Desenclos, 20Q&)ighlighting the need to understand atmosgit microbial

GNI yaFSNY LG g1a 2y 0SS (K2dz3kSi SyKAIANRYSBES/NE (EKSA
(put by Dutch microbiologist Lourens G. M. Bass Be¢Kiitidalley, 2008) however more

recent research has revealéibaerosols are highly variable over space anmetBowers et

al., 2013; Bowers, McLetieh Knight, & Fierer, 2011a; Fierer, Liu, & Rodrigdemandez,

2008; Woo et al., 2013Many microbes appear to display biogeography (varying species
distribution over space), despite their ease of dispe(Bal et al., 2011; O'Malley, 2008;

Pointing et &, 2015; Womack et al., 20kD) ! Y A ONZER 0 S trérialltdhBpbdSs/ A A (1 & T 2
thought to be a key influencer of its ability to dispefsearce et al., 2016; Sokol, Held,

Lee, Cary, & Barrett, 2013; Sommaruga & Casamayor,.2009)

This chapter explores what is known about theaaricrobiome and some of the
guestions that renain. The global atmosphere is defined and described, followed by the
process of bioaerosollsaching and elucidation of aerosol behawionce in suspension.
Mechanisms ofongrangeaerial dispersal are discussed, followed by the processes that
remove paticles from suspension. What is known regarding variation of bioaerosols over
space and timés summarisedwith a focus on urban areaBioaerosol sampling challenges
and solutions to difficulties are listed. The importance of the atmospherevastar to
Antarctica, as well as the status of Antarctic bioaerosol rese@&atescribed. The
mechanisms that microbes use to survive in the atmosphere are then reviewed and the
existence of aerial residents is explored. The chapter finishes with effeaterial vectoring
on Antarctic ecosystem structuring and how microbial communities may respond to
continued climate change. The chapter content represents a comprehensive review of the
field of bioaerosol study, with a focus on the small body of wosk tras beerperformedin
urban environments and iAntarctica. Given thaypothesisedmportance of &rial
vectoring toglobalecosystems, understanding the aerial contribution is crucial to
understandingecosystem structuring

1.3 TheAerosphere andBioaero®l Particles

1.3.1 ParticleMovement in theAtmosphere

The atmosphere consists of a layer of gases whictognds the Earth, containing particles

of various sizes and types, such as water droplets, inorganic particles like mineral dust and
particles ofbiological origin. Particles suspended in air are called aerosols, those of
biological origin are termed barosols. Most aerosol particle monitoring is focused on
human health and as a result uses two heattlevant size classifications, Rband PMo,

which refer to the aerodynamic diameter of the particle (< 2.5 um and < 10 um). Bioaerosol
particles vary udely in size, from pollewhich can baip to 1000 um in diameter, bacteria
which range between 0.25 and 8 um in diameter, to viruses at < 0.3 gameter, and
fragments of biological material thereof. Air is in constant motion, driven by differences in
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atmospheric pressure, which cause its constituents to be highly variable over time and
space. The concentration of aerosol particles in the atrhesp is influenced by a complex
set of variables not comprehensively understood, including local biologiuates and
changes in meteorological conditio(Burrows et al., 2009b)

The vertical structure of the atmospheredwided into layers which are driven by
temperature Figurel-1), although the altitude at which layers transition var{fearce et
al., 2009) At greater altitude wind speeds typitalncrease and conditions become less
favourable for survivglPearce et al., 2009The characteristics of the atmosphere
determine both the transport rangéArcher & Caldeira, 200@nd the viabilityof
bioaerosol§Womack et al., 2010)he troposphere stretches from the ground to about 10
km and is where the majority of atmospheric mass, including bioaerosols, is located. The
troposphere also contains the atmospheric boundary laytee region of the atmosphere
that transitions fromtiND dzf Sy G FANJ Fft2¢ FTNRY (GKS 9 NIKQa
layer. The boundary layer mediates exchange of particles between the Earth and the
atmosphere and its altitude varies depending omaspheric conditions and terrestrial
topography(Rotach et al., 2015At between around 10 km and %@n altitude sits the
stratosphere, where airflow is fast, predictable and horizontal. The troposphere and the
stratosphere are of most interest for the purposes of bioaerosol research, as most ralcrobi
isolates are from these leve(Burrows et al., 2009balthough some studies have found
culturable organisms irhe mesosphere, at up to 77 km altitu@lenshenetsky, Lysenk &
Kazakov, 1978)
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Figurel-1 ¢ a) Altitude ranges of each atmospheric layer (in knlgyer height varies based
on temperature and latitude (b) Names of atmospheric layers, (c) Adjusted logarithmic
scale by height and density with cumulative area as in (d),Qogculative proportions of
bioaerosols found in each layeshowing 75% of bioaerosols are expected to remain in the
troposphere Artwork by Chris Kingdata fromPearce et al. (2009)

The process of aerosolisation of particles is known as laun¢Reyper, 2015and
can be either active or passive. Active launching includes forcible ejection of biological
material as seen with fungal spores or the process of sneezing. Pkgsiching results
from abiotic processes acting on a reservoir of particles, such asbomwing over soil or
plants, waves breaking on a beach or the bursting of bubbles in Bterows et al.,
2009b) Rates of passive emission vary based on density of particles on a sarfddecal
YSGS2NRt23A0Ft O2yRAGAZ2yad ¢dzNbdzZ SyOS FTNRY
movement in the atmospheric boundary layer, including vertical movement, which can
propel particles to higher atmospheric regions. Turbulence disrupts the flow of particles
when air is forced around an object, or subjected to excessive shear. The Reynoloksr
(velocity x dimension/viscosity) can estimate the amount of turbulence andsiscban
wind velocity, viscosity of the air and dimensions of the interfering surf@eeger, 2015)
Any result over 2000 is deemed to be turbulent air figrepper, 2015)The higher this
number, the more movement of particles will occur in a given time, and the higher the
extent of aerosolisation. As events that propel particles to higtudes are rarer, the
majority of particles are thought to remain in the atmospheraubdary layel(Figurel-1)
and as a result have short transport ranges. The minority of particles that do escape the
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boundary &yer, to the tropopauseyr stratosphere where the airflow is much faster and

more uniform, can be rapidly transported on a global sdakeche et al. (201&stimated

R26y 6 NRE OANIf FfdzE 16208 G(KIG2INEEPIKBNAO o
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per day. So, although this represents a minority of bioaerosasjficant numbers still

escape the boundary layeFhere are few studies of vertical distributiof bioaerosols and

most of these are qualitative, only indicating the presence or absence of mic(blads et

al.,2017; Maki et al., 2008; Wainwright, WickramasingNarlikar, & P., 2003Much of the

current research supports reductions in concentration with altit¢Belton, 1966a; Fulton,

1966b; Fulton & Mitchell, 1966however some studies do not show a clear relationship

between concentration and altitudéAndreeva et al., 2002; Matsuki, lwasaka, & Osada,

2003)

ALTITUDE IN KILOMETERS
a3

STRATOPAUSE

STRATOSPHERE

STORM/DUSTBORNE LAUNCHBORNE
VOLCANIC INJECTION LARGE IMPACT EVENTS

Figurel-2 - Mechanisms of microbial movement into the atmosphe(&riffin, 2004)
artwork by Betsy Boyton. Storms can launch aerosols into the tropopause, volcanoes to
the stratosphere, and rokets or meteorites can propel particles as far as space.

Variousevents can propel particles to different atmospheric lay&igirel-2).
Storms are a good example of frequent processes which transport bioaergsuésds.
DelLeonRodriguez et al. (2018)und hurricanes in the Caribbean created large amounts of
bioaerosols that were launched into the tropopause. Dust storms in desert areas alsb laun
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large quantities of aerosols, with increases in number and diversity of microbes evident
during dust eventgKellogg & Griffin, 2006; Maki et al., 201¥plcanic eruptions are less
frequent in occurrence but hee thepotential to propel substantial numbers of particles to
the stratosphere and some cases even the mesosp(i2ialo etal., 2017) Krakatoa

erupted in 1883 and observers at the time estimated that ash was ejected to an altitude of
80 km(O'Connell, 2006)The effective transportation of thermophilic organisms over large
distances through volcanierupion is supported by the detection of similar organisms in
widely dispersed geothermal sitélderbold, Lee, McDonald, & Cary, 20X@)her impact
events such as meteorites landing are rarer still but could feasibly transport particles
throughout the atmosphere. Survival at these high altitudgsossible with some

experiments showing bacterial survival alongside space cratft lift off ardtrg (Rettberg

et al., 2002) There is evidence th&acillus subtilisa sporeforming, Gram-positive

bacterum, that is frequently found in bioaerosols, can survive in space for at least six years
(Horneck, 1993)

Although large scale movements are driverntfily by air currents, small scale
movements of airborne particles depend on Brownian motion (the random movements in a
fluid from colisions with fast moving molecules and other suspended particles). Particles
diffuse from a source down a concentratioragient, with trajectory and speed of diffusion
influenced by air currents and gravitiyepper, 2015)Particles with high mass require more
force to change direction (force = mass x acceleration) meaning that they arelikely to
impact on a surface and be removed from the(&epper, 2015)

Figurel-3 - Stormsare capable of transporting large numbers of pactes(Kellogg &
Griffin, 2006) The three main sources of wondde desert dust are shown (Australia, the
Sahel in Africa and China) along with their typical seasonal movements.
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Particles from deserts are small in size, have long residence times and are likely to be
significant contributors to global transportation bioaerosols Figurel-3) (Hara & Zhang,
2012; Kellogg & Griffin, 20Q6)he transport of dust and associated organississipported
by similarities of dust in different aas. Caribbean and African isolates show very high
ribosomd RNA gene sequence similarity, suggesting a common source of bioaerosols
(Kellogg & Griffin, 2006; Kellogg et al., 206®Bche et al. (2018pund Saharan patrticles in
Spanish aiand particles in Florida in summer are often ofi¢gn origin(Prospero, 1999)
Maki et al. 2011)studied Asian kosa dust and found that after dust events in China, there
were significantly more culturable bacteria in snows in Japan, which had been contaminated
by the dust.

Tropopause
in arctic zone

Tropopause

Polar cell

Mid-latitude ce!

Hadley cell

Intertropical
convergence

zZone 0°

Hadley cell

Polar cell

Figurel-4 - Diagram of the major air cells and wind currents in the Troposphéfaidor,
2013) These winds iriluence trajectory of airborne transport of microbes.

Air cells are created by differential heating of the Earth between the equator and the
polessk YR GKS 9 NIKQA NRUOFGA2Yyd® t NSRAOGFOES | AN
movement in he atmosphere horizontally in the prevailing wind direction of the ¢efyre
1-4). For long distance transport, bioaerosols need to get above the atmospheric boundary
layer, to these air cells, where wind spedas/e been estimated to be up to 90 km/h
(Miller, Gans, & Kleidon, 201Bacterial residence times (the time theabacterial cell, on
average, is expected to remain aloft in the atmosphere) are modellée toetween three
to seven days, although this may differ for other bioaero¢Blsrows et al., 2009b)n
seven dayst 90 km/h, there is sufficient time for a microorganism to be transported over
15,000 km (the distance from the South Pole to London is 15,710 km).
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Particlesare removed from aerial suspension through particle deposition.
Gravitational settling is thergvitational pull of any particle heavier than air downwards and
is the most common cause of deposition. Therefore, bioaerosols with lower mass will tend
to stayaloft longer, have longer residence times and consequently greater transport range.
Gravitatio/  f aSdadftAy3 Oy 06S RSaAaONAROSR o0& {G21Sac
density, particle diameter and air viscosity.

V=[Bx (m-p) xg)/18p

V = elocity of fall (m/s), g = gravity (9.8m)sD = diameter of particle (m), p density of
particle (kg/n?), pr = density of dispersion medium (kgfinp = viscosity of dispersion
medium (kg/m*s)

Particles can be deposited on a surface through impactidre( they collide with
the surface)also known as dry deposition. The particle loses kinetic energy and can come to
rest on the surface, or deflect and return to the air flow with reduced kinetic energy,
increasing the chance of settling. Probabilityrapaction on a surface depends on ey,
particle diameter and the size of the surface. Wet deposition is mediated by rain or other
precipitation. As rain or snow falls, it collides and combines with aesasehting particls
of greater mass that carettle faster. Efficiency of wet depdion depends on the spread
area of the particle plumewith diffused plumes experiencing stronger impaction.
Electrostatic deposition can also occur when particles with opposing charges are attracted
to one another, ceating particles with greater masBacteria are often negatively charged
and therefore have a tendency to become attracted to positively charged particles in the
atmosphere or surfaces, which increases deposifepper, 2015)

1.3.2 BioaerosoParticles: Temporal anfatial Variation

Bioaerosols constitute a significant and variable portioaerosol particles, up to 28% of
total aerosol voluméMatthias-Maser, ObolkinKhodzer, & Jaenicke, 2008)joaerosols are
thought to frequently exist in assemblages with other inorganic or organic particles
(Burrows et al., 2009bA bacterium is around 1 um in diameter, whereas typical bacterial
associated particles are@4 pm, suggesting that multiple cells clump together or associate
with other partices(Shaffer & Lighthart, 1997Wuffman, Treutlein, and Poschl (2010)
observed bioaerosol particle sizes of 1.5 pum, 3 um, 5 pm and 13 pm. 1.5 um is likely to
representsingle bacteria, 3 um is likely to be multiple bacterial cells or fungal spores, 5 pm
is likely to be fungal spores and 13 um is likely to be pg¢Herfifman et al., 201Q)Several
authors have proposed particle association could improve bioaerosol viability (see section
1.4 MicrobialSurvivalMechanisms in thé&tmosphereonwards).

The broad and rapid dispersal of particles from a source in the air means that
experimental determination of microbiaésidence times remains infeasible, leaving much
of our understanding related to atmospheric modelliByirrows et al. (2009apodelled the
aerosol concentration of bacteria in the global atmosphere for six simulated years, using
global meteorological models, estimated emissions from diffeszasystems, estimat
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residence times and estimated deposition rategy(rel-5). In the simulation, a mean
microbial residence time of around one weefs calculated. There was significant

variation, with some patrticles staying aléér months. Meteorological variables significantly
affect residence times, for instance turbulence in the atmosphere will increase residence
times, while precipitation in aarea reduces residence times. Dry regions have longer
expected residence timesue to increased vertical movement in the boundary layer, related
to greater turbulence from heating and reduced wet deposition. As the number of
bioaerosol studies increasesrass a range of spatial, temporal and environmental

variables, our understandingf microbial residence time influences will increase. Physical
characteristics of particles, such as size or surface structure, also affect residence time.
Particles with amaller diameter or lower mass tend to have greater residence times, due to
reduced deposition. It is thought that particles undeptn in diameter (which include
virusesand somefree A Ay 3 o6 OGSNRIF O FlLtf GAGKAY (GKS da:
residence timegBurrows et al.2009a)p ¢ KA a FaadzyLJiaAzy Aa 2yS 27
simulation. The surface structure of pollen can alter its aerodynamic properties and aid its
dispersal by windNiklas, 1985)Given snilar selective pressures apply to other types of
bioaerosol, they may use similmechanisms to enhance dispersal. Some bacteria, such as
Pseudomonaspp., have cell surface ice nucleation protgiRearce et al., 2009nd are
believed to act as cloud condensation nu¢Bauer et al., 2002}t is thought that organisms
which act as cloud condensationcieai have increased wet deposition in the atmosphere

and therefore have reduced residence tinm@irrows et al., 2009a)

Reliable estimates of bioaerosol concentrations from all ecosystems are not azailabl
and variable methodologies make comparison difficult. Estimates based on available
information show that there is gnificant variation in bioaerosol concentration by
ecosystem. Generally higher concentrations are observed over more productive ecosystems
(grassland and crops), likely due to larger microbial source populations from which microbes
can be aerosolize(Harrison et al., 2005; Tong & Lighthart, 20@@sert areas have low
estimated concentrations of baerosols by mass due to low source biomass. However, due
to the ease of aerosolisation of particles from desert surfaces and long residence times of
desert particles, desert du is still thought to play a significant role in global microbial
dispersalBowers, Sullivan, & Costello, 2011b; Kellogg & Griffin, 2006; Maki et al., 2017;
Shaffer & Lighthart, 1997)
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Figurel-5 - Heat map of the simulated coremtration of 1 um bacteria in the troposphere
according to modelling bydurrows et al. (2009a)
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equilibrium and arepresent in all locations. This suggests that short and long range
atmospheric transportation are highly effective at dispersing microorganisms globally
(Figurel-5). Later studies of bioaerosols suppdnethigh concentration heterogeneity
predicted by the mode{Barberan, Henley, Fierer, & Casamayor, 2014; Bowers et al., 2013,
Bowers et al., 2011b; Grantham et al., 20I®)e application of the model warban area is
discussed ii.3.3Spatiotemporal Variation dirban Bioaerosoland Antarctic bioaerosols
the other focus of the thesiss discussecil.3.4The Antarcitc Aerosphere

Bioaerosolsre highly variable over various time scales with stochasticity in
concentration and community structure over a short timeframe frequently more
pronounced than seasonahangegBurrows et al., 2009b; Fierer et al., 2008pme
cultivation-basedstudies have shown that seasonal variation is very likely to be driven by
changes in meteorological conditions, occurring predictably tive course of the year. The
highest average concentration of bioaerosols is thought to be at times of maximum
produdivity, generally in the summeLighthart & Stetzenbach, 1994; Tong &hthgurt,

2000) However this could be confounded by significant seasonal variations in culturability
of micrdbes(Burrows et al., 2009bj molecular stug, (Woo et al., 2013hound the highest
microbial loadingpccurredduring summer. This variation extentisobserved diurnal

patterns linked to solar heating as net upwards flux was highest in the warmest part of the
day(Chen et al., 2001; Shaffer & Lighthart, 1997; Tong & Lighthart, 2a@her
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temperatures incrase turbulence, wind speeds, vertical mixing, residence times and
division rates, increasing the microbial load and aerosolisation

1.3.3 Spatiotemporal Variation afrban Bioaerosols

Understanding learacteristicf urbanbioaerosolgs particularly pertinentgiven the

majority of the world's population reside in urban areas and this is forecast to inc(eidse
2018) A majority of the bioaerosol studies which investigated differences indsedand
levels of urbarsation deteced differences in the urban and rural memicrobiome. When
culturable bacteria were investigated in Oregon using city, field, forest and coastal sites, it
was found that bacteria varied by location and tig@haffer & Lighthart, 1997The highest
concentrations were detected at the urban sigacillusspp.were frequently present and

the majority of bacteria were ass@ted with particles greater than3m aerodynamic
diameter(Shaffer & Lighthart, 1997%upporting predicted spaitemporalvariation and
suggesting distinctive urban aeranicrobiome DNA sequencing in Germany detected
plants, protists, fungi and bacteria at urban, rural and high alpine locations. Bact&lH
analysis found ShanneéWeaver diversity was higheat the rural location compared to the
urban or the alpine location. Ascomycota and Basidiomycota fungi were detected along with
proteobacteria, actinobacteria and firmicuté®esprés et al., 2007} his indicated thathe
urban aeremicrobiomes may be less digs, possibly due to fewer different anobial
sources in a more homogesed built environmentBowers et al. (2011gerformed
bioaerosol sampling in Colorado across three land use tydd, suburban and forest.

They found no differences in bacterial cell concentration but more biological ice nuclei over
agrialtural areas. Pyrosequencing revealed that bacterial communities were significantly
related to land use type, driven by localsces again supporting the idea that urban aero
microbiomeddiffer to others, but not the higher urban concentrations previlyusbserved
Tanaka et al. (2020¢ported greater alpha diversity at a suburban site in Japan compared
to an urban site ad distinctive organisms were detectable at the different locations. The
urban siteharbaured human skirassociated bacteria shdropionibacterium,
StaphylococcysandCorynebacteriumwhile soil and planrassociated bacteria were
abundant at the suburbasite (Methylobacteriumand SphingomonagsThis was consistent
with previous findings in terms of the presence of urban micriodignatures and reduced
urban diversityMetabolite fingerprinting performed in the UK in urban parks, industrial
areas and fans found seasonal and land use differences in the sampled aerosolbatnd
different compounds were associated with differeahtl usessignifyingthe presence of
different organisms between locatiori&arciaAlcega et al., 2020Bowers et al. (2013)

found that attwo urban and two rural siteghe airborne bacteria vargesignificantly

between sites and displayed seasongliurther supporting spatial variatioand in addition
predictable temporal variation.

In contrast to these finding¥Voo et al. (20133ampleal along an urbarsation
gradient in tropical Hong Kong and detected no effect on the bacterial or fungal bexer
communities However, they confirmedistinctiveseasonal changes which were attributed
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to adifferent predominantwind source between the summer and wintén a study of
continental wide distribution of bacteria arfdngiacross the USxternal house dusirom
1,200homeswassubjected tol6SrRNA (8S) and Internal Transcribed Spad&S(DNA
sequencingFungi andacteriawere found to be highlyspatiallyvariabk, driven by climatic
and soil variablesAdistinctive urban versus rur@ommunitywas not reportedput they did
find that urbangation tended to lead to homogesation, with urban communities being less
geographically variable thamiral ones(Barberan et al., 2015)n some agreement with the
notion that sources of bioaerosols could be less diverse in urban.areas

Taken together, iseemshat bioaerosols irurban areasan beless diverse than
non-urbanised areas Urban areas dgometimes displakigher concentrations dodirborne
microorganismsThere is evidence for different compositions of bioaerosols in different
areas buthere does not seem to be a commovorldwide urbanaerialcommunity.The
urban aeremicrobiomeappears tovary by city, depending on local sourcasd climatic
variables andiaries over timeUnfortunately, he areas in which the urbaneso-
microbiome habeen studied argeographicallyimited, most studies hamgbeen
performed in the USA, Europe and Asia

Cultivation studies have beamonductedin Beijing. Three sites wvhin the city were
compared aroadside a human activity enriched areand a parkBacterial oncentrations
in the park were found to bsignificantlylower, postulated to be due to fewerehicular
movements aerosading microorganismsvlicrococcusvasthe dominantgenusdetected,
along withStaphylococcy£orynebacteriunBacillusand Pseudomonag~ang, Ouyang,
Zheng, Wang, & Hu, 2007dhe lower cacentrations in parksvere somewhat consistent
with Shaffer and Lighthart (199@pserving higher urbaooncentrationsLater, a
metagenomicstudy wasperformed in Beijing, with smog anabd for bacteria,archaea
fungi and doublestranded DNA viruses. The organisihesectedwere mostly soil related
and nonpathogenc, however human allergens and pathogenere found and thie
abundance seemed to increase with pollution le€lao et al., 2014This indicated
pollution is important, and may be a driver of urban bioaerosol varigtbittween cities,
but application to less polluted areas may be debatabiehe U%, DNA microarraywere
used to charactese the bacterial bioaerosol communiily two cities. 1800 types were
found, with a diversity similar to soil. Some of the groujetected had pathogei
members The authors foundemporal andocalmeteorological influences can be stronger
than location innfluencingbioaerosol compositioifBrodie et al., 2007byWhen the &ro-
microbiome of 96 sites iNorth Americancities were charactersed, they were highly
seasonal with microbial sources identified including soils, leaves anddogs{Bowers et
al., 2011b)again supporting importance of local soureesl seasonalit Metagenomics
techniques applied in theJSNational Capital Regiondetected bacteria, plants, fungi,
invertebrates and virusesn the air. Temporal shifs were evident with bacteria peaking in
the summer and fugiin the spring The bacterialgeneraRdstonia, CupriavidysaandBacillus
were abundantthroughout the yea(Be et al., 2015)strengtheningobservations of
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seasonality in previous studigSultivatable bacteria and fungi weecharactersed along the
New York waterfront. Microbial counts wereuiod to be higher when the wind was
offshore,and bacteria were dominant. When the wind was onshéuegi were dominant.
Microbes were associated wittbarseaerosolswhich signified importance of local sources
and there was a significant correlatibetweenwind speedand microbial culturable aerosol
concentrations. Actinobacteriaere dominant, specifcally the gener&treptomycespp.

andBacillusspp.6 a2 Y 0 SNR = 5 dzS { S NThis agaih sQgnekts Grbay &easinmy ¢ U

have higher maerosol concentrations, and dominance of local seardrban German
fungal communitiegonfirm global consistency ekasonal change$lant pathogens were
associated witltcoarseparticulates and human pathogens and allergens associated with fine
particulates.Cladosporiunspp., Alternariaspp, Penicillium spp. and theplant pathogen
Blumeria graminigmildew) wae found(FrohlichNowoisky, Pickersgill, Després, & Poschl,
2009) In Milan, pyrosequencing was uséalinterrogate bacterial bioaerosolSeasonality
wasevident, with plant associated bacteria more common in suemand spore formers
more prevalent in the winteroecies richneseascomparable to soibut species eveness
was low(Franzetti, Gandolfi, Gaspari, Ambrosini, & Be§t@d10) Low evenness is
expected with variable bioaerosol populations, and again seasonality was eviderntal
variation was detecteih Melbourne bioaerosols, with peaks in abundance at midufay
four times the mean nightime valuegJamriska, DuBois, & Skvortsov, 20%8ygesting
finer grain temporal variation as thought fromodeling 16S squencing was performed on
bacterial bioaerosolsampled at an elevated site in Tokyo. Thena@ss source changed
over thesampling period bt that did not affect thebioaerosolcommunity, or alpha or beta
diversity. There were significanbrrelations between relative humidity and wind speed and
both alpha and beta diversity. Local sea water and soil were identified as constant and
predominant sourcesRelative humidityappeared tobe the most influential variable, due to
its correlation wih soil moisture and negative correlation with soil emissifostake et al.,
2019) Thisagain indicated the importance of local sources usrdistant ones, and the
impact of meteorological conditions on the aemtircobiome, suggesting éseasadriver of
commonly observedeasonavariation.Mhuireach, Wilson, and Bason (2020ppplied 16S
metabarcoding sequencirntg bioaerosolsamplegassively deposited iarban parks in
Eugene, OregorSome sites wer@rested, and otheswere grass covered. They defined a
core aero-microbiome of plant and soil associated gendrhe forested sitewere
significantly more diverse than the grass coveredi$easonal and skgpecific effects
were detected vegetation type explained 14% of tkiéferences in communitieandsite in
total accounted for 41% of the variance. The gen@phingomonasAcidiphilium 1174
90112,RalstoniaLactococcusMethylobacteriumPantoea GranulicellaPseudomonas
Hymenobacteand Terriglobusvere common Increased diversity in forests wasnsistent
with diversity varying by landse, and seasofity and local effectsvere in agreementvith
earlier studiessupportingvariation within the urban biomei(e. between parks and more
trafficked areas) previously notda/ Fang et al. (2007a)
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The urbarbioaerosol studies emphasi the spatiotemporalvariability of the aero-
microbiome. While some genera suchBagcillusspp.are very commonly observedthers
are inconsistently foundsuggesting no consisteglobal urban aeranicrobiome Climatic
variables, seasonality and local sources appeared telethlyimportant to theurbanaero-
microbiome and landuse within the urban space affestl bioaerosolsThe multitude of
techniques use@dndvaryingtarget organisms make comparison diffitandunifying
theories elusiveBioaerosol communities appear to be driven by many factors, but further
research, in different areas and over longer time scales, is needed to understand them in
more detail.

1.3.4 The Antarcti Aerosphere
Bacterial concentrai y & 2 @SNJ ! yiIF NOGAOI 6SNB SadAayYl GdSR
simulation and this has since been verifi{@bttos et al., 2014; Pearce et al., 201Bdlar
areas are thought thhave low concentrations of bioaerosols, due to a lack of microbial
activity in those areas and ¢hphysical stability of frozen surfaceeducing emissions
Pearce et al. (2009pund a large variation of micradl concentrations in different polar and
ice ecosystems, although all showed evidence of lifeeeshere is a lack of data from ice
SYGANRYYSyGa . dNNRgaQ aAYdzZ A2y dzaSR | @SNI 3
concentration as a maximum. The othefeeant ecosystem for consideration of Antarctic
bioaerosols is the sea, since it surrounds Artteac Seas are estimated to have low
bacterial concentrations of 1x3@2 based on cultivation studigBauer et al.2002;
Harrison et al., 2005; Kellogg & Griffin, 20@Bhough this could be an underestimate given
marine bacteria are on average less cultueathlan terrestrial bacterigParks et al., 2017)
In nutrient rich marine regions, such as those found around Antar(fidpiat et al., 2017)
concentrations of bacteria are often much heg, likely resulting in higher emissioGho &
Azam, 1990Q)Bioaerosol sampling in Antarctica is insufficient to reveal the level of marine
aerial input, although a couple of studies show limited marine taxa despite proximity to
water (Bottos et al., 2014; Pearce, Hughes, Lacklape, Harangozo, & Jon@§10) In
dZNN2 6aQ aAYdz | GA2y > ! yil NOGAOF 61 & RSO2dzLI S
isolation by the Southern Ocean. However, residence tim@sudicles in Antarctica were
estimated to be lgh, despite low emissions and most particles that circulated in Antarctica
were expected to originate there. Some of thgeedictionshave since been supported by
other authors, based on later Antarctic bioasol researcl{Bottos etal., 2014; Crawford et
al., 2017; Pearce et al., 201@stimates of the bioaerosol fraction of Antarctic aerosols
indicate that they constitute only a small proportion of total aerialtpes (under around
2%), but also that they can vary significarf@yawford et al., 2017)rhis low biological
particle fraction in Antarctica is likely driven by low ecosystem productivity and large
amounts of dust and other aerosols in the atmosphere.

Westerlies move air from Africa ai@buth America toward&ntarctica Figurel-6).
Frequent discoveries of temperate poll@VynnWilliams, 1991)n Antarctica indicate tht
these winds could facilitate intercontinental transport. Within the Antarctic continent there
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are also characteristic air movement patterns such as the circumpolar vortex, which is a ring
of low-pressuresystems that createsrciular air movement arounthe continent and

provides a barrier to entry to the continenFigurel-6). Powerful Antarctic katabatic winds,
created as ald high density air flows downwards towards the sea under the force of gravity
(Parish & Cassano, 2008pmbined with local weather cells, are thought to distribute
microorganisms effectively around the contindihtkem et al., 2006; Pearce et al., 2Q09)
Deuerated methane was released from a plane at 5.5 km altitude in the Maritime Antarctic,
and within a week was detected all around Antarctica, indicating rapid dispersal on a
continental scaléMroz et al., 1989)For the purposes of bioaerosol movements, the
Antarctic Peninsula can be thought to be somewhat isolated from the rest of the continent,
as the Peninsula sits outside of these typical wind patgeand fams a distinct

biogeographic zon€Chong, Pearce, & Conve@15)
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Figurel-6 - Predominant wind movements over Antarctica during summer akmh
altitude. Adapted by Chris King from/ynn-Williams (1991) Dark blue arrows are
frequent cyclone tracks, lighter blue ones are more occasional tracks. The cHoiar
vortex is shown.

1.3.5 Importance ofAerial Transport ofMicroorganisms to and within

Antarctica
Threelines of evidence sumpt the atmosphere as bbngrangevector to Antarctica. Firstly,
exotic propagules found in Antarctica, secondly isolated thermophiles at remote geothermal
sites, and thirdly the presence of globally ubiquitous microorganisms. Exotic propagules
have constently been found in remote locains(Marshall, 1996a; Marshall, 1997; Smith,
1991; WynnaWilliams, 1991)These include lichen spores and pollen granules from
Patagonia that have been found at King George Istdhthe coast of the Antarctic
Peninsulgminimum approx. 1,200 kilometres awa¥yynnWilliams, 199%)and exotic
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species in Antarctica in ice sheets up to 400,000 yearfvhdtent, 200Q)as well as plant
pollen and fungal spores at Halley E&regory, 1961)Signy Island and South Georgia
Island(Gregory, 1961; Smith, 1991)he lack of alternative transport pathways strongly
suggests these propagules arrived via the air and have travislrisands of kilometres
from their source populations in temperate areas of South AmdMarshall, 1996a;
Vincent, 2000) These propagules could be transported continually from high altitude
weather systems or by stochastic powerful low pressure systems capable of translocating
large bioaerosol loads from South Ameritathe Antarctic(Marshall, 1996h)(Figurel-7).
These lowpressure systems occperiodically(approximately 1.5 times a year), suggesting
that Antarctica has the potential to experience regulacrabiological exchange with other
land masses.
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Figurel-7 - A synoptic chart of 11/11/1993 showing a large low pressure system between
South America and the South Orkney Islan@arshall, 1996b)

As thernophiles are incapable of surviving in the belbwezing temperatures
surrounding Antarctic geothermé&atures, the presence of thermophilic organisms at
remote geothermal locations indicate either ancient refugia or recent aerial dispersal. The
volatile nature of geothermal sites makes them ideal launchers of material into the upper
atmosphere Figurel-2). A recent molecular study on Mt Erebus microorganisms supports
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atmospheric vectoring as a likely contributar geothermal environments in Antarctica
(Herbold et al., 2014 Researhers identified a diverse thermophilic community including
Mastigocladus laminass, a thermophile previously isolated from Yellowstone National Park
in the USA. This is further supportedtimermophiles being identified in a bioaerosol study
near Mt Erebs (Bottos et al., 2014)A similar distribution has been obsed/in

multicellular organisms that surround fumaroles (volcanic vents), which are found nowhere
else in Antarctica but are common in South America.

The abundance of ubiquits microorganisms in Antarctic air and terrestrial samples
suggests @ropensity for aerial transportation and establishment in Antarctica where other
means of dispersal are limited. The McMurdo Dry Valleys have been well studied as one of
the largest icdree areas in Antarcticayith comparatively high microbial bioma@Bearce
etal., 2016) The valleys are located on the coast, to the west of McMurdo Sounthand
ice shelf. Bioaerosol samples taken in the McMurdo Dry Valleys shibvaethe most
prolific becterial taxa are consistent with bioaerosols from other contindBisttos et al.,

2014) Microorganisms of exotic origin have also been detected in a range of terrestrial and
aqguatic environments in Antarctigércher, McDonald, Herbold, & Cary, 2014; Herbold et
al., 2014; Lee, Barbier, Bottos, McDonald, & Cary, 2012; Sokol et al., Rié@stingly,

many Antarctic studies noted a high sequence similarity betwasmples within Antarctica,
suggesting organisms which reach Antarctica bareffectively distributel around the
continent(Bottos et al., 2014; Pearce et al., 2016; Vincent, 2000)

There is evidencthat most organisms detected in Antarctiogginated there
(Bottos et al., 2014; Crawford et al., 2017; Pearce et al., 20d0¢h can be expected due
G2 ! yaFNDGAOIQa SEGNBYS AaztliAazyd ¢KAa Aa C
from the restof the world predicted by modellin(Burrows et al., 2009aY hereforejt
seems longange aerial dispersal to Antarctica, although present, is rare and acts with more
commonshort-rangetransport to furdamentally affect Antarctic microbial communities.
Local windsimportant for local dispersal of cyanobacteria and smalagyotic organisms
(Nkem et al., 2006; Wood, Rueckert, Cowan, & Cary, 2008)Valleys ith lakes had more
cyanobacteria in nearby soils than valleys without laf#sod et al., 2008)Figurel-8) and
wind-borne dispersal of faecal coliforms and avassociated bacteria has been detected
downwind of research stations and bird colon{ekighes, 2003; Kobayashi et al., 2016;
Pearce et al., 2010INkem et al. (20069bserved frequenshortrangewind dispersal of
rotifers and tardigrades (small multicellular invertebrates) in the McMurdo Dry Valleys.
Additionally, lage volumes of dust are relocated (typically under 30 km but up to 120 km)
onto sea ice in the McMurdBound, from the Dry Valley&tkins &Dunbar, 2009)Given
microbes are known to frequently associate with dust and other parti@esrows et al.,
2009D), it is reasonable to assume substantial numbers of microbes would also be
transferred.
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Figurel-8 - a) cyanobacterial mat in an Antarctic lake b) These mats can dry out when
water levels drop. When dr they break up and are easily transported by the wind.

1.3.6 Bioaerosolsampling: Challenges aisdlutions

The extremely low biowrss of the air presents a significant challenge to the collection and
analysis of an unbiased representative bioaerosol community. Most air sampling to date
either uses passive gravitational settling or active pumping, with impactidiquid
impingementto capture aerosol particles. Although early work on bioaerosols was a critical
basis for later study, it drastically underestimated microbial biodive(8ityrows et al.,
2009b; Pearce et al., 200Farly desagption of microorganisms in air was based on
cultivation or microscopic ehtification, however a large majority of microorganisms €70
99%)have resisted cultivation to dat@urrows et al., @09b)and microscopic identification
cannot differentiate organisms with similar morpholog(ekig, Mackay, Walker, &
Williams, 2016)Recent culture independent community dysis based on nucleic acid
(DNA or RNA) sequencing has revealed a ptatbbdiversity not apparent from microscopy
or culture. Molecular analysis can provide information on total comnyuidintity

(amplicon sequencingyvhole genomes (metagenomics) @ene transcription
(metatranscriptomics) of bioaeroso(8ehzad et al., 2015; Yoo et al., 2016)

Aerial samphg challenges are exacerbated in Antarctica where biomass sources in
all systems are typically far lowand logistical constraints for studies are greggottos et
al., 2014) resulting in a marked lack of data. The current best pcadtr Antarctic
bioaerosol sampling is to pump air through a @2 polycarbonate filtePearce et al.,
2016). These filters are easy to run and can be left for long periods of time to collect
samples, however they have low flow rates and can take from 24shtouwo months to
collect sufficient biomass for analysis (as vBibttos et al. (2014Figurel-9). The long
sample duration on polycarbonate filters disproportionately degrsitie DNA ofGram-
negative bacteria in under 24 hours due to desiccation stfiessung et al., 2015)
indicating serious sample bias in existing Antarcticam@ingmethodology. Samplers with
liquid collection mediand higher flow rates have been developedich aim to reduce
sample time and bias but are limited in their use in2elbo temperaturegDybwad,
Skogan, & Blagn 2014) Comparative testing reveals different samplers work best for
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capturing different types of bioaerosol, so careful choice of sampler for the desired
application is crucigDybwad et al., 2014; Haig et &Q16)

Figurel-9 - Bottos is pictured setting up the air pump that was used to take the sample
f SIRAY 3 (2 (K SAirboldeoBackesiaKPopulatlalts IApWIDésert Soils of the
McMurdo DryValleys, Antarctit §Bottos et al., 2014)

1.3.7 BioaerosoResearch in Antarctica

Between 1994 and 2014, 12 studies were conducted (both published and unpublished) on
bioaerosols in AntarcticéPearce et al., 201§Jablel1-1, Figurel-10). Most aerobiological
studies to date have identified limited biodiversitygwever as techniques and resolution
have advanced, more recent molecular studi@scher et al., 2019; Bottos et al., 2014,
Hughes, 2003; Pearce et al., 20b@ye shown an increasingly diverse and distinctive
bioaerosol community, compared to local soils. Unfoately, the limited studies

conducted, samples colledeand information gained from the samples have resulted in
persistent knowledge gaps. Additionally, the lack of standardised techniques and restricted
spatial and temporal coverage mean that it ifidult to make any broad inferences on the
significanceor extent of bioaerosol transportation to Antarctic ecosystefi@sarce et al.,

2016) The studiesn Tablel-1, andother terrestrial based work in Antarctica strongly
suggest that the atmosphere is crucial to both inéed intracontinental Antarctic transport
and a distinct microbial community may reside in Antarctic air. Future studies will be able to
utilise curren knowledge and techniques to conduct bioaerosol sampling in Antarctica that
is higher resolution, lessdsed, inclusive of viruses that may be more abundant in
bioaerosols than bacteri@Reche et al., 201&nd determine how these organisms survive
and where they originatesge sectiorlL.4 Microbial SurvivalMechanisms in the

Atmosphersg.
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*@ + McMurdo station and
~ DryVvalleys

Figurel-10- Aerobiological study sites in Antarctica published 1982014. Adapted from
Pearce et al. (2016)drcle width indicates number of sites per study. Mostdata come
either from the Peninsula or the McMurdo Dry Valleys.

Tablel-1 - Summary of aerobiological studies undertaken in Antarctica 1992021
available onGoogleScholarca S NOK G SN a ¢ !12y3®END oA @ G NSIHI 6 A0
A2 SHBIEGRAKD 2NYS YAONR2NHIFYyAaYas !'yil NOGAOLK ¢
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Reference

Study area

Sampling Method

Analysis Method

Summary of Findings

The researchers
circumnavigated

A highvolume air
samplerand

Molecular 16S rRNA

Proteobacteria dominated bioaerosols, including
Sphingomonaspp.. They found low alpha diversity,
high spatial and temporal variability but cortsiscy
in major groups collected over the study. They

(Zf)zi)et al. Antarctica, taking 25 quartz filters. sequencing. Air mass postulated immigration through long range
bioaerosol samples  Sample duration  back trajectory. atmospheric tansport. Wind speed, temperature
over coastal waters. was 24 hours. and organic carbon significantly affected the

bacterial community. Richness and diversity did n
significantly difer due to weather conditions.

(Trout Greenland and the A pump and a dry EFiquorescence Picocyanobacterial cell§ in near surface air were

Haney, . . microscopy on present at a concentration of,231 to 28,355 cells

. McMurdo Dry Valleys filter with a . . g L .

Heindel, & . picocyanobacterial m3 air and no significant differences were detecte

Virginia, abpvefreshwater and sample duration aerosols only to count between sulstrate or regions. Concentrations were
soil. of five days.

2020) the cells captured. lower than temperate areas.

Proteobacteria, bacterioids and firmicutes

dominated the bacterial bioaerosols, fungal

bioaerosols contained ysts and ascomycetes.
Soil sampling and These organisms are frequently spore formers an
air sampling with tolerant to extreme conditions. Bacterial bioaerosc
a Coriolis sampler showedmarine influence. In ecological network
and a RNAlate Molecular 16S rRNA  analysis, bacterial communities were clustered by

(Archeret . \iurdo Dry Valleys coIIe.ction sequenc?ng an.d ITS  habitat, fungi clustered by geogrhje distance,

al., 2019) medium, as sequencing. Air mass indicating more dispersal limitations for fungi. No

designed in back trajecory. significant distancelecay detected. Nestedness
Appendix A analysis showeduhgi were more nested, suggestin
Method dispersal limitations. Intercontinental connectivity 1
Development the McMurdo Dry Valleys is limiteih line with
previous modelling indicating infrequent
microbiological exchange with the rest of the worlc

(Weisleitner, Bioaerosols were dominated by firmicutes,

Perras, A Coriolis took proteobacteria and etinobacteria, while

Moisst seven samples Molecular 165 rRNA cyanobafzterla only constituted 0.9% of the .

Eichinger, Lake Untersee, over three days. . community. They foun&taphylococcus, Bacillus,

Andersen. & These samples sequencing. Corynebacterium, Micrococcus, Stemccusand

Sattler, were then pooled. Neisseriaand noted similar composition tBottos et

2019) al. (2014)and other Antarctic bioaerosol studies.

(Kobayashi  Hukuro Cove, Sampled for one  Molecular BS rRNA  19.4 times moreBacillusdownwind of penguins

et al., 2016) Langhovde hour near Adelie  sequencing. Air mass from penguin faces.

penguinson to back trajectory.
0.45um filter.
One sample
upwind and one
downwind of the
colony.
(Bottos et McMurdo dry Valleys Air filtered onto ~ Molecular 16S rRNA  Aerosols dominated by firmicutes suggesting
al., 2014) - Miers Valley 0.2mm sequencing. Air mass volcanic activity. Most abundant taxa common to

polycarbonate
filters, total
sample air elume
75,000L at each

back trajectory.

aerosols from other aatinents, representing a
distinct widely dispersed bioaerosol community.
Minimal marine input. Air masseoriginated from
Antarctic Plateau. Some taxa in common with Halll
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of two locations. 1
m elevation. 55
day sample time

station work. Input likely from within Antarctica
rather than intercontinental.

summer.
(Pearce et  Halley V Research Twoweek Molecular 16S rRNA  Low diersity, many sequence replicates and
al., 2010) Station sampling in sequencing. Air mass sequences from uncultivated organisms. No
summer and back trajectory. significantpatterns detected between summer and
winter with Hivol winter. Few marine sequences irrespective of the
sampler with 0.2 distance to water. 1/3 sequences similar to those
pum polycarbonate found in human studies inditing possible
filter. contamination of local environment from research
station.
(Hughes, Rothera Point Hivol sampler wh Molecular 16S rRNA  Microorganisms, including cyanobacteria,
McCartney, (Antarctic Peninsula). 0.2um sequencing. Air mass actinomycetes, diatom plastids and other
Lachlan polycarbonate backtrajectory. uncultivated bacterial groups were detected.
Cope, & filter. Matches for microorganisms indicative lmiman
Pearce, contamination were not found. The closest matche
2004) were from Antarcticlones or from other cold
environments. The majority of the sequences are
likely to be of local origin. Back trajectory
calculations showed that the sampled air may hav
travelledover the Antarctic Peninsula immediately
prior to reaching the sample sita,proportion of the
detected biota may be of noelocal origin.
(Hughes, Rothera Research Exposd agar Plate counts. Faecal coliform bacteria detected 75m downwind
2003) Station plates. the sewage outfall. Within one hour of deposition
UV and desiccation kills most bacteria.
(Marshall, Signey Island, South Rotorod Samplers. Microscopy. Lowconcentations of fungal spores in the air
1997) Orkney Islands Three sites. In compared to the rest of the world. Concentrations
and 0.15m above increased in summeEChlamydosporeand
ground level. Four Vladospoirunspp. were most and second most
rotorods at two abundant spores respectively. Evidence of long
separate 24 hour distance transport of spores.
periods each week
at all three sites
for 14 months.
(Marshall, Signey Island, South Rotorod Samplers. Microscopy. Lichen soredia most abundant bioaerosols.
1996a) Orkney Islands Three sites. In Dominance of soredia over ascospores decreases

and 0.15m
elevation. Four
rotorods for two
separate 24 hou
periods each week
at all three sites
for two years.

with more mature fell field sites. No correlation wit
temperature, humidity or wingpeed. Im ele\ation
not significantly different to ground level. Soredia
peak in numbers after winter snow melt,
demonstrating they are produced at suiero
temperatures.
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1.4 MicrobialQurvivalMechanisms in thétmosphere

Microorganisms are highly resilient to enviroantal stressors, as shown by their successful
colonisation of almost every niche explored by humans to dstever, 2014)The global
atmosphere and terrestrial Antarctica are both extreme environments which share many
survival challenges incluty high ultra violet (UV) irradiance, low teemature, low

humidity and low nutrient§Womack et al., 2010)The extreme selective pressures
experienced by microorganisms in the atmosphsheuldresult in microbes that survive
transpott to Antarctica being well suited to colonisatarctic ecosystemgPearce et al.,

2009) Dormancy (through spore formation) is thought to be the principle bioaerosol
survival mechanisr{Bottos et al., 2014Pearce et al., 2016; Wirack et al., 2010)

Spore formation:To survive transportation in the air, microorganisms can expend
energy to counteract each stressor individually and remain metabolically active, or they can
become dormant through spore formation, becoming resist® all stressors with a single
strategy. Species which become inactive therefore use the atmosphere as a vector only and
are notconsidered to be residents of the aerial habitat. Spore formation is thought to be the
most common mechanism for airbornersivd, given that the majority of culturable
isolates from high altitudes are speferming bacteria and fundiGriffin, 2004; Smith,

Griffin, McPeters, Ward, & Schuerger, 2013¢veral authors have suggested that #ieis
dominated by Firmicute@ottos et al., 2014; Pearce et al., 200@)pacterial phylunm
whichspore formers are common. Bacterial spores are small cells with a highly reduced
cytoplasm and a tough outepating, allowing them to mmain dormant for millions of years
and rapidly reactivate when conditions are appropriate for groy@ano & Borucki, 1995)
Their DNA is boundith various proteins to patect from UV, heat, cold, desiccation and

any other stressors the organism might be likely to encou(itennon & Jone011)
Suspension of cellular metabolism protects against nutrient starvation and the toughened
outer coating may protect from desiccation and (I'¢nnon & Jones, 20113inglecell
eukaryotes and fungi also form spores orteyshich operate on a similar principle. Small
multicellular eukaryotes, like rotifers and tardigrades, undergo anhydrobiosis (desiccation of
their bodies and significant reduction or suspension of their metaholi Anhydrobiosis
similarly facilitates swival in disadvantageous conditions and aerial elispl(Nkem et al.,
2006) Howevermulticellular organisms have a much more limited transport range due to
their larger body sizes.

UV toleranceUVisthe limiting factor determining surval of aerial microbs(Smith
et al., 2011) deactivating foreign microorganisms in Antarctic samples in under an hour
(Hughes, 2003JV intensity rigs with altitude in the aerosphere and is elevated in
Antarctica, due to its thin atmosphere and tleealised depletion of the ozone lay@tearce
et al., 2009) UV radiation is highly damaging to most molecules in celtgnlediates its
lethal impacts through DNA damage, which interrupts all cellular functions. UV daauses
to DNA in various ways, the most significant being cyclobutane pyrimidine dimers, where
adjacent bases bind together. This erroneous binding causssuggion of normal base
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pairing resulting in mutation and distorts the DNA double helix, prevengeges from

being transcribedSinha & Hader, 2002AsUV damage has such serious consequences, all
organisms have developed defences against it. Pigmiemtatr carotenoids are commonly
employed by microorganisms to absorb UV radiation before it can cause damage within a
cell(Sinha & Hader, 2002solates bculturable bacteria and fungi from the stratosphere
often show pigmentation, indicating it could be an important factor for their sur{&atith

et al., 2011; Womack et al., 201®ioaerosols geerally exist as aggregates of particles,
often including organic and inorganic matter bound together. Several authors have
suggested that this might protect against UMigdion, as could persistence within clouds
(Burrows et al., 2009b; Pearce et al., 2009; Womack et al., 2Pli€porganisms in
challenging environmentsften growin biofilms, whit are layered communities of
microbesthat likely provide protection from UV in a similar fashigointing et al., 2015)
DNA repair mechanisms, which correct UV induced damage, are ubiquitous in living
organisms. They inafle use of enzymes such as phgases, which harvest energy from
light to repair damaged DNA. Photolyases have been found iareBi€Iant Antarctic
microorganismgMarizcurrena et al., 2017Excision repair is another very common
pathway, which works by cutting out the damaged pomtiof DNA and resynthesizing it
using the complementary strand as a templé&nha & Hader, 2002%50me microorganisms
such aPeinooccis have highly efficient DNA repair mechanismsgchvitionfer extreme
resistance to UV radiatiofPepper, 2015)

Cold resistanceMost organisms have growth optima well above temperatures
commonly experienced in Antarctica and the aerosphere. With increased altitude
temperature drops to below zero towards the tropopause, to arous@°C, befoe
recovering to approximately zero in the strapt®re (NASA, 1962)Antaictic winter
temperatures become as low &3.2°Cand summer temperatures reach up to 16, with
a summer mean of around ze(Bointing et al., 2015Belowfreezing temperatures cause
ice crystal formation on cell surfag@nd slowing of metabolic processes, which cémeei
kill cells or severely limit their growth rat€Bepper, 2015)Psychrophilic (cdtoving)
microorganisms grow successfully down18 °C(Rothschild & Mancinelli, 200&nd
various adaptions allow these organisms to remain metabolically active. Ratios of
unsaturded to saturated fatty acids in cell membranes ¢anincreased to counteract
reductions in membrane fluidity at lower temperatures. Some organisms have developed
enzymeswith optimal activity at lower temperatures and some employ antifreeze proteins,
which help prevent crystallizatiofLaybouraParry, 2002)Coldtolerant organsms can be
isolated from bacterial communities temperate environmentgWilson & Walker2010)
indicating psychrotolerant organismgdly originated outside Antarctica, transported from
warmer clines. Although there has been no evidence of airborne microorganisms employing
these mechanisms to tolerate cold environments, with increasiotecular studies of
bioaerosols, similar survivalechanisms are likely to be detected.
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Low humidity toleranceWhile microorganisms differ in their responses to changes
in humidity, very low humidity seems universally intoleraitepper, 2015)Both Antarctic
and highatmospheric relative humidity levetgelow, with desiccatiortolerant organisms
frequently found in both environmentduhung et al., 2015; Pearce et al., 200@w
humidity causes damage to the lipid bilayers in the cell membrane and can change the
membrane from a crystalline structure to a gel structureisHffects configuratin of cell
surface proteins, interrupting their function and deactivating the (edpger, 2015) Viral
survival is also thought to vary in a way which is dependent on humidity, with encapsulated
viruses showing better resilience to lower humidiiohr, 2007) As with protection from
UV, associatioswith clouds or other aerosolparticles are thought to help protect against
low humidity (Pearce gal., 2009; Womack et al., 201@ofilms with extracellular matces
adhering the organisms are also thought to reduce water (Bsgnting et al., 2015)Gram
positive cells tend to be more resilient to desiccat{dohr, 2007) thought to be due to a
number of factors such as a thicker peptigcan layer, ability to accumulate magnesium
and linkages to radiation tolerance (probably doestrong DNA repair capability conferring
protection against desiccation as well as (IMakarova et al., 2001 Accordingly, the
majority of bacterial bioaerosols found to date aeam-positive(Bottos et al., 2014;

Griffin, 2004; Smith et al., 2011Blowever, this observatn could be confounded by sample
bias noted againgBram-negative bacterigLuhung et al., 2015pr the fact thatGram-
positive bacteria are also frequently spore formers.

Oligotrophy resistanceAnother shared characteristic and challenge to sl in the
aerosphere and Antarctica generally, is low reiiticoncentrations. The atmosphere is
generally assumed to be lacking in the nutriergquired bymicroorganisms, however key
nutrients for microbial survival such as carbon, sulphate and nitrate can be found in cloud
water, at similar levels to lake wat@Pearce et al., 2009Bauer et al. (2002)bserved
carbonaceous material constituted up to 20% of t@atosol mass in atmospheric aerosol
samples. In addition to metabolising nutrients in the atmosphere, photosynthetic microbes
that can independently fix cadm have been found in air samples, such as cyanobacteria
and hloroflexi(Brodie, DeSantis, & Parker, 2007grosolised bacteria can multiplyd
metabolise organic compounds generally present in clouds, some even at super cooled
temperatures(Dimmick, StraatyWolochow, & Levin, 1975; Dimmick & Wolochow, 1979;
Sattler et al., 2001)Vaitilingom and Deguillaume (201&8)d Amato et al. (2007showed
microorganisms are capable of degrading formaldehyde and carboxylic acids, carbon
sourceghat areoften present in cloud water. Current bioaerosol work is insufficient to
determine the extent of metabolism and division in thenmsphere and what portion of the
bioaerosol community typically remains metabolically active.dssumedhat there is
unlikely to be significant reproduction of bacteria within cloBsirrows et al.2009a),
given that most bioaerosolgely only spend a tiny fraction of their time suspended within
cloud dropletqLelieveld & Heintzenberg, 1992)he ability to remain metabolically active is
the key differentiator between dormant microbesing the atmosphere as a vector and
active microbes using the aisa habitat.

46



1.5 Impact ofAerial Dispersal on Antarcti®licrobialPopulations

Longrange aerial transportation of microorganisms has long been suspected to play a
significant role in structung the Antarctic biological communifiiorowitz, Cameron, &
Hubbard, 1972)Wehave suggested that the air is likely to be the dominant vector for
microbes to Antarcticasge section..3 TheAerosphere andBioaero®l Particleg and that
microorganisms transported via the atmosphere are likely to be preselected to colonise
Antarctica, with sporulation thékely mainsurvival mechanisnsée sectiori.4 Microbial
SurvivalMechanisms in thétmospherg. Most Antarctic environments have a relatively low
turnover rate(Cary, McDonald, Barrett, & Cowan, 20%0)aerially deposited

microorganisms are unlikely to bertsumed ly the resident community. This implies that a
large pool of atmospherically vectored temperate organisms is present in Antarctica, which
will come out of dormancy when conditions become favourable under continued global
warming(Kussell, Kishony, Balaban, & Leibler, 200%greforeit is likely that

atmospherically vectored microbes have the potential to siamtialy impact Antarctic
ecosystems and understanding the potential impacts from this shifting microbial landscape
to the continent is paamount

1.5.1 ThePropaguleBank

The propagule bank describes a reservoir of dormant microorganisms awaiting favourable
conditions to reactivatgWynnWilliams, 1991)It represents the adaptive potential of an
ecosystem, allowing microbial communities to rapidly respond to change. Up to 80% of
microbialcells in soil are estimated to be in a dormant stétennon & Jones, 2013yith no
published equivalent §ure forthe atmosphere. The presence of many dormant organisms
represents a significant risk to the existing microbial community, which could change
drastically, resulting in biodiversity lodsennon & Jones, 2011 Antarctica, aerially
deposited microbes are thought to comprise a large proportion of the propagule bank. An
example of this is found at Lake Vostéig(rel-11), located below the central East
Antarctic ice sheet and named for the Russian research station on its surface. Here, viable
microorganisms were recovered at different depths. The lake iisskaled under thece
sheet and remains liquid due to the enormous pressure from the weight of ice above
(Vincent, 2000Q)Ice cores collected from above the lake contained a contiswbuonology

of micrdbial deposition since the lake was covered around 400,000 yearESagima &
Krishnan, 2013)From the ice cores, viable propagules were found, wutlturable yeasts,
fungi and bacteria present up to around 3,000 years old. At around 10,000 years old,
microbial communities became dominated by spore form@fisicent, 200Q)At arourd

3.6km depth, ice waderived from the underlying lake water and contamable bacteria
(Karl et al., 1999)n 1998 (around the timEigurel-11 waspublished), drilling was
temporarily halted due to concerrebout contaminating the pristine ecosystem. In 2012
drilling was completed and sampling revealed unique micididea however concerns
remained regarding contamination from the drilling procéBalat, 2016)It is speculated
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that as Antarctic ice melts, a multitude of ancient organisms could reactivate from
dormancy(FoxSkelly, 2017)and alter microbial community composition.
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Figurel-11 - Different types of mcroorganisms present in cross section of ice layers above
Lake Vostok. Adapted frorivincent (2000)y Chris King.

To model changes in ecosystems from the revival of dormant species, several cloche
experiments have been performed in Antarcti{€@onvey & WyriWilliams, 2002; Kennedy,
1994; Smith, 1991; Smith, 1994; Wywilliams, 196). A cloche is a cover placed on the
ground designed to warm the ground beneath asdmetimes, to reduce UV exposure or
increase humidity. Although thisvanges multiple variables simultaneously in an unnatural
manner, these experiments provide ight into the potential effects of climate change.
Suchexperimentshave showrsimilar rapid increase in biodiversity and abundance of
nematode worms, cyanobacter, bryophytes and microarthropod€onvey & Wynn
Williams, 2002; Kennedy, 1994; Smith, 1991; Smith, 1994; Wyitiams, 1996)The
increase in abundance of particular species can be driven by increased repoodoicti
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existing populations. However, increased diversity can only be driven by activation and
reproduction of dormant organisms in the propagule bank. The rapid increase in abundance
and diversity in these cloche experiments demonstrated that substartaiges can occur
quickly, and furthermore display both the latent potential and the speed htch the

propagule bank can respond to even slight increases in average temperature. The outcome
of these complex cascading ecological interactions could have ama fundamental

effects on Antarctic ecosystems.

1.5.2 FutureChanges to Antarctica

It is highly likely that climate change will induce substantial changes to Antarctic microbial
communities, fuelled by the propagule bank and aerial iN@anvey & WyniWilliams,

2002; Cowan et al., 201L1However, current understandirapoutthe rate and direction of
change in mimbial communities is limited due to lack of studies in this f{&ednnicutt et

al., 2014) The warming of Aarctica is providing a more hospitable environment to
temperate species. The Antarctic Peninsula has e&peed an average temperature
increase of 3Cin the last 50 yeargTurner ¢ al., 2005)which has led to an increase in free
water availability, an extension of the growing seagGonvey, 2006nd precipitation
beingmore frequertly observed as rain rather than snqRearce et al., 2009 hese
changingconditions are believed to be responsible for the increased range and abundance
of the only two known native vascular plants in Antarctica over disé 25 yeargFowbert &
Smith, 1994)
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Figurel-12 - Projected incease in annual cumulative degree daysgasuring increase in
growing seasonbetween 2007 and 210Q0Chown et al., 2012)indicating risk of alien
speges establishment

The Peninsula actsan early warning indicator to forecast impacts from climate
change for the rest of the continent, as it experiences more temperate conditions and is the
least isolated part of Antarctica. In the near future, the @wtic continent is expected to
experience widespread cooling, followed by warming as the ozone hole recovers. Generally,
coastal or ice free areas are expected to warm first, as they are most exposed to a warming
maritime influence, andre less affectedy glacial coolingqigure1-12) (Chown et al.,
2012) Observed changes and cloche experiments indicate isergaground cover and
surface greening will occur, as the conditions beeamore amenable to plants. Lichens and
cyanobacteria will likely grow more optimally, given many are psychrotolerant rather than
psychrophilic. These changes could create posigeelback effects on atmospheric carbon
levels and climate chand@ointing et al., 2015A green Antarctereflects less light, and
increased carbon fixing from higher photosynthetic rates may be more than offset by
increagd release of carbon in soils, through greater decomposititwinting et al., 2015)
Ly aF NOGAOF Qa FdzidzNE OKIFy3ISa O2ydAydzS G2 YIS
organisms, therefore dormant bioaerosols originatingnearby regions are likely to
activate, as are other temperate microbpeeviously deposited in soil and water via the
atmosphere and other vectors.

50



1.6 Study ofBioaerosols: Filling théaps

This chapter has outlined the evidence for and mechanisms dbraetransportation of
microorganisms. The limited studies to date havafoaed speculation thabioaerosols

are extremelyvariable Although most microorganisms likely originate from local species
pools, at least some originate frofareignareas. Giventhe sensitivity ofglobalbiomesto
non-local organisms, addressing key knowledge gaps of airborne transportation is essential
to understand future responses to climate change. In the future we hope that technological
advancements will allow studies toesth more light onto the extent, soces (local or
intercontinental), survival mechanisms and significance of airborne microorganisms to
globalecosystem structuring. With the technological advancements made in the past few
years, we have an unprecedentedpmptunity to resolve these coreidlogical questions.
However, to understand the underlying physical processes discussed in this chapter that
drive this transportation, interdisciplinary studies must be conduciét foci of the

remainder of the thesis arurban bioaerosols, as so marggpleworldwide dwell in cities

and Antarctic bioaerosols, due to the fragility, uniqueness and isolation of Antarctica.

1.7 Thesis Objectives
This thesis haithree main objectives:

1.7.1 QuantifySatiotemporalBioaerosoNariabilty in UrbanParks in

Auckland, Araroa New Zealand
The aim of this research was to understand spatiotemporal variation in bioaerosol
communities across city parks, and to determine if it is possible to predict community
variation based on environmentalNaA | A2y ® bAYyS LI NjJa Ay ! dzO(f I
were repeatedly sampled in autumn and winter to quantify the relative contributions of
environmental variables to fungal and bacterial bioaerosol communities and understand
bioaerosol exposure in urban ga at a citywide spatial scale. This is important
understand the microbial exposure of people visiting city parks and to begin to predict and
model how this might change over space and time.

1.7.2 Characteris&asonablariability ofBioaerosols in AotearoNew Zealand

over aTwo-yearPeriod
The aim of this research was to determine if there is detectable seasonal variation in urban
bioaerosols and whether this variation was predictable based on measurable environmental
variables. Air samples were collectedhe centre ofAuckland, every wdefor two years, to
understand seasonal variation of bacterial and fungal bioaerosols. This sampling represents
the longest continuous urban bioaerosol study to date and is vital for shedding light on the
exposure of ¢y dwellers to airborne pathogens aralergens. The relative contributions of
different environmental factors to bioaerosol diversity were quantified and insights were
gained into temporal dynamics of urban bioaerosols sulatropical climate.
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1.7.3 QuantifyDiel Variation andTest forintercontinentalConnectivity of
AntarcticBioaerosols

The aims of this research were, firstly, to determine if there is detectdielesariation in

Antarctic bioaerosols and if this can be predicted based on environmentatieariand

secondly, if connectivitpetween bioaerosol communities is detectable at very large spatial

scales. Sampling of ambient air was performed in the McMurdo Dry Valleys of Antarctica, in

two-hourly increments for several days to quantify temporaiation of Antarctic

bioaerosols at fine scale. These samples were compared to those collected at Baring Head

Lighthouse, near Wellington in Aotearoa New Zealand, to assess levels of intercontinental

bioaerosol exchange between Antarctica and the rdghe world. This research is crucial

dzy RSNRUGIFYRAY3I 0A2FSNR&aA2ta Ay !yial NOGAOI Qa

predicting ecosystem changes in a warming world.

The general discussion syntheesi the mairthemes and findings across studies and
discus®espotential future directions foresearch Aerobiology is a relatively new stield
within microbial ecology. Due to this, significant effort was put into developing the
protocols followed throughout this thesis. Various sample collection protosataple pre
processing, DNA extractigorotocols and bioinformatics pipelines were compared for their
ability to operate in temperate and cold environments, the quantity of DNA recovered, and
the quality of data generated for further analysi$is work povided methods that
dramatically redeed sampling times in cold environments and increased assurance over
bioaerosol community data generated from bioinformatic analyBie thesis finishes with
supplementary information which pertains to the previous esmental chapters and the
reference list.

52

dzy



Chapter 2 Spatiotemporal Bioaerosol Variability in Urban
Parks
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2.1 Abstract

The atmosphere provides a conduit to almost all worldwide ecosystems for microsnga
that canexploitit, including invasive specieadorganismghat can bepathogerncto
humans Understandingecosystem connectivity via the atmosphere is crucial to
understanding worldwide ecosystestructuringandfor predicting changes which may
occur in a warming worldioaerosols in urban parks havedmesubjected talmost no
molecular interrogation, despite thiact they are poorly understood and are knowmn
harbour pathogens and allergens. Here, #patiotemporal variation ancelative
importance ofputativedrivers of bioaerosol variation were guigfied for the first time.
Nineparks in Auckland, New Zealand were samjtechultiple blocketween July2017
and June 2018&ith a Coriolis liquid cyclone air sampland their fungal and prokaryotic
(bacterial and archaeal) communities assessed tghoaternal transcribed spacdfTS and
16S rRNALES geneamplicon sequencindBioaerosolsn urban parkyaried as a result of
many factorsin particular location,time and sampledair-mass sourceModelling was able
to explain38% of the fungal vaation and 19% of the bacterial variatiohimewasmore
important forfungithan bacteriaLikely die totheir ease of dispersal, bioaerosol
communities @d not showtypical microbiabistancedissimilaritypatterns but did display
local differentiation probablydue to differences in local sourcekhis work sheds important
light on thescales of variatiom bioaerosol communities and ttrelative contributions of
measurablesnvironmentalvariables to bioaerosol commugistructureand microbial
exposureof city-dwellers.

2.2 Introduction

The aerosphere has been identified as the last unexplored biome on (anititing, Fierer,
Smith, Steinberg, & Wiedmann, 2016)d contains a diverse microbiological component
including bacteriafungi and viruses with putative impacts on atmospheric chemistry, cloud
formation, human health and bgeography(Kellogg & Griffin, 2006; Smith et al., 2011;
Womack et al., 2010)ery little is known, howeveabout the dispersal and connectivity of
airborne microbial populationdBioaerosols vary markedly over space and t{Berrows et
al., 2009b) but information is lacking on the relative importance of the factors that drive
this spatiotemporal variation, and scales over which they opefateher et al., 2020;
Womack et al., 2010Addressing this knowledge gap is important as many bacterial and
fungal bioaerosols have the potential to be allergens or patho§¥oset al., 2016) or are
environmental organisms that affect the ecosystems in which we ré&8ideows et al.,
2009b) Understanding movement of aerial microorganisms informs the potential for
connectivity amongnicrobial @mmunities in disparate ecosystemdrban parks represent
a tractable opportunity to understand bioaerosols in the urban environmenwhich
millions of people worldwide are exposelgecent evidence suggests that exposure to
greater microbialiversity las a multitude of health benefifhuireach et al., 2020Parks
are consistently maagedecosystemsspatially discretesimilar in environmental conditions
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and numerousproviding natural replication of data points within the same urban area. This
ease of eplicationprovidesthe opportunity to explore the relative effects of factors which
are predicted to be important based on previous aerosol rese@Bcinrows et al., 2009b;
Pearce et al., 20)@®r previous reseaftin other microbial communitiesuch & soil or

water (Carini et al., 2020; Lear et al., 201Bhese factors includgements in the local
environnent that emit bioaerosolsmeteorologial conditionsand the effect of wind

direction. Further, parks in urban areas represent fine scale-le&dchanges and thus
provide a chance to extend our knowledge on effects of landpasernson bioaerosols at
acoarser scale.

Bioaerosokoncentrations and compositiorary with different laneuse types or
biomes(Bowers et al., 2011a; Burrows et al., 200&a&rlierresearch focussed on
cultivatable numbers of airborne rarobes.Bioaerosol concentrationappeared to be
highest over more productive areas, such as grassland or crops, and in cities, and lowest
over deserts, ice and seéBurrows et al., 2009b; Harrison et al., 2005af&r & Lighthart,
1997) Very lttle research has been done on city paggecifically. Fang et.gR007b)noted
lower concentrations of culturable bioaerosah the singleBeijingparksampledcompared
to surroundingurbanareas Thiswaspostulated to be due to fewer vehicle movements
aerosolising microorgasms.In the UK, three urban parks were subjected to metabolite
fingerprinting(GarciaAlcega et al., 2020Y he results showed seasonalffelientiationin
microbial communitiesandthe bacterial gener®acillusand Pseudomonaand Penicillium
fungus frequently detected in bioaerosolaiere identified (GarciaAlcega et al., 2020)
Later, molecular approaches continuedimprove understanding of urban bioaerosols.
Airbornebacteriain two urban green space areas in Eugene, Oregon were characterised
with high throughputmetabarcae sequencingMhuireach et al., 2020 core aere
microbiome of plant and soihssociated genera wabserved and the forested site was
more diverse than the gragsovered one. Seasonal and other ssgecific effects (site
explained 41% of the bioaerosanance) were also detectgd/lhuireach et al., 2020)
Barberan et al. (2015howedgeographical differentiation of fungal and bacterial species
detected n dust gathered from the outside of housasross the US. They reported no
distinct urban verss rural communityor effect on diversitybut that urban samples were
more similar to each othahan rural onesArecent study in Japamowever,reported
greaer alpha diversityf taxaat suburban compared to urban site¢Tanaka et al., 2020)
Someurban molecular bioaerosol studies reporveisity comparable to sojBrodie et al.,
2007b). Woo et al. (2013%ampled along an urbanisation gradien Hong Kong andid not
find a significant rel@donship between bioaerosols and urbanisatidws the number of
studies was so limited, and the majority of environmental microbes do not grow in culture
(Pearce et al., 2009)hereisa need to apply molecular methods totgemore complete
picture of bioaerosol diversity in city parkghis studysthe first molecular characterisation
of fungalbioaerosolgand only the second for bacteria) urban parks. The number of iz
sampled Kine) iswell abovemostother comparable stugs helping to address the
knowledge gap apparent in the literatureNoSouthern Hemisphere parks appear to have
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been studied, so this worik also the first to gather data in this region, andaiisubtropical
climate.

Seasonalityhas repeatedly been demonstrated to affect bioaerosols. There tends to
be higher concentrations of culturable microbes in warmer and wetter periods, but this
pattern is not universalBurrows et al., 2009b; Lighthart & Stetzenbach, 1994; Woo et al.,
2013) Longterm observations in th&lorthern Hemisphere showed higher concentrations
of culturablemicroorganisms imutumn and lower concentrations iwinter (Burrows et al.,
2009b) Every molecular study of bioaerosol seasonality reviedetected seasonal
variationand, frequently, a relationshp with temperature(see sectior8.2 Introduction).

Higher summer concentrations of bioaerosols are posited to be due to warme
temperatures, increasing microbial reproduction and aerastibn (see sectiori..3.2
BioaerosoParticles: Temporal an8patial Variation).

Air-mass source is thought to be another key driver of bioaerosol communities. In January
2020 the New Zealand sky turned sepia, when smoke from the Australian bushfires was
carried thousands of kilometres across the Tasman Sea. This observation is supported by
several recent molecular studies indicating thatramss source is a driver of tlaero-
microbiome(Archer et al., 2020; Maki et al., 2017; Woo et al., 20B8jtos et al. (2014)
detected no local ocean bioaerosol influence in their Antarctic sampling but dehabs
influence from nearby volcanic activit@orrelationis thought to occur between time of year
and air mass origiflWoo et al., 2013)Woo et al. (2013jletected seasonal patterns in alpha
diversity and temperature effés on diversity as estimateasing theUniFracdistance

metric. The driver for the observed seasormtterns was postulated to be seasonal

changes in air mass origin from continental to marine.

Little research has addressed the relevant temporal scalethé influence of wind
on bioaerosotoncentration anccommunity structureThe source of sampled air can be
estimatedusing backrajectory analysisThreeday kacktrajectories(revealingthe
movementsof sampledair for the previoushree days)yre namally usedas predictors of
bioaerosol variationn the literature(Archer et al., 2020; Archer et al., 201B)s untested
to date,if three dayss the best predictor of variation in bioaerosol community strure.
Bacteria have beesimulated toremain airborne for anean of one week, with substantial
variation either wayBurrows et al., 2009a}o it is possible another trajectory length may
be more informaive.

A furtherfactor thought to ifluence aerial microbial populationsweather. For
instance, rain is thought to increase deposition of suspended microorganisms and reduce
concentrations of bioaerosol[8urrows et al., 2009bEpecies such &#seudomonasyhich
possess ice nucleation proteins, are thought to be particularly affected by patterns of
precipitation.Other meteorological variables suchtasmperature, humidity and turbulence
also impact bioaerosol communiti¢glso see sectioft.3.2BioaerosoParticles: Temporal
and Satial Variationandsection3.2 Introduction).
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The aim othis chapteris to usebioaerosol communities in urban parks within
Aucklandjn AotearoaNew Zealando ask two research quésns: (1) What isthe
relationship between temporsscale of wind backajectories and variation ibioaerosol
community structur@ (2) What arethe effects of environmental variation among different
parks on bioaerosol community structure and populatdensitie® To characterise
community structure, bacteria/archaeasere identified using 16 SRNAgene sequencing
and fungi usingequencing of théT Sgene

2.2.1 Hypotheses
1. Temporalwind hypothesisAir-mass trajectories of differing spatiotemporal lengths
differ in ther ability to predict variation in bioaerosol community structure.
Specifically, ongveek trajectories provide the greatest explanatory poyas
indicated by modelling
2. Environmental drivers hypothesis
a. Spatial variation in bioaerosol communggructure (composition and
diversity) at Auckland parks can be predictedilhe, geographic origin of
sampled air, altitude, distance to sea, temperature, relative humiality
park sizgsmall, medium, large).
b. Relative abundances of common and raretadluctuate by locatiortjme,
and air mass source.
3. Distancedissimilarityhypothesis Similarity in community composition of parks
declines with their increasing geographic distance.

2.3 Methods

2.3.1 Fieldsampling andnvironmentalData Collection

Nine Aucklangbarks were selected faampling(Figure2-1). The Auckland parks were
predominantly gradand, with varying numbers afeciduous and coniferousees, and

subtropical ferns. Some parks had bodies of water in tr&rh as Western SpriagThe

parks had differing numbers of pedestrian and vehicular movements. Livestadkas

sheep and cattle, were kept in some parks. The presence of birds and dogs was also variable
among parks. The parks differed markedly in aed altitude,with seweral Auckland parks
encompasmg volcanic summits.
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Figure2-1 ¢ Map of Auckland metropolitan area with thaine urban parks selected for

sampling indicated Aotea Squarewas a control sampling location.

Each location was visited in a randomised order between 10 am and 4 pm to account
for any diurnal effects. The sample was taken in the same location each timesadathe
centre of the park as practicable and at miminelevation (avoiding effects from change in
altitude or being close to an edge confounding results). Each park was visited thredttmes
provide sample replicatiorih the first sampling windowWl2 July 2017 to 14 September
2017) and three times in theecond sampling window (20 March 2018 to 1 June 2(0183.
was to replicate the sampling within two seasons, so teatporaldifferences could be
characterisedThe dates of visits wergelected based on practical considerations for
performing the samphg, such as traffic at particular times and availability of the sample
locations on different dates. The timing and order of visits was varied to control for any
unforeseen effects related to sampling order or timifigne exact location was saved on
Googé Maps(Googleand a photo was taken of th€oriolis(seesectionA.1Introduction)
and location.Sampling was performed 118 above ground leveGloves were worn and the
extender and Coriolis unit cleaned with bleach. The Coriolis neck, head and cone were
cleaned with bleah, ethanol and three rinses ofilli-Q HO MQHO). The cone was filled
with 15 mL ophosphate buffered salind’8$% A negative was taken (PBS put into the cone
without running the Coriolis) before running the Coriolistieo ¢ four minutes with
MQHOto ensure all bleach residue the head and neck was removed. The MQHvas
discarded and replaced with 15 mL of PBS and the Coriolis was run at 300 b iaur.

The PBS in the cone was topped up to 15 mL after 30 minutes and sampling was completed
with 10 mL PBS remaining in thene. Samples were transferred into a itk falcon tube,
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transported in an insulated box with ice blocks and storee2@t Cwithin four hours.

During sampling, observations were recorded of weather conditions (with a Kestrel 3000)
and particle counts wereaken (with an AeroTrak particle counter). If rain occurred the
Coriolis was sheltered with an umbrellrain was heavyhe Coriolisvas packed up until

rain abated.

Air-mass bachrajectories were generated hourly over the sampling periods using
the NOAAHYSPLImModel (v5. 0. 0 UbuntujStein et al., 2018)ith GDAS meteorological
data. Clustering was performed iHYSPLIBeeAppendix BAYSPLIT Clustering Procedure
for details) The number of clusters selected (six) was based on a marked increasd in tota
spatial variance as clusters reduced. The cluster for each sample was manually entered into
the metadata, which was imported into R. Bairtkjectories were generated farne-day,
three-day andone-week durations.

2.3.2 LaboratoryProcessing
For details on DNAxtraction and DNA sequencing methods seetionC.1Laboratory
Methodsc DNA Extractiopand sectionC.3Laboratory Mehods¢ DNA Sequencing

2.3.3 Bioinformatics

For details on bioinformatic processiageAppendix DOptimising Bioinformatics Protocols
for Aerosol Microbial Community Datea Case Study Using an Urban Parks Dat@iket
outputs, the decontaminate@mplicon sequence varianASV table (with read counts
adjustedto remove contaminant sequenceand combined taxonomy and relevant
metadata were dirther analysed in R with respect to the hypotheses for this study.

2.3.4 DataAnalysis

The 16%the gene for theRNA component of the 30S small subwiithe prokaryotic
ribosome)and ITSspacer DNA situated between the smsilbunit RNA and larggubunit
ribosomal RNA genés the fungal genomeAS\Mables were prepared for analysis in two
ways:(1) with all ASV&nfiltered ASMables)and (2) with a filter applied for only ASVs with
more than either 100 reads (for 16S) or 500 reads (for ITS) and a @afGEvariation of
greater thanthree (filtered ASMables). These filters were used topnove any signal which
would be masked by invariant taxa and/or ldewel stochastic variatiorRead counts for ITS
were higher, hence the greater stringency of fileer applied.

Next generation sequencinlGSdataareA Yy KSNBy G f & @O&,YLIZaAAGAZY
Macklaim, Pawlowsklahn, & Egozcue, 201 ®eaning thatread counts generated are
guantitative description®f part of a whole and only reflect relative, not absolute
abundances. Compositionality in NGS data arises because sequencing machines have limited
slots and once saturated cannot count further readgerkEwith low biomass bioaerosol
samples, other stepism the sequencing process including PCR amplification, standardisation
and stochastic variation in the read depth for different samples, mean that raw read count is
not an accurate measure of microbidundance. Various problems occur when non
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compositianal tools are used on compositional data. Distance matrices are confounded by
differences in read depth, spurious correlation upon sgting occurs and relative
abundance measures show a high fatesitive rate(Gloor et al., 2017)Conpositional

tools typically use a log transformatigAitchison, 1982)Since the log of zers undefined,
zeros in theAS\Mable present a problen. Toaddress thisBayesian multiplicative
replacement was performeGloor et al., 2017; Quinn et al., 20E8)d implemented using
the function cmultRep{Aitchison, 1982; Templ, Hron, & Filzmoser, 20d1he R package,
czCompositions(vl. 3. 4 PalaeaAlbaladejo & MartiFFernandez, 2015)
oRobCompositiorss(v2. 2. 1 Templ et al., 201Myas used to generate the Aitchison
distance matrix, which was fadto downstream analysis functions. Hill numbers, DO, D1
and D2 were calculated using the R packagiellRE (vO. 5. O)Li, 2018; Oksanen et al., 2012)
based on the unfilteredSMtable to quantify alpha diversityA BrayCutis (BC) distance
matrix, HellingertransformedAS\able and Jaccard presence/absence matrix were also
generated using the R packa@esgart. Results from nortompositional data analysvere
generally consist@ with the results from compositional togland so are not presented in
the main text §eesectionE.1.3Resultsrom Non-CompositionalData Analysisfor details.

Variance partitioning of the Aitchison distanbased redundancy analysis (RDA)
of the compositional data using thearee different lengths of back trajectories
explanatory variablewas used to determine whidback trajectorylength would be used fo
the remainder of the analysis. Variance pactiting provided quantification of the relative
importance of alternative trajectory lengths to the sampled bioaerosol communities. For
these purposes, a high€ indicated bettercorrelationof a trajectory Variancepartitioning
was also performed onreRDA othe matrix ofHill numbers related to each sampising
the three differentbacktrajectory lengthsas explanatory variableBlill numbers calculated
were 9D where D equals 0 or Oaw diversity i.e.the number of ASVs), Oéxponential of
Shanno® & Sy (i NRWR SYRSBEYOISNBS 27T { A(®Ha ehu®a 02y O
Jost, 2016)

Db-RDA with variance partitioning was used to quantify the relative importance of
measured variables for predicting bioaerosol variation, inclutimg, wind direction,
temperature, rdéative humidity, distance to sea, altitudand park size (small, ™daim or
large)and a Euclidean geographical distance matrix to account for any effects of spatial
proximity of parksusing the UTM coordinates of each sample @itable2-1). Inaddition to
guantifying the relative importance of the different variables, this procedure quantified the
portion of explained variation that is shared among variables. Firstly, forward selection of
variables was performetb reduce the number of explanaty variables in each dBDA
analysis. This was implemented in R using the capscale and ordistep functiwegart
(v2. 5. 6XOksanen et al., 2012yariables were included withRvalueof 0.01or lower.
Forward selection was run with 999 permutatiofslected \ariables were included in the
db-RDA with variance partitioning (y@art function indvegarg) along#de location andime,
which were included to account for spatietgoral autocorrelationAll numerical variables
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were standardised a&scoresprior to analysis so that any effect sizes would be

comparable

Table2-1 ¢ Summary table of variables showing their inclusion in the-&iDA

Variable Variable Description Included in Included in
type 16S model? ITS model?

1-day back Categorical Path of sampled aimass Yes Yes

trajectory in previous 24 hours

cluster

3-day back Categorical Path of sampled aimass No No

trajectory in previous 72 hours

cluster

1-week back Categorical Path of sampled aimass No No

trajectory in previous 18 hours

cluster

Time Categorical Time of yeaduring which Yes Yes
sampling took place

Location Numerical Euclidean distance matrix Yes Yes
of UTM coordinates of
park sampled

Weather Categorical Weather during sampling No No

Temperature Numerical Temperature during No No
sampling

Humidity Numerial Humidity during sampling No Yes

Size Categorical Park area small, medium Yes Yes
or large

Elevation Numerical Elevation above sdavel No Yes
of sampling location

Distance to sea Numerical Distance from sampling No Yes

location to sea

Further vsualisation of compositional variation among samples was achieved by
generating Normetric MultidimensionalScaling (NMDS) plots using the packagegarg
and the Aitchisordistance matrixThe stress fotwo to sixdimensions was compared, with
500 randan starts and 999 iterations per run. The lowest dimensional solution with a stress
under 0.2 was selecte@dcCune, Grace, & Urban, 2002he function staellipse in
oggplotZ (v3.3.2)(Wickham, 2016yvas used to createllipses assuming a multivariate
distribution. To assess patterns by locatidime and trajectory for different taxa,
differences in relative read counts were quantifisdgenerate taxon bar plots using
oggplotZ and ophylosed (v1.30.0 McMurdie & Holmes, 2013 he percentage of total
read count vascalculatedon data fitered as followsFor 16S samples and ASVs with less
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than 100 reads were filtered ouRelative abundance by genus for eazditegory included
only genera with at leasd.5% of the readsFor ITS samples with less than 100 reads and
ASVs with less thar0B reads were filtered oufelative abundance by gentisr each
categoryincluded only genera with at least 1% of the reads

Scatter plots and box plots of Aitchison dissimilarity values were generated for each
explanatory variabl¢Baselga & Orme, 2012)o assess if dissimilarity increased with
geographic ttance, distancelissimilarityplots were generated using Aitchison distances
with dbetapart (v1. 5. 1Baselga & Orme, 2012)

2.4 Results

2.4.1 OneDayWind BackTrajectoriesCorrelate Best with theBioaerosol
GCommunity

More conpositional variationwas explained folTS (fungi) than for 16S (bacteriB)gure

2-2). Forl6S, the wind trajectories overall explained no significant variation in composition,

but one-daywind had an? of 6%. FoITS, there was @otableamount of shared variation

explained by all three tested trajectory lengths. Gieey and oneveek wind had a similar

R, suggesting either trajectory length would be suitable. Redudt® the Hillnumberbased

RDAindicatedone-day wind trajectories consistently had the high&8tBased on these

results, the oneday backirajectories were selected for both amplicons for the-BRDAs

with variance partitioning.

62



Wind 3 day Wind 1 day

Wind 1 week Residuals = 1.02

Values <0 not shown

b)

Wind 3 day Wind 1 day

Residuals =0.83

Values <0 not shown

Figure2-2 ¢ Variance partitioning of the results from a distandeased redundancy
analysis on the Aitchison distances among samples in the filtefA&Wtables for (a) 16S
and (b) ITS (abundance over 100 reads f66lor 500 reads for ITS, and a coefficient of
variability greater than three) showing the variance explained by cday, threeday, and
one-week back trajectories. The 16S variance partitioning showsRanf 6% for oneday
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wind. The totalR? for the modelwas greater than one due to negativie? values

as®ciated with several of the other variables. Negati¥& values occur in RDA analysis
where most of the explanatory variables in a model explain very little information and are
thus interpreted as zero expined variancgvalues not shown)

2.4.2 BioaerosoCommunity Sructure isNoisy, butPartially Explained bywind,

SatialLocation andlime
Wind, location andime were consistently important in explaining compositional variation
among samples in bacterial and fungal aeraswhmunities Figure2-3). ITShad a much
higherR2 than 16S for the overall model (38% for ITS compared to 19% for 16S). Both
amplicons showed shared explained variation between wind and location. There was also
consistent shared variation betweeizs and location, elevation, relagvhumidity and
distance to sea where presetimeappeared to be important for ITS but its importance
was less eviderfbr 16S. Weather, park area and temperature were consistently not
includedin the dbRDAsas they vere notidentified by the forward s&ection procedures.
Location and onelay wind appeared to be similarly important and tiree was also
important in some analyses, particularly for ITS. Location was less important for both
amplicons when the unfilteredASMables (including all ASVs) wearsed.Strongtemporal
clustering wagonfirmedin NMDS analysis &TS Figure2-5), whereas 16S showed much
weakertemporaldifferentiation (Figure2-4). Some clustering is present by both location
and wind trajectory, and this was more pronounced for ITS tléf 1

64



ay Wind Source

Location Size

Residuals = 0.81

Values <0 not shown

b)

Season Day Wind Source

Location

Size, Elevation,
Distance to Sea,
Relative Humidity

Residuals = 0.62

Values <0 not shown

Figure2-3 - Variance partitioning of the results from a dRDA orthe Aitchison distances
among samples in the filtered\S\Wtables for (a) 16S and (b) ITS (abundance over 100
reads for 16S or 500 reads for ITS, and a coefficient of variability greater than three)
showing the variance explained by locatiotime (referred to as season)one-day back
trajectory and other variabés as indicated by forward selection procedures.
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Figure2-4 - NMDS ordination of the 16S Aitchison distance matrix of the filtered ASV
table. Time(season)s indicated byellipsesrepresenting thet-distribution of the autumn
and winter points. Locations are denoted by colband each sample isumbered withthe
trajectory cluster to which it belongsStress on 16S NMDS wasl5 (dimensionsone and

two are presented above)the three-dimensional solution was selected as theo-
dimensionalsolution had stress greater than 0.2 so could not be relied upon. Dimensions
one andthree, andtwo andthree are presented infupplementaryMaterials E.1.).
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Figure2-5 - NMDS ordination of the ITS Aitchison distances among samples in the filtered
ASV tablesTime(season)sindicated byellipsesrepresenting thet-distribution of the
autumn and winter points. Locations are denoted by different colours and each sample is
numbered withthe trajectory cluster to which it belongsThe stress on the ITS NMDS was
0.15(dimensionsone andtwo are presented above)the three-dimensional soluton was
selected as theéwo-dimensionalsolution had stress greater than 0.2 so could not be relied
upon. Dimension®ne andthree, andtwo andthree are presented inQupplementary
Materials E€.1.9. Highker dimensional solutiondad lower stress values for both

amplicons

2.4.3 DifferencesvisibleAmongLocationsWind TrajectoryQusters, andlime
in RelativeTaxonAbundances

Unfiltered kacterial reads numbered 607,740, with 3,828 ASVs infetdediltered ungal

reads numbered 1,79883, comprised of 5,311 ASVs.
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RelativeAbundance byocation¢ 16S

Each sample location had a distinctive@aricrobiome Figure2-6). While similar genera
tended to be abundant in most places, this was not ursaé For instance,
Methylobacteriumwas abundant at the museubut was largely absent from other areas.
An unclassified family of enterobacteria was only present in any significant number at
CornwallPark. Bacilluswas present at about half of the sitdssteriaspp., which can include
human pathogensvere widespreadFiltering criterisare described irFigure2-6 legend
below.

0.754
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Relative Abundance

0.254

0.004

Cornw:all Park Fijira lliorest Keilh Héy Park hdl Alhf-l:rl Park ML EdﬁnI Domain  The Mluseum Warren FlrffFr Park Wesierr{ Springs Wm[imlill Park
Location

uncl_[_Enterobhacleriaceae 1_Hydrolalea g_Sphingomanas uncl_o_Cyathea_poeppigii |:| uncl_c_Chloraplast
Genus g_Methylobacterium uncl_{_Milochondria g_Lisleria q_Burkholderia

g_Bacillus _Staphylocaccus g_Pseudomanas g_Ralslania

Figure2-6 - Relativeabundanceby genusby samplelocation for 16S Samples and ASVs
with less than 100 reads were filtered ouOnly genera with at least 0.5% of the reads per
location are included in the bar plot.
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RelativeAbundance byocation¢ ITS

Fungal genera present were highbriable by locationKigure2-7). There was a greater
number of variable genera, and modédferentiation between locations compared to 16S
data. Khuskiaspp. were only present at Mount EdeMany Trametesspp. and
Saccharomycespp. were present at Fijoa Forest compared to other areaanodermaspp.
were much more common at Albert Park thaseawvhere Filtering criteriaare described in
Figure2-7 legend below.

0.8+

0.6+

0.4+

Relative Abundance
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Cornwéll Park Fijoa lliarest Keith Hlay Park Mt Nbeln Park Mt Edeﬁ Domain The Mhseum Warren Flreer Park \.v\u'esternI Springs W\ndmlil\ Park
Locaticn

q_Khuskia uncl_d_Fungi uncl_p_Basidiomycota _Ganoderma uncl_c_Agaricomycetes
Genus q_Mycena g_Trametes g_Phoma g_Rhodotorula g_Gibberella
§_Hahenbuehelia uncl_p_Ascomycota g_Batryotinia g_Leptosphacrulina

_Cerrena y_Davidiella g_Resinicium 1 _Hyphalama

Figure2-7 - Relativeabundance bysamplelocation for ITSSamples with less than 100
reads and ASVs with less than 588ads were filtered out.Only genera with at leasfi% of
the reads per location are included irhe bar plot.
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RelativeAbundance byimeg 16S

The bacterial community composition visibly shifted between autumn and wiRigure
2-8). Methylobacteriumwas present in winter only. Unclassified Chloroplastse more
dominantin winter. Filtering criteriaare described irFigure2-8 legend below.
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Genus g_Hydrolalea g_Sphingomanas uncl_I_Milochondria uncl_o_Cyalhea_poeppigii uncl_c Chloroplast

] 9_Bacilus [ o_metylobacterium B o s ] ¢ Burknolderia

Figure2-8 ¢ Relativeabundanceby genusby time (season¥or 16S.Samples ad ASVs with
lessthan 100 reads were filtered out. @ly genera with at least 0.5% of the reads for each
time were included in the bar plot.
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RelativeAbundance byimeg ITS

The fungal community varied markedly between autumn and wi(fegure2-9). Phoma
spp. were much moredominantin autumn, as weré.eptosphaerulinaRhodotorulaand
Khuskiaspp. In contrast,Trametes, Botryotiniand Ganodermaspp. were morecommonin
winter. Filtering criteriaare describedm Figure2-9 legend below.

0.8

—

0.6 4

.4

Relative Abundance

2 4

.04

Auturmn Winler
Season

. g_Mycena |:| n_Cerrena I:‘ g_Resinicium . g_Ganoderma D n_~Gibberalla
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|:| g_Trametes . f_Botryotinia . g Hypholoma . g_Leptosphaerulina

Genus

Figure2-9 - Relativeabundance bygenus bytime (season)¥or ITS.Samples with less than
100 readsand ASVs with less than 500 readere filtered out. Genera with at least1% of
the readsfor eachtime were included in the bar plot.
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RelativeAbundance byind BackTrajectorydusterg 16S

Bacterial genera wereariable depending on the weather system sampleigre2-10).

Clusters one, two, four and five had reasonably consistent assemblages of microbes. Cluster
six had a distinctive assemblage dominatedvsthylobacteriumspp, an unclassified

chloroplast ad an unclassified mitochonam. Anothe unclassifiedrganism (likely a

chloroplast from theplant specieryptomeria japonicawas present only in cluster one.
Filtering criteriaare described irFigure2-10legend below.
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Figure2-10 ¢ Relativeabundance by back trajectory cluster 16Samples and ASVs with
less than 100 reads were filtered oud) Relative abundance by gnus for each wind
trajectory. Only genera with at least 0.5% of the reads for each wind source included in
the bar plot.b) Paths of the six clusters identified over the sampling period in the previous
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24 hours before sampling, generated by the NOAXS$PLT model based on GDAS
meteorological data.% next to each cluster indicasgroportion of trajectories assigned
to that cluster.

RelativeAbundance byind Back TrajectoryQuster¢ ITS

Fungal abundance and diversity varied by biajectory of the samm@d air massKigure
2-11). Relative genus abundances in clusters one, two, and six appeared reasonably
consistent, while the other clusters appeared quite differekhuskiaand Cerrenaspp. were
strongly associatedith cluster four. Cluster three was dominated $gccharomycespp.
Resiniciuenspp. were associated with cluster skiltering criteriaare described irFigure
2-11legend below.
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Figure2-11 - Relativeabundance by back trajectory cluster for ITSamples with less than
100 reads and ASVs with less than 500 reads were filtered ajRelative abundance by
genus for each wind trajectoryOnly genera withat least1% of the reads each wind
source were included in the bar plob) Frequency plot of ai sourceover the sampling
period in the previous 24 hours before sampling, generated by the NOA/SHLITodel
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based on GDAS meteorological dataolours indtate % of air coming from indicated area
on the map

DistanceDissimilaritynot Evident forBacteria (16S) dfungi (ITS)

Therewasno evidence of distanedissimilarityacross the 8 km study range, gsnetic
dissimilaritybetween samplegappeared to be orelated tophysical separation of sample
locations (Figure2-12) (with dispersal limitations positive correlation between distance

and dissimilarityvould be expected)Both amplicons show a consistent lack ctalce
dissimilaritywhen using both filtered and unfiltered ASV tables as a basis for the Aitchison
distance matrix.
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2.5 Discussion
2.5.1 Summary

The aim of this chapter was to use bioaerosol communities in urban paitkis wWiuckland,
Aotearoa New Zealand to awer two research questions: (1) What is the relationship
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between temporal scale of wind battajectories and variation ibioaerosolcommunity
structure? (2) What are the effects of environmental variation among different parks on
bioaerosol community sticture?Bioaerosolvarieddepending on spatial locatiobut wind
source and, for fungtjme wasof similar or greater importance.rban parks harboured a
diverse range omicroorganisms andhowed consistency witheneraidentified insimilar
bioaerosd studies s me of the generadetectedcontained obligate or opportunistic
pathogensAir-mass trajectories of differing spatiotempoiahgths diffeedin their ability
to predict variation in bioaerosol community structuiéowever, me-day, rather thanone-
week trajectories provided the greatest explanatory power farckland parksThe
temporal wind hypothesis (air-masstrajectories of differing spatiotemporal lengths differ
in their ability to predict variation in bioaerosol community structure. Sfieally, oneweek
trajectories provide the greatest explanatory power, as indicated by modgthegefore
partiallyfailed to be rejectedSpatial variation in bioaerosol community structure
(composition and diversity) at Auckland pavkascorrelatedwith location,time,
geographic origin of sampled a&ind park size for 16S. FbFS the same factors as for 16S
were impotant, and additionallydistance to sea, relative humidigndelevation were
correlatedwith the bioaerosol communityTemperatureand weatherwere not correlated
with the bioaerosol community fagither amplicon Environmental drivers hypothesis 2 a)
(spatial variation in bioaerosol community structure (composition and diversity) at Auckland
parks can be predicted by time, geograpbigin of sampled air, altitude, distance to sea,
temperature, relative humidity, park size (small, medium, |axg&rtially failed to be
rejected Relative abundances of common and rarer taxa fluctddmye location time and air
mass sourcetherefore environmental drivers hypothesis 2 @elative abundances of
common and rarer taxa fluctuate by locatidime, and air ma&s sourcgfailed to be
rejected Similarity in community composition of parks did not declivith their increasing
geographic distare, therefore the distanceissimilarityhypothesis3 (smilarity in
community composition of parks declines with theiclieasing geographic distanogas
rejected.This study is important because&ban bioaerosols remain poonynderstood yet
are thoughtto have noteworthy impacts on us and the environments we inh@fuireach
et al., 2020) Understandingpatiotemporalvariation on a citywide scale is crucial for
modelling microbial exposure in cities.

2.5.2 WindBackTrajectoryDuration

Back trajetories of dffering durations varied in theorrelation to thebioaerosol
community. Oneday trajectories had thaighestR values in the wind dfikRDAs with
variance partitioningFigure2-2). One or threeday trajectories wee generally better than
one-week trajectories, suggesting that the standard trajectory length of three gaythe
literature (Archer et al.2020)is reasonable. Thigassupported byfrequency back

trajectory analysis, whickhowed more than 10% of source air over the sample period was
from Auckland or close by, and the air coming from outside New Zealasdnder 0.1%
(Figure2-11). Collinearity between the different trajectory lengths was ethved, as air
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coming from a certain direction would generally be expected to continue in that direction as
it moves towards its destinatiomn accordance with this)uster assignments foraeh

sample were reasonably consistent for different trajectonygths.The data suggest ore

day trajectories could have better predictive value than thdsg trajectories, and that
consideration of alternative trajectory lengths to thrdaysis prudent.

2.5.3 SpatiotemporaVariation inBioaerosolCommunitySructure
Wind source and location (geographic proximity) were consistently identified as the most
important variables correlated with variation in bioaerosol community structure (

Figure2-3), with time beingadditionally impotant for ITSThe ITS finding isonsistent with
patterns in the existing literaturélemporalvariationis observedn all bioaerosol
community studies to date that havevestigatedtemporalpatternsfor bacteria and fungi
(seesection 3.2 Introductionfor full details).The lack ofemporal variationfor the 16Sdata
was unexpected given this context, but perhaps a bigger sample sizee@dsd to detect a
smallereffect. Other bioaerosol studiebave showrthat locationor land-usecan also be
correlated with the bioaerosol communifBalyan, Ghosh, Das, & Banerjee, 2019; Burrows
et al., 2009b; Mhuireach et al., 2020; Tanaka et2020) A small number of studies
considered the effect of aimass sourcesome postulated it to be of key importan¢archer
et al., 2020; Woo et al., 201,3)hile others suggested local sources weredieéerminants
of the bioaerosol communityBowers et al., 2013}or the first time the relative
importance ofwind source, location antime were quantified. Modellingpredicted38% of
the variation in fungal communities (ITS) and 19% of the variation in bacterial communities
(16S), which is comparatively high for microbial community @taini et al., 2020Some
spatial effects were evident in the datiaacteria were mostly correlated with location,
followed by oneday wind source. Howevailjfferences were not predictable using
geographic distance between saita locations irthe studyarea, as evidenced by thack of
a distancedissimilarity relationshipFor fungi, the most important variable driving
community variation wagme, with oneday wind and location of secondary importance.
Thegreaterimportanceof temporal variationfor fungiwasnot evident in thebioaerosol
literature reviewed, but few studielsavesurveyedboth bacteria and fungi. Greater
temporal variationfor fungi has been demonstrated in studies of soil microb{&iaigyo,
Umeki, & Hirao, 2019Yhis iossibly due to the fungal genera identified being largely soll
and plant associated and wood rotting organisms, so their abundances coakpbeted to
be linked more closely tolpnt growth cycleswhile bacterial genertended to be more
generalist Shigyo et a{2019)proposed that greater fungaémporal variationwas due to
environmental factors like pht traits, somewhat supporting this ide@/eather and
temperaturewere not identified as influential variables in any analysis. Given that
precipitationisknown to affect the deposition of microorganisitBurrows et al., 2009b)
and temperature has been frequently found to affect bioaerosol commun(tiéso et al.,
2013) this is a surprising result.

79



2.5.4 Effect ofLocation, Time andWind Direction onFungal andBacterial
Generaldentified
All bacteria and fungi observede knownenvironnmental microbes or are associated with
plants, humans or other animals. Mahgcterialgenera identified included pathogessich
aslisteriaspp. Fungal genera present were predominantly plant or soil aasedj with
many wood rotting species. Some yeastye present, and some genera contaith
opportunistic human pathogeresnd allergensuch akhuskiaspp.The genera detected
such adacterialPseudomonas, Ralstoraad Methylobacteriumspp and fungal
Penicillium, Alteraria and Cladosporiunspp. were @mnsistent with previous bioaerosol
studies(Barberan et al., 2015; Be et al., 2015; GaAd@ega et al., 2020While
Pseudomonas, Ralstoraad Burkholderiaare commonly reported contaminants, their
consistencywith other bioaerosolstudies, biological niches and presence despite stringent
decontamination procedres indicate they also represent a genuine dauaent of the
bioaerosol communityCHoroplastswere commonly observegresumably from pollen and
other plant fragmentsandare abundant in similar bioaerosol studi@rodie et al., 2007b;
Franzetti et al., 2010; Woo et al., 2013)

Fungal genera were observed to be more diverse and variable than bacterial genera
(seesection2.4.3Differencesvisible AmongLlocations,Wind TrajectoryQusters, andlime
In Relative TaxonAbundance}. Bacterial and fungal genera varied by locatiéar instance
Methylobacterium(an opportunistic human pathogen and soil and water associated
bacterium(Lai et al., 201))was only present at the museurBacillusspp., which are
frequentlypresent in bioaerosol@Bottos et al., 2014were interestingly only detected at
about half of locations sampled. The fungal geKhsiskia which consistef one specieK.
oryzae aknown human allerge\Wang, Liu, Crous, & Cai, 20W&s detected only at
Mount Eden. The fungal genudhomawhich is a notable plant pathog€Bennett, Ponder,
& GarciaDiaz, 2018)however was moredominart in autumn.This could be due to more
rapid plant growth at that time of year. The effect of time at different scalesvissiigated
in later thesis chapters. It was unclear if bacteviere lessaffected bytime, or if the data
did notreveal the relationship in ik study.

2.5.5 DistanceDissimilarityof Bioaerosols

No distancedissimilarityrelationships were apparent in eithéacterial or fungal bioaerosol
communities(Figure2-12). This is not unreasonable since the atmosphisra fluid medium
which could be expected to be well mixed at the scale which sampling was performed (8 km
between the most distant Auckland pes). Backrajectory analysis also placed all sample
locations in the same cluster at the same tiraapporting consistency in weather patterns
across the city. This is in stark contrast to the often very strong distdissenilarity

patterns generally ofervedfor soil and water microorganisn{geng et al., 2019; Lear @&,
2013) As noted above, this lack of distargigsimilarityrelationship did not preclude local
spatial differentiation. This is likely due to the majority of bioaerosols remaining close to the
ground, and having short transport ranges and local Bffiiation as a result (see section
1.3.1ParticleMovement in theAtmospherd. A minority of bioaerosols afgopelled higher
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into the atmosphere and easily transported a regional scal@Kellogg & Griffin, 2006The
idea of therebeing distinct groups of organisms, some good at regional dispersal and
showing little distancalissimilarityand some being restricted to certain paykssupported
by spatial differentiation only being apparent for the filtered ASV table (with widely
dispersed invariant taxa removed). The extent to whinking of this scaleccurs is
presently unclearanddifferent spatial scales are the subject aielachapters of this thesis.

Two common threads emerge through all the preceding aeslyl§'S data dplayed
clearer patternsand higheiR valuesthan 16S data. This is likely due to the presence of
many more reads and a greater number of ASVs foHig®er quality information for ITS
would have made any relationships easier to detétigher number®ef ASVs for ITS are
expected since ITS is more variailéengththan 16§ Callahan, 2020Jungj being
eukaryotic,are frequentlymulticellularand have larger cells in contrast to prokaryotic,
smaller,unicellular bacteriaSome of the abundant fungi identified in the study are
macroscopic fungivhich haverelatively large spres Thus cellscould be expected to be
clumped togethemore oftenthan bacteria, which could explain why more reads were
present for ITSungal celldeingpart of larger assemblagéisan bacterial cells would
result in shorter average atmospheric i@snce times for fungiBurrows et al., 2009b)
which could also be an explanation for the greater observed vatiatoli ITSThe other
notable feature is the high degree of consistentgcological conclusions reached between
the different amplicons tested and between various methods (both compositional and non
compositional) employed for data analysis. This suggstt the relationships detected are
ecologically sound.

2.6 Conclusions

Different durations of back trajectories sheddifferent predictive potential for bioaerosol
communities. Bioaerosols vad as a result of many factors, but in particular locatibme
and air mass sourc@demporal variatiowasespecially important for fungi. These key
findingswere consistent with the body of literature on bioaerosols. Due to their ease of
dispersal, bioaerosol communitiegdchot show distancedissimilarity yet stll displayd
local differentiation. The typand number of fungal and bacterial bioaerosols detected
varied by location time and airmass source. The persistence of these patterns at different
spatial and temporal scales requires further investigatidawvever, this study shows that
ecological factes can predict community structure of microbial aerosol communities in
urban landscapes.
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Chapter 3TwoYear Seasonal Study of Temporal Bioaerosol
Variability
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3.1 Abstract

Microbes are a fundamentabmponent2 ¥ 9 ledddyskedsthus knowledge of
ecosystem connectivity through microbdibpersals key to understanding how ecosystems
will change in a warming worl¢However, microbial @persal through the air remains poorly
understood Relatively fewstudies have beeperformed on bioaerosols inrban areas,
RSALIAGS GKSY K2 dza Ay 3 humEnpopidticd anddarbcdiring ¥ G KS 42 N
important aerialpathogens and allergen$o shed further light on thisyeekly sampling was
performed in AucklandAotearoa New Zeahd for two yearsSampled baderial and fungal
communities werecharacterisedhrough sequencing df6S rRNA1GS andinternal
transcribed spacelT9 marker genesln general, Borter (one to threeday) airmass back
trajectories correlate more strondy with the bioaerosol commuty than longer (one

week) However, more importantly ite bioaerosol communities varied over time in a anon
linear fashion exhibitingmarked seasonality, which was especially pronounced for fungi.
This differential response éfingi and bacteriavaspossilly due to differences in size and
consequentatmospheric residence tinge

3.2 Introduction

Microbial communities drive functioning afl terrestrial and aquatic ecosystenasridwide

(Pointinget al., 2016) Their compositionand function varydramatically and this variation
hasimportantimpacts onecosystem function¢Fierer et al., 2012 NRt2 NA G & STFFS Ol ac¢
microbial communities can be important in determining composition and functioning over

time (Evans, Martiny, & Allison, 2017; Fukami, 2015grefore understandingpow

microbes movearoundecosystems is cruci@Zhou & Ning, 2017Wnderstarding microbial

dispersal is fundamentalithin the contextof climate change driving ecosystem changes

selective pressures imoth source andlestination habitatshift (Chown et al., 2012)

Aerosol microbial communities are an excellent case study system to examine
microbial movement because air is easy to sample at a variety of temporal atial sgales
in a highly replicated ways the aerosphe links all ecosystems, organisms that can utilise
it for dispersabppear tohave unfettered access to all global habité®garce et al., 2016)
0dzi GKS SE®@BYNE (GiRA WKANK SSbrNEmhesteMBns unkleat Ra G N.
(O'Malley, 2008)Aerosol community @ampositioninfluencescomposition of novel
terrestrial and aquatic habitatghusbioaerosold JNE2 @A RS (1 KS &2 dzZNOS LJ2 LJdz
ecosystem® YSf f 233 S (-TemKiveRal., 20207 SoKol et dl. yBiTthe behaviour
of microbes in the air follows particle physics in a fi@@drrows et al., 2009b; Pepp&015)
(seel.3.)), thereforepredictionscanbe madeabout how microbesnove in air based on
their properties, further supportindgioaerosolsas an excellent model system for microbial
dispersal.

Insights from urban aerosols specifically are importdnk y OS pp2 2F GKS ¢
populationcurrentlyresidesin urban areaswhichis projected to increast 68% by 2050
(UN, 2018)and microbial exposure is emerging as an importammhan healthinfluence

83



(Mhuireach et al., 2020Urban arosol communities vargcrossspatiotemporal scales, but
fewer studies have been conducted with high replication at scales with fine temporal grain
(lessthan one weekbetween samplesnd/or sample duration undesne day) over a large
temporal extent(more thanone yearbetween samplesjMathieu et al., 2020)Shorter
duration and coarser grain studies have repeatatynonstratel temporal variabilityover
daily,seasonal and yearly scal@owers, McCubbin, Hallar, & Fierer, 20Burrows et al.,
2009b; Els et al., 2@). Patterns vary, but generally wamg, cooling and precipitation
cycles affect bioaerosol communiti@d/oo et al. 2013) The effecof temperaturecan be
variable,but more studies showncreasing concentrationsith temperature(Tong &
Lighthart, 1999)Spatialvariability isubiquitous, with climate, laneuse, population,
ecosystem, vegetation and altituggl thought to influence bioaeroso(8urrows et al.,
2009a; Burrows et al., 2009b)ery few moleculastudies have been performed on seasbn
variation in outdoor urban bioaerosols, despite their ability to harbour human pathogens
and allerges (Bowers et al., 2011b; Franzetti et al., 2010; FroHNowoisky et al., 2009;
Priyamvada et al., 2017; Woo &., 2013) Most work on urban bioaerosols has been
limited to EuropeAsia,and the USAover periods ofirounda year or lessEverybioaerosol
study detected seasonal variability in th@cro-organisms surveyedbut how universal

these patternsareisunknown.

Many factors have been demonstratedaéfecturban bioaerosolsout the relative
contribution of each has yet to be quantifiegactors thought to be important drivers of
observed seasonal variability are-aiass source, temperatureglative humidity, wind
speed.air pressure, particulate loadnd precipitationWoo et al(2013)observed distinctive
fungal and bacterial assemblages at different times of year in Hong Kong and postulated the
reason for this change wasshift from marine air in summer to continental air in winter.
Other recent bioaerosol studies have also suggested air mass source iy ttiet&eminant
of bioaerosol communitiefArcher et al., 2020)n contrast,Bowers et a{2012) in their
non-urbanseasonal studyfound wind trajectories were not of significant importanice
the composition of thesampled bioaerosol communities and postulated that local bacterial
emissionsources were key. Temperatuisthe environmental factor most consistently
identified as a correlate with the bioaerosol community in studies to Btavers et al.,
2013; Bowers et al., 2012; Frohkblowoisky et al., 2009; Woo et al., 2018is is thought
to be due tothe indirect effects of warmer temperatures, increasing microbial reproduction
and aeroso#ation (seesectionl.3.2BioaerosoParticles: Temporal an8patial Variation).

For the other factors, some stigbobserved significargffects,and some did nqtso their
importance is less conclusiyBrodie et al., 2007b; Frohlighowoisky et al., 2009;
Priyamvada et al., 2017/ ew studies have compared tBeasonatesponses of fungi and
bacterig althoughWoo et al. (2013hint that while there may be more local influeedor
fungi, there is currently insufficient data to conclude if systematic differences exist in the
responses of bacteriand fungal bioaerosols to seasonality. The resulisind Effect of
Location, Time_andWind Direction onFungal andBacterialGeneraldentified suggest
differences are likely, with indications of greater seasonality for furtge. drivers for this
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are presentlyunclear butcould be related to greatesize of fungal particles and resulting
shorter atmospheric residence timesr fungal life history strategies being more host
specific and less generalist tht#rose ofbacteria(Shgyo et al., 2019)

To contribute to filling this knowledge gap, weekly séspvere taken in the CBD of
Auckland Aotearoa New Zealand for two yediday 20T to May 2A.9), in the longest
continuous urban bioaerosol study to dat®amples wersubjectedto 16S (for bacteria and
archaea) and ITS (for funggneamplification andsequencing. Abundance and composition
of microorganisms were analysed with respecaiemass source, temperature, relative
humidity, weather conditionanda variety ofnon-linear functions were compared to
guantify the scale and pattern of the temponariation Distancebased edundancy
analysigdb-RDA)with variance partitioning was used to quantifgr the first time the
relative correlationof each variablavith the varation indiversity and compositioof the
observedbioaerosolcommunity.

3.2.1 Hypotheses
1. Temporal wind hypothesiAirmass trajectories of differing spatiotemporal lengths
differ in their ability to predict variation in bioaerosol communitymposition
Specifcally,one- or three-daytrajectories provide the greatest planatory power
relative to oneweek backirajectories(based on findings ihapter 2-
Spatiotemporal Bioaerosol VariabilityUtban Parkks
2. Timedissimilarityhypothesis Similarity in community composition of samples
declines with their increasing temporal separatiora nortlinear fashiondue to
seasonality.
3. Environmental drivers hypothesis
a. Temporal @ariation in bioaerosol community structure (composition and
diversity) at the Auckland CBD can be predicted by season, geographic origin
of sampled airtemperature weatherand relativehumidity.
b. Relativeabundancesof common and rarebacterial and funglaaxa fluctuate
by season and air mass source.
4. Taxonomic differencesfemporal patterns of 16S bacterial and ITS fungal microbial
aerosolcommunities areexpected to baifferent. Specifically, fungi display more
variability in general andreaterseasonéty.

3.3 Methods

3.3.1 Fieldsampling andvironmentalData Gollection

Samplingwith the Coriolis intgohosphate buffered salind®B$wasperformed for one
hour, once a weekKor two yearson theroof of a 16floor buildingin central Auckland. This
elevated loation was chosen to avoid disruption frastochastic ground level evengs.g a
street sweeper or large vehicle going pabgt could mask seasonal trendshe day of the
week was randomisetb avoid weekends biasinmgsults These protocols wereased o
methods inthe similar study byVoo et al. (2013)Samples were collected adesignated
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corner of theroof at a height of 1.8 m. Gloves were worn and the extender and Coriolis unit
cleaned with bleach. The Coriolis neck, head anc eoere cleaned with bleach, ethanol

and three rinses of milQ (MQ) HO. The cone was filled with 15 mL of PBS. A negatge
taken (PBS put into the cone without running the Coriolis) before running the Coriolis for
two ¢ four minutes with MQHO to ensue all bleach residue in the head and neck was
removed. The MQ¥D was discarded and replaced with 15 mL of PBS and thdi€orés

run at 300 L/m fooone hour. The PBS in the cone was manually topped up to 15 mL after 30
minutes and sampling was completed wéhleast10 mLof PBS remaining in the cone.
Samples were transferred into a 15 mL falcon tube and store2i0atCwithin one hour.

During samplingobservations were recorded of weather conditions (with a Kestrel 3000)
and particle counts were taken (with an AeroTrak particle counter). If rain ocguhed
Coriolis was sheltered with an umbrellarain was heavit was packed up untthe rain

abated.

Air-mass backrajectories were generated hourly over the sampling periods using
the NOAAHYSPLIModel (v5. 0. 0 UbuntujStein et al., 2018)ith GDAS meteorological
data. Clustering was performed Y SPLIBeeAppendix BAYSPLIT Clustering Procedure
for details) The number of clusters selectddijr) was baed on a marked increase in total
spatial variance as clusters reduced. The cluster for each sample was manually entered into
the metadata, which was imported inta Backirajectories were generated farne day,
three day andone weekdurations.

3.3.2 LaboratoryProcessing
For details on DNA extraction and DNA sequencing methodsestienC.1Laboratory
Methods¢ DNA Extractioyand sectionC.3Laboratory Mehods¢ DNA Sequencing

3.3.3 Bioinformatics
For details on bioinformatiprocessing se®.3.3Data Analysig Appendix D

Optimising Bioinformatics Protocols for Aerosol Microbial Community Dat@ase Study

Using an Urban Parkataset The process recommendes a result othat piece of work

was followedfor the seasonal study datasptesented in this chapteiThe decontaminated
amplicon sequence varianAEV table (with read counts adjusted to remow®ntaminant
sequencesand combined taxonomy and relevant metadata were analysed in R with respect
to the hypotheses for this study.

3.3.4 DataAnalysis

The 16Sthe gene for the RNA component of the 30S srealiunit of the prokaryotic
ribosome) andTS(spacer DNA situated betweethe smalisubunit RNA and larggubunit
ribosomal RNA genes in the fungal geno@plicon sequence variaASY tables were
prepared for analysiby retaining only ASVs wittmore than either300 reads (for 16S) or
500 reads (foiTS) and a coefficienf @ariation(CV)of greater tharfour. Thisfilter was
used to improve any signal whichuld be masked by invariant taxa and/or ldevel
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stochastic variationAny problematic samples were completely removed, for instance
duplicates or samplesontaminated by flying insectdetadata associated with each
samplewere adjusted to remove redundant variabléacomplete measurements or

variables which were not analysed furthenumerical variables were standardised usthg
scoring in Rwith the function scale in base)RAdditional variables to indicate time were
included. These were days since the start of the study (DSS), whether a sample related to
year one or two of the study, days from the beginning of the study year in circedpeds
(countof days into the respective sampling year converted to degrees of a circle, with 180°
being six months into either year one or year tvam)d a categorical variable for season
(summer being December to February, autumn being March to Mayewb@ing Junéo
August and spring being September to November).

Bayesian multiplicative replacement was perform@dthe ASV table&loor et al.,
2017; Quinn et al., 2019jsing the function cmultRegAitchison, 1982; Templ et.aP011)
in the R packagé&Compositions(vl. 3. 4 PalareaAlbaladejo & MartiFFernandez, 2015)
oRobCompositioris(v2. 2. 1XTempl et al., 201yvas used to generatan Aitchison
distance matrix, which was fed into downstream analysis functions.

Variance partitioning ofn Aitchisondistance matrixcalculated o pairwise
comparisons of compositional s@heswas conductedollowing adistancebased
redundancy analysis (RDAYXo compare therelative amount of compositional variation
explained by thehree different lengths of backajectories This result wassedto
determine which length would be usddr the remainder of the analgs; ahigherR
indicatedgreater variation explainelly a giventrajectory.

A pairwiseEuclidean distance matrix was calculatesing the number of days
between sample¢days since starS$ The Aitchisomompositionaldissimilarities were
plotted against the Euclideaemporaldissimilarities for each pair of samples to visualise
the time-dissimilarityrelationship The timedissimilarityplot using p&rwise compositional
dissimilarityshowed acubicnon-linear relationsip, soa cubic transformatiomf the DSS
variablewas added to the d#iRDA to modethis nonlinearity. A ron-linear correlation
betweenthe Aitchison compositional dissimilaritieadthe Euclidean temporal
dissimilaritiesvas calculated using the R pagkanicor (v.1.3.2)(Ranjan, 2020)This
correlation results in a coefficient that varies betwesmsroandone,and reflects he
strength of the na-linear correlation whereby higher values demonstrate a stronger
correlation than lower values; Rvalue is also provided which reports the statistical
significance of the correlation.

Forward selection of variables was performedi&termine which explaatory
variables to include in further dBRDA analysis. This was implemented in R using the
capscale and or@step functions imvegart (v2. 5. 6XOksanen et al., 2012Yariables were
included with ap in parameterof 0.2 and999 permutations.
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Significant ariablesresulting fromthe forward selection procedure wetacluded in
the db-RDA withvariancepartitioningto quantify strength of relationshipvith bioaerosol
communitycomposition(Table3-1). These variables were seasandwind-sourcefor 16S.
For ITSyariablesncluded wereseason, DSS to pensonethrough tothree, weatherand
temperature In addition to quantifying the relative importance of the different variables,
db-RDAquantified theportion of explained variation thavasshared among variables.

Table3-1 - Explanatory variables and whether they were included in modelling
compositional variation in bioaerosol communities sampledumnban Auckland.

Variable Variable Description Included in Included in
type 16S model? ITS model?
1-day ba& Categorical Path of sampled aimass in Yes No
trajectory previous 24 hours
cluster
3-day back Categorical Path ofsampled akmassin No Yes
trajectory previous 72 hours
cluster
1-week back Categorical Path of sampled aimassin No No
trajectory previous 1® hours
cluster
Season Categorical Season samplinduring Yes Yes
whichtook place
Days since start Numerical Number ofdays since No Yes
(DSS) sampling began
Days since start Numerical Number of days since No Yes
2¢3(DS%3) sampling began to thpower
of 2and 3
Days in degrees Numerical Number ofdays into No No
(DD) sampling year converted intt
circular degrees
Weather Categorical Weather during sampling No Yes
Temperature Numerical Temperature during No Yes
sampling
Humidity Numericd Humidity during sampling  No No
Month Categorical Month sampling took place No No
during
Year Categorical Yearof studysampling took No No

place duringyear 1 or 2)
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Visualisation of compositional variation among samples was achieved by gegerat
Non-metric MultidimensionalScaling (NMDS) plots on Aitchison distance matrix,
implemented in the R packageegart. The function staellipse indggplotZ (v3.3.2)
(Wickham, 2016yvas used to createllipses assuming a multivariatedistribution. The
stress fortwo to sixdimensions was compared, with 500 random stasl 999 iterations
per run. The lowest dimensional solution with a stress under 0.2 was sel@dt=tiune et
al., 2002)

To assess patterns loyonth and backrajectory for differentgenera the
percentage of total read count weialculatedon data filtered as follows. For 16S, samples
with less than 100 readsnd ASVs with less th&@0 reads were filtered out. Relative
abundance by genus for each category included only germrgorisingat least1.2% of the
reads. For ITS, samplavith less than 100 reads and ASVs with less than 500 reads were
filtered out. Relative abundance by genfor each category included only genera with at
least 1% of the read§tacked hr plotsshowing relative abundances of these key taxa in
different categories fnonth, wind)were generatedisingéggplotZ (v3.3.2)(Wickham,
2016)andophylosed (v1.30.0(McMurdie & Holmes, 2013)

3.4 Results

3.4.1 Oneor Three-DayBackTrajectoriesSelected forAir-MassSourceVariable
in do-RDA

Wind back trajectorieshowedsimilar overall predictive valugf community composition

for both amplicons(RR of 2-3% (Figure3-1). The different trajectay lengthsexplained

similar variation in community compositio@ne or threeday trajectories appeared to have

the strongest relationshipwvith the bioaerosol communiiés. Oneday trajectories were

selectedfor ongoing 16S analysis and thrday trajectoies wereselectedfor the

remainder of the ITS analysis.
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Wind 1 day Wind 1 week

Residuals = 0.97

Values <0 not shown

b)

Wind 1 day Wind 1 week

Residuals = 0.98

Values <0 not shown

Figure3-1 - Variance partitioning from a distancéased redundancy analysis on the
pairwise Aitchisoncompositionaldistances amondpioaerosol samples for (a) 16S and (b)
ITS showing the variance explained by eday, threeday, and oneweek back

trajectories.
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3.4.2 TimeDissimilaritywasNon-Linear

Nonlinear timedissimilarityrelationships were evident for both amplico(fsigure3-2). The
relationshipswere close tacubicin shape both showingnflexion pointsat around200 days

and 400 dayssuggesting a cyclical seasonal relationship. Thelinear correlation

coefficient for 16S waB.1and ITS waB.244 both werestatisticallysignificant P-16S=

0.002 P-ITS< 0.000). The pattersfor year one of the study (0 to 365 DSS onxfaxig

were similar for both amplicons, but year two showed a flattening in 16S, and a steepening
for ITS.
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Figure3-2 - Timedissimilarity plots for a) 16S and b) ITS of Aitchisoompositionalsample
distances against Euclideaamporal dissimilaritiesbetween sampletimes (number of
days) Blue lines show theif of a loess smoother anthe 95%confidence interval (grey
envelope).

3.4.3 StrongTemporalPatterns inBioaerosolCommunity Composition
Season and D53 werethe most important correlates with the bioaerosol community for
both amplicons, explainintpe greatestamount of variationin the dbRDA (6% for 16S, and
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23% forlTSYFigure3-3). Wind (and temperaturand weatherfor ITS) were of secondary
importance.TheR of the model was substantially higher for ITSutH.6S(33% versus 8%).
Seasonality and a difference between year one and year two in composition medsured
ITS vere evident in the NMDS ordination. The 16S ordination showed minimal
differentiation between years, consistent with the tirtkessimilarityand the db-RDA
analysisigure3-4). BothNMDSordinations showed clustering of the daylegree variable
over the course of the year, with yellow and datkjple often being adjacent as they
represent January and Deoder, respectively.
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1 day wind Season

Residuals = 0.92

b)

3 Day Wind Season

Temperature & Weathe DSS”1&2&3

Residuals = 0.67

Values <0 not shown

Figure3-3 - Variance partitioning of the results from a dBDA on the Aitchison
compositionaldistances among samples for (a) 16S and (b) ITS, showing the variance
explainedby seasondays since start@S$-3), one-day wind (16S) othree-day wind (ITS),
and termperature and weatherfor ITS only.
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solution was selected as thievo-dimensionalsolution had stress greater than 0.2 seas
unreliable. Dimensionone andthree andtwo andthree are presented inSupplementary
Materials E.2.]). Thetwo-dimensionalsolution for theITS NMD8$vas selected, as stress
was 018. Higher dimensional solutions had lower stress values both amplicons.

3.4.4 Differences/isibleAmongMonths andWind Trajectorydusters, in
RelativeTaxonAbundances

Unfiltered baterial reads numbered,171,139 with 5,235ASVs inferred. Unfiltered fungal

reads numbere®,760,306 comprised 08,419ASVs.

RelativeAbundance byvlonth¢ 16S

Many of the common bacterial gener@efined as per filtering described Figure3-5
legend beloy showed clear seasonal trends, for instaf&stoniaspp. were common early
in the year and much less prevalent between July and October. Conyersely
chloroplasts/plastids were oth more common in winter monthMethylobacteriumspp.
weremuch more prevalent in August and Septembeyear oneListeriaspp. peak in
relativeabundance between August and Octol2818 Some generaénowever, did not
show marked seasonal patterns, and wévend throughout the twayear sampling period,
such as?seudomonaspp. and an unclassified organism in tgenusCyathea poeppig(in
red, likely a chloroplast from a tree fexrampling year one and tweere reasonably
consistent.
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Figure3-5 - Relative abundance by month for 16S. ASVs with less than 300 reads and samples with less than 100 reads were filtered out.
Genera with greater than 1.2% of reads for each season were included in the bar plots.
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RelativeAbundance bylonth ¢ ITS

Marked seasonal variation was observed amongst the fungal g€Reyare3-6). The
dominant genera totally shifted several times over the course otweeyears (filtering
criteria described ifrigure3-6 legend below)Phomaspp. were verycommon from
December 2018ntil May 2019 and in June 201Gibberellaspp. dominated the bioaerosol
samplesn August 2017, December 2017, and most months between Feb2@4i§ and
September 2018Vieyerozymaspp. dominated in Januarg018 while Botryotiniaspp. were
dominantaroundOctoberin both yearsLeptosphaerulinapp. were common between
February and Apr2019 Fund displayed greater variability between year one and yiear
than bacteria.
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Figure3-6 - Relativeabundanceby genus bymonth for ITS. ASVs with less than 500 reads and samples with lésst100 reads were
filtered out. Only genera with at leasfi% of the reaswere included in the bar plot.
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RelativeAbundance byind BackTrajectorydusterg 16S

The four backrajectory clusters appeared to have simikacterial compositiongFigure
3-7). Clustertwo had a greater pportion of Burkholderiaspp, fewer Methylobacterium
spp.and moreListeriaspp. Filtering criteria described iRigure3-7 legend below.
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Figure3-7 - Relativeabundance by backrajectory clusterfor 16S.ASVs with under 300
reads and samples with less than 100 reads were filtered @)tabundance by genus for
each wind trajectory Only genera with at leastL.2% of the readsvere included in the bar
plot. b) Paths of thefour clusters identified over the ampling period in the previous 24
hours before sampling, generated by the NOAJY SPLIModel based on GDAS
meteorological data% next to each cluster indicates proportion of trajectories assigned
to that cluster.

RelativeAbundance byind Back TrajectoryQusterg ITS

Fungal assemblages shes\some variability for different trajectory cluste(Bigure3-8).
Hypholomaand Ganodermaspp. were more prevalent in akter one, whileMeyerozyma
spp. were more prevalent in clusters two and thrdsltering criteria described iRigure3-8
legend below.
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Figure3-8 - Relative abundance by bacirajectory cluster for ITSASVs with under 500
reads and samples with less than 100 reads were filtered @)tabundance by genus for
each wind trajectory.Only genera with at leastL% of the reads were included in the bar
plot. b) Paths of thefour clusters identified over the sampling period in the previou
hours before sampling, generated by the NOAXY SPLImodel based on GDAS
meteorological data% next to each cluster indicates proportion of trajectories assigned
to that cluster.

3.5 Discussion

Urban a&rosol microbial community compositiorariedstronglyand, to some extent,
predictablyin time, showing clear seasonal variatiohir-mass trajectories of differing
spatiotemporal lengths differed in their ability to predict varaat inbioaerosol community
structure and one or threelay trajectories provided the greatest explanatory power in this
dataset. Thereforghypothesis  Temporal wind hypothesi@ir-mass trajectories of
differing spatiotemporal lengths differ in theibdity to predict variation in bioaerosol
community composition. Specifically, ora three-day trajectories provide the greatest
explanatory powerelative to oneweek backirajectories)failed to be rejectedSimilarity in
community composition of samgsdecinedwith their increasing temporal separation in a
non-linear fashiontherefore hypothesis 2 Timedissimilarityhypothesigsmilarity in
community composition of samples declines with their increasing temporal separation in a
non-linear fashion due b seasonalityfailed to be rejectedTemporal variation in

bioaerosol community structure (composition and diversity) at the AucklandvwzB8D
correlated withseasondays since the start of the stuaybed geographic origin of

sampled ailmndtemperature. Relative humidityand other measured variablegere not
correlated with bioaerosol communities recovered in this study. Therefore, hypothes)s 3.
environmental drivergtemporal variation in bioaerosol community structure (composition
anddivergty) at the Auckland CBD can be predicted by season, geographic origin of sampled
air, temperature, weather and relative humidjtfailed to be rejectedvith respect to
seasonalitytemperature and air mass souroaly. The elative abundances of camon ard
rarer taxa fluctuatd by season and air mass sourdé@erefore, the alternative hypothées3.

b) (relativeabundances of common and rarer bacterial and fungal taxa fluctuate by season
and air mass sourgéailed to be rejectedFungi displayedreaer seasonality, therefore
hypothesis 4temporal patterns of 16S bacterial and ITS fungal microbial aerosol
communities are expected to be different. Specifically, fungi display more variability in
general and greater seasonalifailed to be rejectedThis sudy represents the longest
continuous time series data currently available on urban bioaerosols. Their variability is
substantialand correlatedwvith measurable factors (from 8% for 16S, 8/@for ITS), sib is
now possible to mak@redictions regardinduture changesThis means thagstimates of
microbial exposure of pathogens and allergens of city dwellers camfp@vedand that we
can begin to understand ecosystem connectivity via the atmosphere.
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3.5.1 One andlhree-DayWind BackTrajectorieswere not SronglyCorrelated
to the BioaerosolCommunity
The overall correlation of air mass souraely with bioaerosol communities sampled was
low for both ampliconswith anR of 2-3% which contrasts with some of the body of
literature suggesting that air masewgce is the key determinant of bioaerosol variation
(Archer et al, 2020; Woo et al., 2013put is consistent with other studies which suggest
local sources are more important than distant orifBewers et al., 2013; Bowers et al.,
2012) One and threeday trajectories had highé® values than onaveek trajectories, (see
section2.5.2Wind Back TrajectoryDuration), consistent withthe standard practice in the
literature of using a threelay trajectory(Archer et al., 2020)hese resultssuggesthat
one-daytrajectoriesmayhave better predictive valutor fine-scale temporal compositial
variationthan three-daytrajectories and that certainlycomparisonof alternative trajectory
lengths would be pruderfor all studies

3.5.2 TimeDissimilaritywasNon-Linear

ITS and 16S showed similar cubic trends in the-tilesimilarityanalysis, sugesting

seasonal variabilityas expectedSamplingoeganin May2017, and the inflexion point at

200 days (samples more dissimilar than expected if a linear relationship with time existed) is
the following November or December. A largifference betweersummer and winter
supports seasonality. A dip in the linébest fitoccurs at 370 daysMay agin, where
samples are more similar than expected with a linear relationship. Given this is the same
seasonthis alsosuggests seasonaffects From 400 day or June 2018 onwardsamples
become increasingly dissimilar, again tisisnoving from the samto different seasons

being comparegincreasing differences suggesstasonalityClear seasonality was consistent
with the body of literaturg(Bowers et al., 2013; Bowers et al., 2012; Els et al., 2019;
Franzetti et al., 2010; Mhuireach et al., 2020; Woo et al., 2048)ough no otheurban
bioaerosolstudiessampled across multipleeyars, seasonal variations werkvays reported
within the sampling periodThe possibly more pronounced temporal variation for fungi was
also suggested in literature that looked at both bacteria and f{Wo et al., 2013)

3.5.3 ClearTemporalPatterns inBioaerosolariability

Season and DSS had anR of 6% for 16S, and3®# for IT$n the doRDA and were the
mostimportant correlatesof variation in nicrobial compositionashypothesisedDSS
modelled cyclical changes in the data, as well as the-gegrear change. The season
categorical variable appeared to model more complex relationships in the data, as it
expained further variation on top of th®S3variable.NMDS ordination was consistent
with the db-RDAresultfor both ampliconsSeparation of communities based tre day
degree variable supporting seasonal variation over the year was present and more
pronounced with ITS. Differentiation betwa the first and second year of study was evident
with ITS but not 16S. Both ordinations, particularly 16S, are clumped towards a central
distribution. Wind (andweather andtemperature for ITS) were of secondary imfzorce.
Both theseasonalityand lesseinfluences from temperaturgare consistent with previous
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research(Franzetti et al., 2010; Woo et al., 201But weather was not noted as a corregat

in the literature reviewedFranzetti et al. (201Q)ooledsamplesfor three-month periods
repreenting summer and winter only, where&¥oo et al. (2013%ampled weekly for one
year, for 24 hours at a tim@hese differing approaches converging on the same result lend
it strong support.The secadary importance of wind origin is consistent with some

literature (Bowers et al., 2013; Bowers et al., 2QI#)t contrasts with other studies which
postulated wind beinghe key driver behind bioaerosol variatigArcher et al., 2020/ o0

et al., 2013)The studies suggesting wind is of greater importance tend to be over a much
shorter duration however,Woo et al. (2013had a very similar protocol to the one adopted
here.While it is well known that some bioaerosols can be transported over great distances
in the atmosphergBurrows efal., 2009a)it is more intuitive that local sources of
bioaerosols have greater impact than distant on@ther variableswhich were not

observed to correlate with the bioaerosol communiyere of inconsistenimportance in

the literature (FrohlichiNowoisky et al., 2009; Woo et al., 2013)

3.5.4 Bacterial andrungalGeneraShow Different RelativeAbundancsover

Time and bywind BackTrajectoryCuster
The facterial and fungal genera detected were consistent withvpres bioaerosol studies
and known to be environmental organisms or associated with plants, humans or other
animals.Generafrequentlyidentified inclded pathogensuch ad.isteriaspp. and allergens
such asAlternaria spp. (Priyamvada et al., 20LAVhile Pseudomonas, Ralstoraad
Burkholderieare commonly reported contaminants, their consistency with other bioaerosol
studies, biological niches and presence despite stringent decontamination procedures
indicate they also represent a genuine constituent of the bioaerosol community.

Severabacteial genera showedhonthlytrends, for instancdRalstoniaspp. (a
widely distributed soil and water bacteriumjere common early in the yeavhile
chloroplasts/plastids werenuch more common in winter month€&hloroplasts presumably
from pollen and other [ant fragments, are abundaiin similar bioaerosol studies, and have
been observed to be seasonally variafieodie et al., 2007Franzetti et al., 2010; Woo et
al., 2013)Generally, they are most common in spring or sumiw&oo et al., 2013)which
is inconsistent witlthe datafrom this study It islikelyd K I 0 ! dzO{ f HrgpRada YA f R &
climate results in flowerintess tied toa seasonOther genera hadariabledistribution
through the yearBradyrhizobiunspp, aplant-associated nitrogenxingbacterium
(OrmenaOrrillo & MartinezRomero, 2019peakedin Septembef017, at a time of rapid
plant growth.Methylobacteriumspp. (an opportunistic humapathogen and soil and water
associated bacteriurfGreen, 200§)wasmuch more prevalent in August and September
2017 Listeriaspp. pealkedin relativeabundance between August and Octol2818 Many
of the abovepeakswere around late winter or early spring, when the Auckland climate is
mild anddamp, encouraging bacterigrowth (Dannemiller, Weschler, & Peccia, 2017; De
Silvestri, Ferrari, Gozzi, Marchi, & Foschino, 200/)s, these results support the
conclusion that bioaerosol communities displayosty seasonality and that this relates

106



directly to the responses of microbes to environmental ctinds such as temperature and
humidity.

Fungal genera showed marked monthly variation, with the dominant genera
changing several times, in line with previ@arglyses suggesting greater seasonal variation
in fungi(Bowers et al., 2013; Shigyo et al., 20M@yerozymaspp. yeastsdominated in
January2018 Phomaspp. plant pathogengrom December 2018ntil May 2019 andn June
2017, Gibberellaspp. (a plant pathogenic mouldjominated the bioaerosol samples
August 2017, December 2017, and most months between February 2018 and September
2018 andanother plant pathogenBotryotiniaspp. wasdominantaroundOctoberin both
years Leptosphaerulinapp, a further plant pathogenyere commorbetween February
and April2019 Many fungi sporulate at particular times of the ygaagomarsino Oneto,
Golan, Mazzino, Pringle, & Seminara, 2084 it is suposed that each different genus
sporulating at different times causeasifts in thedominant genea. The case of the between
year variation is unclear.

Bacterial genera showed slight differentiation tigcktrajectory cluster.ATasman
Seasourcedtrajectory (cluster ong was associated witRalstoniaand Pseudomonaspp,
while Bradyrhizobiunspp. was associated with clusteegpproachingrom the Pacific Ocean
andthe east coast of New Zealafclusterstwo and foui). No associations between certain
wind paths and genera were appareftingal assemblages shesksome variability for
different trajectory clustersHypholomaand Ganodermaspp. were more prevalent itthe
Tasman Sealuster(cluster ong, while Meyerozymaspp. were more prevalent ithe Pacific
and Tasmarwlusters(two and threg. Clusteronetransited over much of the North Island
whereasthe other clusters were marinesuggesting possibkssociationbetween a
terrestrial path andHypholomaand Ganodermaspp.

3.5.5 Bacterial andrungalGenerahow Differential Responses tdime and
Other Factors
The nonlinear correlation coefficient was grea for ITS than 16S. The first year of the
study looked consisnt for both amplicons, but interestingly, the second year showed
greater variation for ITS, whereas thesas notmuch visible yeaon-year variation for 16S
which was consistent with the spies bar plotsThis could be due to the apparent greater
variability overall with ITS, emphasising trends which are more subtle for 16S. Since the
ecological niches of fungi can be quite differenthose ofbacteria, it is also possible that
fungi respnded differently to environmental changes between year one yeal two to
bacteria. Bacteria are smaller than fungi, so likely have longer residence times in the
atmosphere(Archer et al., 2019; Burrows et al.,8&) which could have reduced their
observed temporal variabilityn agreement with greate non-linear correlation coefficient
for ITS, theR® of the do-RDAwas substantially higher for ITS than 16843/ersus 8%]J.his
could be driven bylifferencesin read counts between bacteria and fungi. While more
bacterial ASVs were identified, the fungal read counts were more than double the bacterial
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ones This wagaused byseveralfungal samples with very high read counts, while the
bacterialsamples had anarrow rangeof read countsAsmanyfungiare multicellular, venss
unicellular bacteria, fragments with many cells could sometimes be sampled for fungi,
creating this patternFungi may also be more seasonally dependahich could explain
some of the dfferences in observe® values.Increase seasonal dependence ffungi has
been previouslypbserved(Shigyo et al., 2019and this is supported by the large shifts in
dominant genera, visible in the genus bar plots for fungi.

3.6 Conclusions

Different durations of backrajectoriescanshow different predictive potential for
bioaerosol communities, with shorter trajectorisRowing highe values in this case
Different backtrajectory lengths should be considered based on the charadtesisf the
study they are used foFFrom this work, it appears thaicktrajectory clusteris of
secondary importance to the bioaerosol communitsnpared to local variabse
(particularly tempeature), in contrast to some recent literatur&ungi inparticular,exhibit
marked seasonalityprobably due to timing of sporulation event&ungialso seem to have
higher read counts and correlation coefficients from modelling thacateria.Biological
featuresappear toinfluencepatterns of bioaerosol variation, witluhgi and bacteria
respondingdifferently to the variables measuregossibly due to differences in sized
presumedatmosphericesidence times
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Chapter 4 DielVariation andntercontinentalConnectivity of
Antarctic Bioaerosols
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4.1 Abstract

The solatedcontinent ofAntarctica provides an ideal model system for understanding-long
range bioaerosol transport, of crucial importance in a rapidly warming warttergoing
unprecedented ecosystem chge. Antarctic air is little studied and poorly understood, due
to technical and logistical constraintsut harbours a surprising diversity of microorganisms.
Here, the first Antarctic higtemporal resolution bioaersol dataset is presented. The aim

of this work was to understand the nature and drivers of diurnal variation in Antarctic
bioaerosols andhe level of atmospherically mediated microbiednsportfrom Antarctica

to Aotearoa New Zealand. A Coriolis higiume airsampler waspecially modifiedo

operate in sukzero temperaturesdramatically reducing required sampling durations. Non
linear temporal variation was detected feungi; bacterial datahowever,were inconclusive,
with no obviouscorrelationsdetected with any measured variable. Bacia and fungi

showed little variance in compositiaver time Fungal temporal variation was unlinked to
measured variables thought taffect bioaerosolgi.e. wind speed, UV, temperature)
suggesting need forfurther understanding of influences of Amttic bioaerosols. Bacteria
consistantbetween Antarctica and New Zeala(Z)increasedoticeablywhen NZ air was
coming from Antarctica, suggesting intercontinental transport for bacteria at notable rates.
Fungi dil not show this pattern, postulated tioe due to their larger size and suspected
shorter atmospheric residence times resulting in reduced rates oftange transport.

4.2 Introduction

Ly dF NOGAOF Q& LINA & lighigh®y vdingrable deyindatp daSngéind ig R & O LIS
rapidly warming Antarcica is extremely isolated, due to minimal human and animal
movements, physicalistanceand air and water currentsvhich further reduce movement
from the open air and sea onto the contingiRearce et al., 2016Jhis means that the
atmosphere is the key trantgoute for colonising microbes to the Antarcfieearce et al.,
2009) Urgert understandng of the current ecosystems and processesieeded before

they change foreve{Smith, 199). Understanding of propagule pressure rindhe

atmosphere iessentiafor projecting ecosystem change in the future under a warming
climate. As temperatures increadess selective environmental filters will allow more
temperate organisms to gainfaothold (Kennedy, 1994)'he dominance of the atmosphere
for microbialtransport to Antarctica, coupled with the simple microbial ecosysterrstin

also provide a fantastic model system to understand global bioaerosol circulation. Since
bioaerosols include pathogens and invaspecies and ecosystem change is accelerating,
this understanding is cruciélPearce et al., 2009The ongoing COWI® pandemic is a

salient case in pointt demonstrates how an aerially transmitted pathogen can wreak havoc
in our dayto-day lives and how understandimd transmission via the atmospheoanbe

crucial tolimiting the spreadof microorganisms across spatiotemporal scales

Despite its importance, the Antarctic aerosphere and intercontinental connectivity
reman poorly understood, due to technical and Istigal constraintgseesection1.3.6
BioaerosolSampling: Challenges ar&blutions). OnlysevenDNAbased studies have been
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performed on Antarctic bioaerosols to datist one of these studies included fungiith
the rest limited to bacteriaAntarctica represents a very challenging environ to inhabit.
Temperature, UV exposure, wind and relative humidity are extrdPearce et al., 2009ps
a result, the continent harbours very few vascular plants or land animals. This limited
biological activity and stability of frozenrsacesreducing emissionsesults in low
bioaerosol concentratios and diversityBurrows et al., 2009aYhere is evidence for
atmospheridbiological transfer from elsewhere, particularly South America to the Antarctic
peninsula(Smith, 1991)and the bioaerosdtudies that have been done to date
consistently find globally distributed taxBottos et al., 2014)However, extrecontinental
exchange appears to be limited for bacteria and fuAgcher et al, 2019; Bottos et al.,
2014) which is in line with previous estimate®im modelling(Burrows et al., 2009a)
Further, data available suggest that bacteria are more able to undergoedastignce
transpat thanfungi, because theyawe greater residence times in the atmosphépacher
et al., 2019) There is minimal evidence of distargecay with airborne bacteria or fungi
(Archer et al., 2019Marine influenceon terrestrial aerosolappears to be variable, with
one gudy detectingmarine taxawhile othersdid not (Archer et al., 2019; Bottos et al.,
2014) Proteobacteria and firmicutes (such Bacillusspp.) andbasidiomycetes yeasts
dominate Antarctic bioaerososampled(Archer et al., 2019; Bottos et al., 2014hese
organisms are often spore formers, whicbuldfacilitate their survival in the atmosphere
(Bottos et al., 2014)Thermophiles were present, thoughb be launched # steam from
vents at local volcanic sitéBottos et al., 2014)This limited literature shows more studies
at a greater range of spatiotemporal scales are required to develop a basic understanding of
how the Antarcticaero-microbiomevaries and what the drivers are.

It is understoodhat wind sourceaffects bioaerosol¢Archer et al., 2020; Woo et al.,
2013) but optimal trajectory lengthor correlation withAntarctic bioaerosts remain
unclear. Studies which considered-aiass sourckaveusedeither three-day and twe
weekbacktrajectoriesor oneweekbacktrajectories(Archer et al., 2019; Bottos et al.,
2014) but no comparison offte different trajectory lengths is availablé has been
suggested that Antarctic bioaerosols may hé&rger residence times than averaffarcher
et al.,2019; Bottos et al., 2014; Burrows et al., 20Q%) poswly longer trajectory lengths
may be more informativeSampling performed bBottos et al. (2014)sed dry filters and
took 55 days per samplércher et al. (2019mproved on this by sampling féour hourson
different days in several locations, but no datasets extistigher temporal resolutiors.
Therefore we do not know how Antarctic bioaerosols change at a fine temporal gcale
hour-by-hour or even daypy-day.Dielvariation is expected, adthough the sun dog not
set in summer, nor rise in winter, predictable changes in temperature, wind directign, UV
etc. occur over &4-hour period. These factors are known to influence bioaerosols in other
parts of the world[Burrows et al., 2009bNo quantification of the relative impacts of the
different environmental variables which are thought to affect Antarbt@aerosds has
ocaurred, such as wind speed, temperatysnd humidity.Understanding of global
connectivity of Antarcti@erialmicrobes requires enhancement, particularly for fungi, which
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often outnumber bacterial reads in aerosol samples but areefss studied. Samplin
locations in Antarcticare also extremelyimited (Figurel-10).

To start to address some of these gaps, bioaerosol sampling was performed in
January 2018 at Taylor Valley in the McMubty Valleys, one ofhe largestice free and
mostbiologicallydiverse areas in Antarctioggrcher et al., 2019)A modified Coriolis high
volume liquid impingefCarvalho et al., 2008yas run for severalays with samples
removed every hour. Modifications were required to prevent freezing ofcbl&ection
liquid during samplingsgesectionA.2.1Methods forOperation inSub-Zero Environments.
Samples were then pooled in tawlwur blocks. Sampling occurred close to camp at
Spaulding Pond in the Taylor Valley and abokitanetre from camp in the centre of Taylor
Valley(referred  as theRemote Locationor the Depositio Zong. In order to assess extra
continental exchange, sampling was also performeflotearoaNew Zealand. Baring Head
lighthouse, near Wellington, wa®lected as air masses from thf@®uthern Ocean
frequently arive there.Therefore, it washought tha this would be the best plada New
Zealando detect microorganisms of Antarctic origifihe rumber oftaxa @mplicon
sequence variant oASVs and generthat were the same between Antarctica and Baring
Headair of Antarctic originandbetweenAntarctca and Baring Head air of némtarctic
origin, wascalculated. This was used to assess the degree of microbial exchetvggen
the two locations, and $haredASVs increased when air was coming from AntaacSVs
in common were expected as globatligpersed bioaerosols are consistently deteciied
bioaerosol studie¢Bottos et al., 2014)s0 does nohecessarilyrovide evidence for
substantial biological exchange between the regidt@never, ar increase in shared ASVs
when windwasfrom Antarctica would strongly suggestnd-mediatedtransportwas
occurringbetween the two locations.

4.2.1 Hypotheses

The aims of this researchene to understandthe nature anddrivers offine-temporal scale
variation of Antarctic bioaerosols and ¢piartify the level of microbial transport mediated
by the wind between Antarctica and Aotearoa New Zealdimdaddress teseaims, the
following hypothesesvere tested

1. Temporal winchypothesis Biological (i.e. particle size) and environmental
characteristis (affecting atmospheric residence times) affect optistiotemporal
lengthsof air-mass trajectoriesn relation totheir ability to predictfine scale
temporalvariation inrelated bioaerosol community structureSpecifically, Antarctic
bioaerosols wee expected to have longer optimal trajectory lengths than elsewhere
(oneweek) and longer trajectory lengths were anticipated for bacteria.

2. Timedissimilarityhypothesis Changes in environmental variables that are known to
affect bioaerosols (such as @xd temperature) were expected to driverhporal
variationin the bioaerosol communityyithin a 24hour period, and between
different days studiedThe relaionship between pairwise sample dissimilarity and
time was expected to beon-linear due tocyclical daynight periods.
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3. Environmental drivers hypothes:

a. Geographic origin of sampled air, sample location, temperature, relative
humidity, wind speed andmount of ultraviolet light UVA, UVB and UYC
drivefine-scale(hourly anddaily) temporalvariation in Antarcticbioaerosol
community structure (composition and diversityyith differing levels of
relative importance.

b. Relative abundances of taxa fluctudigday,time of dayand air mass
source.

4. Intercontinental connectivity hypothes:

a. A minority ofglobally distributedASV<identical sequencgwere expected
to be observedin both Antarctica and New ZealanBacteriawere expected
to show a higher propensity for lorrgnge aerial transport due to their
longer atmospheric residence times and smadiee than fungi, therefore
higher numbers of bacterigjlobally distributedASVs and generaene
expected.

b. Aerial transpat was expected to occur from Antarctica to New Zealaatd
greatest rates for bacterjaesulting in nore ASVsgjenera in common
(greder overlap in taxabetween Antarctica and New Zealawtien Baring
Head air came from Antarctica.

c. Bacterialcompositionwas expected to benore affected by air mass source
than fungal composition and fungiwere expected to benore dependent on
local enwronmental variablegtemperature, relative humidity and weather)
than bacteria

d. Relativeabundance of bactesiandfungiwere expected tovary depending
on air mass sourcas different trajectories passed over different regions
with variable microbial emssions

4.3 Methods

4.3.1 Fieldsampling andnvironmentalData Collection

Sampling was performed in the McMurdo Dry Valleys, Antarctica and at Baring Head
Lighthouse, Wellington, NZ. Baring Head was sampled continuousig-mour increments
using the Coriolis to phosphate buffered salind®B$for a period ofthree daysin lly

2017 In the Dry Valleyshe Coriolis was used to sample continuallpire-hour increments
in PBS fooneday. This was repeatdtiree times at the SpauldinBond location, andor
onewhole day and two partial daya the remote sample locatio(Desition Zone)n
Taylor Valleyn January 2018-igure4-1). Partial days occurred due to snowfall halting
sampling. Two sites were used in Antaratio control for site specific effects, in particular
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proximity to the camp at Spaulding pond.
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Figure4-1 - Map of Antarctic sampling locations

The sample sites were paetermined,and the exact location as saved i GPS
locator. Baring Head was sampled at table hei@t®g m) and theCoriolis extender and
tripod at 1.8m were used in the Dry Valleys. A photo was taken of the machine and
location. Gloves were worn and the extender and Coriolis unit el@¢avith bleach. The
Coriolis neck, head and cone were cleaned with bleach, ethanol and three rinsdi-Qf
water MQHO). The cone was filled with 15 mLBBS. A negative was taken (PBS put into
the cone without running the Coriolis) before runninget@oriolis fotwo ¢ four minutes
with MQHO to ensure all bleach residue in the head and neck was removed. TheMQH
was disarded and replaced with 15 mL of PBS and the Coriolis was run at 300 ldnefor
hour. In the Dry Valleyghe extender was usedt @he maximumtop up rate. The heating rig
was set to 20C, but windchill meant it was always heating at maximum rate and
maintained a temperature around BCdepending on the weather conditions. No heating
was required at Baring Head. Aftene hour thesample was transferred to a 15 mL falcon
tube and stored in an insulated bin with ice. 15 mL of PBS was loaded into the Coriolis cone
and the machine restarted. Antarctic samples were filteiretlvo-hour poolsin thefield
andstored in CTABuffer in theinsulated bin until they were transported to Scott Base. At
Scott Base they were stored @0 Cbefore being transported to Auckland in an insulated
box containing dry ice. Once they were receivedutklandthey were stored at20 C
Baring Head samles were transported by road back to Auckland in the insulated box with
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ice then stored at20 C Samples were pooled iwo ¢ four-hourincrements.Observations

of temperature, wind chill, relative humidity, max wind speptean wind spee@nd

weather onditionswere recordedat each sample changeover (with a Kestrel 3000). Particle
counts were taken (with an AeroTrak particle counter) @wm¥ealand (NZ)It was too cold

for the particle counter to function in Antarctica. In Antarctica UVA, B and Cweasured

with a UVC radiometgfUVP Inc, Upland, GAf light rain occurred during sampling, the
Coriolis was sheltered with an umbrella. If rain wasuyyeahe unit was packed up until the
rain abated.

Air-mass backrajectories were generated hourly evthe sampling periods using
the NOAAHYSPLIModel (v5. 0. 0 UbuntujStein et al., 208) with GDAS meteorological
data. Clustering was performed Y SPLIBeeAppendix BAYSPLIT Clustering Procedure
for details) The number of clusters selectaw¢ - three) was based on a marked increase
in total spatial variance as clusters reduced. The cluster for each sample was manually
entered intothe metadata, which was imported into R. Bac&jectories were generated for
one-day,three-day andone-week durations

4.3.2 LaboratoryProcessing
For details on DNA extraction and DNA sequencing methodsestienC.1Laboratory
Methodsc DNA Extractiopand sectionC.3Laboratory Mehods¢ DNA Sequencing

4.3.3 Bioinformatics

For details on bioinformatic processing s&ependix DOptimising Bioinformatics Protocols
for Aerosol Microbial Community Datea Case Study Using an Urban Parks DatBast)
files pertaining to Baring Head and Antarctica were analysed as per the recommended
protocols The decontaminateamplicon sequere variant ASV table (with read counts
adjusted to remove contaminant sequences)d combined taxonomy and relevant
metadata were analysed in R with respect to the hypotheses for this study.

4.3.4 DataAnalysis

The 16Sthe gene for theRNA component of the 3smaksubunitof the prokaryotic
ribosome)andinternal transcribed spacdor ITS which isspacer DNA situated between the
smallsubunit RNA and larggubunitribosomalRNA genem the fungal genomeASV tables
were prepared for analysis lmgmoving diplicate or restempted samples (some samples

did not sequence well, so sequencing was repeated). Samples with the highest read counts
were retained. The ASV table was filtered with variable stringency, and the results
submitted toredundancy analysifRDA and comparedo determine theoptimal level of
filtering. An unfiltered ASV table was creatdthese filters were used to improve any signal
which could be masked by invariant taxa and/or {@wel stochastic variatiari-or

Antarctica 16San ASV table ith only ASVs with over 300 reads and a coefficient of
variation(CV)overthree, and an ASV table with only ASVs with over 400 reads and a CV
overfour was createdFor Antarctica ITS, an ASV table with only ASVs with over 500 reads
and aCV overthree, and an ASV table with only ASVs with over 500 reads and a CV over
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four was createdFiltering wasoften performed at a higher read count threshold for ITS as
ITS read counts wegenerallyhigher than 16S, and CV also tended to be highiee.
thresholds wee set based on the characteristics of each dataSet.Baring Head 16S, an
ASV table with only ASVs with over 100 reads aG¥averthree, and an ASV table with
only ASVs with over 200 reads and a CV tiarwas created. For Baring HelidS, an ASV
table with only ASVs with over 100 reads an@\fverthree, and an ASV table with only
ASVs with over 200 reads and a CV dwer was createdDays five and six in the Antarctic
dataset were filtered out odll downstream analysjsas theywere not full days, so
represented very few sampling points and were not comparable with the remainder of the
datasetso risked distorting the resulMetadata associated with each samplere adjusted
to remove redundant variables (incomplete measurements or variableshmvere not
analysed further)Numerical variables were standardisadZ-scoresn R (ith the function
scalein base R An additional numericabariablewas includedo indicate timeof day using
dubridateg (v. 1.7.9 (Grolemund & Wickham, 2011-)hours since midnightAs time on a
24-hour clock is a circular variabléyis wassubjected to both sieand coge
transformationsand a Euclidean distance matrix was calculatseihg the transformed
varialles tomodel temporal cyclicityLondon, 2017)Additianal categorical variabk
representing different temporal scales of variativmere addedc day/night (day 8ang 8pm,
night 8pmg¢ 8am), time window (1ang 3am, 3amg 5am, 5amg 7am, 7amg 9am, 9any
1lam, 11lang 1pm, 1pmg 3pm, 3pmg Spm, 5pm - 7pm, 7pmg 9pm, 9pmg 11pm, 11pnxg
lam), time of day (morning 8aml12pm, afternoonl2pm¢ 4pm, evening 4pnq 8pm, night
8pmc¢ 12am, late night 12am 4am, early morning 4arg 8am).

To adjust zeros in the ASV table, which prevent log transformations (as used in the
Aitchison distance matrix),a@gesiarmultiplicative replacement was performed on the ASV
tables(Gloor et al., 2017; Quinn et al., 2018)ing the function cmultReRitchison, 1982;
Templ et al.2011)in the R packag&zCompositions(v1l. 3. 4 PalareaAlbaladejo &
Martin-Fernandez, 2015§Rob®@mpositiong (v2. 2. 1Templ et al., 201 yas used to
generate an Aitchison distance matrix, which was fed into downstream analysis functions.

Variance paitioning of the Aitchison distance matrix was conducted using distance
based redundancy analysis (RDA) to compare the three different lengths of back
trajectories to determine which length would be used for the remainder of the analysis.
Variance partioning provided quantification of the relative correlation of alternative
trajectory lengths with the sampled bioaerosol communities; a higiéndicated greater
variation explained by a given trajectoRor the Antarcti@and Baring Headata,the 16S
unfiltered ASV table with ane-week trajectory had the highe$. For ITS, an unfiltered
ASV table with ane-day backirajectory had the highes®®, therefore these parameters
were chosen for the remainder of the analysis.

The Aitchisortompositional digsilarities were plotted against the Euclidean €os
sin transformed temporal dissimilarities for each pair of samples to visualise the time
dissimilarityrelationship. The timalissimilarityplot showed a linear relationship once
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transformed. Nonlinear corelation was calculated using the R packéagleorg (v.1.3.2)
(Ranjan, 2020)

Forward selection of variablegas performed to dtermine which explanatory
variables to include in further dBRDA analysis. This was implemented in R using the
capscale and ordi2step functionsavegart (v2. 5. 6YOksanen et al., 2012Yariables
(other than wind and time, as these were gselected)were includedf indicated by
forward selection Forward selection was run with 99@rmutationswith a P-value
parameter ofone or lowerfor all ampliconsVariables were further excluded if all their
variationwas shard with other variablesso the simplest RDA with the highé&tvalue was
accepted as the solution.

Significant variables resulting from the forwaselection procedure were included in
the db-RDA with variance partitioning to quantify strength of relationship with bioaerosol
community composition. These variables weree-week wind dayand the Euclideatime
matrix (time matrix)for Antarctica 16Sone-daywind, dayand the time matrix for
AntarcticalTS(Table4-1). ForBaring Head 168ne-week wind and temperature were
included. For Baring Head ITS, temperature, humidity and weather were inc(Uicéte
4-2). In addition to quantifying the relative importance of the different variables;RIDA
guantified the portion of explained variation that was shared among variables.

Table4-1 - Explanatory variables and whether they were included in modelling
compositional variation in bioaerosol communities sampled Amtarctica

Variable Variable Description Included in Included in
type 16S model? ITS model?
1-day back Categorical Path of sampled aimassin No Yes
trajectory previous 24 hours
cluster
3-day back Categorical Path of sampled aimassin No No
trajectory previous 72 hours
cluster
1-week back Categorical Path of sampled aimass in  Yes No
trajectory previous 18 hours
cluster
Location Categorical Locationwheresampling No No
took place
Day/night Categorical Time of sampling No No
Time of day Categorical Time of sampling No No
Time window Numerical Time of sampling No No
Max. wind Numerical Maximum windspeed in No No
speed observation window
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Mean wind Numerical Mean wind speed in No No

speed observation window

Wind chill Numerical Wind chill during sampling No No

UVA/B/C Numerical UV measurements during  No No
sampling

Weather Categorical Weather during samling No No

Temperature Numerical Temperature during No No
sampling

Humidity Numerical Humidity during sampling  No No

Day Categorical Daysampling took place Yes Yes
during

Time matrix Categorical Euclidean distance matrix or Yes Yes

cos and sin transformeldour
since midnight variable

Table4-2 - Explanatory variables and whether they were included in modelling
compositional variation in bioaerosolammunities sampledat Baring Head

Variable Variable Description Included in Included in
type 16S model? ITS model?

1-day back Categorical Path of sampled aimassin No No

trajectory previous 24 hours

cluster

3-day back Categorical Path of sampled aimassin No No

trajectory previous 72 hours

cluster

1-week back Categorical Path of sampled aimass in Yes No

trajectory previous 18 hours

cluster

Weather Categorical Weather during sampling No Yes

Temperature Numerical Temperature during Yes Yes

sampling
Humidity Numerical Humidity during sampling  No Yes

Visualisation of compositional variation among samples was achieved by generating
Nornrmetric MultidimensionalScaling (NMDS) plots dhe Aitchison distance mates
implemented in the R packageegar (Oksanen et al., 201®)r the Antarctic dataThe
stress fortwo to sixdimensions was compared, with 500 ramdatarts and 999 iterations
per run. The lowest diensional solution with a stress under 0.2 was selected. No NMDS
was presented for Baring Head, as R was unable to compute an NMDS for 16S due to
insufficient data.
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To assess patterrmer timeand by backtrajectory for different generafor
Antarctic daa, the percentage of total read count were calculated for the relatively more
common genera. Bar plots were generated usipgplotZ (v3.3.2)(Wickham, 2016and
ophylosed (v1.30.0X\McMurdie & Holmes, 2013)n data filtered as follows.df 16S
samples with less thath00 reads were filtered ouRelative abunénce by genus for each
category included nly genera with at leas2% of the readstor ITS samples with less tha
100 reads were filtered ouRelative abundance by gentisr each categoryncluded aly
genera with at leas2% of the readsTo assess ptrns by backrajectory for different
generafor Baring Head datdhe percentage of total read count were calated for the
relatively more common genera. Bar plots were generated ugigglotZ (v3.3.2)
(Wickham, 2016and ¢phylosed (v1.30.0 McMurdie & Holmes, 2013)n data filtered as
follows. For 165 samples with less thaf00 reads were filtered ouRelative abundance by
genus for eacleategory included wly genera with at leas2% of the readsFor ITS samples
with less tha 100 reads were filtered ouRelative abundance by gendisr each category
included aly genera with at leas2% of the reads

Thenumber of ASVs (exact sequence match) and genera shared between Antarctica
and Baring Head/as calculatedising the R pacigecdzetadi (v. 1.2.0(Latombe, McGeoch,
Nipperess, & Hui, 201B)A presence/absence matrix was created for Antarctica, Baring
Head air of Antarctic origin and Baring Head air of-Aatarctic origin including any
ASV/genera ientified at that site in any sampl@he number of overlapping taxa between
Antarctic air ad Baring Head air of Antarctic origin wadculated andcompared tothe
numberfor the comparison oAntarctic air and Baring Head air of ndntarctic origin A
comparison of air sampled in Antarctica of NZ and-hhorigin with NZ acould not be
performed as no air sampled in January 2018 appeared to be of New Zealand origin, based
on one-weekbacktrajectories run.

4.4 Results

4.4.1 OneWeekandOne-DayBackTrajectolies Slected forAir-MassSource
Variable in Antarctic dRDA

Wind backtrajectoriescorrelated withsimilarly low levels ofariation incommunity

composition forl6S & =2%),andITS R = 1%)(Figure4-2). Thedifferent trajectory lengths

showed consistent shared variatiofor 16S, onaveek trajectories had the higheBt value

For ITS, oneay trajectories hadhe highestR values. Onaveek trajectories were selected

for the remainder of the analysis fa&6S and oneday trajectories were selected for ITS
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Wind 3 day

Wind 1 day
Wind 1 week ' Residuals = 0.98

Values <0 not shown

b)

Wind 1 day Wind 3 day

Wind 1 week

Residuals = 0.99

Values <0 not shown

Figure4-2 - Variance partitioning of the results from distancebased redundancy analysis
on the Aitchison compositional distances among samples(a) 16S and (b) ITS showing
the variance explained by onday, threeday, and oneweek backtrajectories. Only R?
above 1% are displayed, and negative values effthe positive values resulting in the low
overall R values for the model.

4.4.2 Time wadransformed toReflect Cyclicity

A Euclidean distance matmalculated frontime in hours since midnight and the Aitchison
dissimilarity matrixvere non-linearly relatedfor both amplicons, with significant neimear
correlation coefficient®verallfor days oneto four (16S0.19, ITS0.22). The plots for
individual days show noticeable variation between dagyd nonlinearity persisting over
the 24-hour period despite the transformatiorHowever these variations appeared to
cancel out overall, ahe Eudidean distance matrigf the sine and cosine transformed fine
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scale temporal variable®r days one to four imggregateappeared to have littl®bvious
relationshipwith Aitchison dissimilarityn the time-dissimilarityplots (Figure4-3).
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Figure4-3 - Distance timelag plots for a) 168ay one b) 16S day two c) 16S day three d)
16S day foue) 16S days one to fowandf) ITSday one @) ITS day two h) ITS day three i)
ITS day four j) ITS days one to fanfrAitchison compositional sample distances against
Euclidean time temporal dissimilarities betweesine and cosindransformed sample
times (number of hourssince midnighj.

4.4.3 Time ofDay, Air-MassSurceandLocationAffect ITSBioaerosol
GCommunityCompostion
The 16S data appeared to be too sparse, wittegativeR from modelling, andho
convincingelationships with time and aimass sourceetected(Figure4-4). However the
ITS model had aR® of 25%, and indicated that time of day, aitass source and sanid
daywere correlated with variability in the Antarctic bioaerosol communifiariation oer
the course of a day appeared to be much greater than between days fordffperature,
relative humidity, wind speed and UVA, UVB and UVC were not correlated with the
bioaerosol community per forward selection procedurescation wasutocorrelated wih
day @s differentlocations were sampled on different days), so only @ag included Both
NMDSordinations showd clusteringof samples withdifferent airmass sourceghe hours
since midnighwvariable, withblue and redbften beingadjacent as theyapresentmidnight
and lamrespectivelyand sampling dayClustering appeared to be more pronounced for
ITS.
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b)

Wind 1 week Time matrix

Residuals = 1.03

Values <0 not shown

Wind 1 day Time matrix

Residuals = 0.75

Values <0 not shown
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Figure4-4 - Variance partitioning of the results from a dRDA on theAitchison
compositional distances among samples for (a) 16S and (b) ITS, showing the variance
explained by time matrix, wind andlay. NMDS ordination of thet) 16Sandd) ITS

Aitchison distancemamong samples. The bagdkajectory cluster is indicated bgllipses
representing thet distribution of the points relating to each clusterHoursare indicated

by the gradient colourSampling days indicated by shape. Stress on 16S NMDS was 0.17
(dimensbnsone andtwo are presented abovg the three-dimensional slution was
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selectedas thetwo-dimensionalsolution had stress greater than 0.2 so could not be relied
upon. Omensionsone andthree, andtwo andthree are presented inSupplementary
Materials FigureE10). Stress on ITS NMDS w.15 (dimensions one and two are
presented above), the threalimensional solution was selected as theo-dimensional
solution had stress greater than 0.2. Dimensioose and three and two and three are
presented inQupplementaryMaterials FigureE11). Higher dimensional solutions had
lower stress values for both amplicons.
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RelativeAbundance byiimeWindow¢ 16S
Unfiltered bacterial reads numbereg8D7,244 with 2,276 ASVs inferred. Unfiltered fungal
reads numbered. 579,022 comprised ofl,569ASVs.

Stenatrophomonaspp., Acetinobactesspp. and Pseudomonaspp. were common in
Antarctic bioaerosolgFigure4-5). Genera were consistentlselativelyabundant over a 24
hour period.Filtering criteria described ifigure4-5 legend below.

5.7 7.9 5-11 1113

13-15  15-17  17-19  19-21  21-23  23-1 173 3'5
g_Serratia g_Asteroleplasma g_Escherichia/Shigella uncl_k_Bacteria
Genus uncl_c_Chloroplast uncl_f Coxiellaceae g_Methylobacterium g_Acinetobacter

Time Window
|:| g_Pseudexanthomonas . g_Brasilonema . g_Pseudomonas . g_Stenotrophomenas

0.84

0.6+

0.4

Relative Abundance

0.2+

0.0+

Figure4-5 - Relativeabundanceby genusby time window for 16SSamples with less than
100 reads were removedonly genera with at leas2% of the reads were included in the
bar plot.
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RelativeAbundance byimeWindow¢ ITS

Peniophoraspp., an unclassified organism in the famitglyporaceaandRigidoporuspp.
were common in AntarctibioaerosolgFigure4-6). Community composition appeadto be
reasonably consistent overZd-hour period. Filtering criteriais described irFigure4-6
legend below.

0.6

: I

0.2 4

Relative Abundance

0.0+

5.7 7.9 o1 1113 13515 15-17 17.19 1921 21-23 231 1.3 3ls
Time Window

[ g_minctoporetius ] unci_p_Basidiomycota [[] uncl_o_Polyporales [l o_Schizophylum  [] g_Peniophara

Genus g_Perenniporia g_Fomitapsis q_Rhodotorula g_Rigidoparus
g_Grammothele g_Resinicium uncl_c_Agaricomyceles uncl_f_Polyporaceae

Figure4-6 - Relativeabundanceby genusby time window for ITS. Samples with less than
100 reads were removedOnly genera with at least 2% of the reads were included in the
bar plot.
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RelativeAbundance byamplingDay ¢ 16S
Cenera wee reasonably consistently abundaon differentdays Figure4-7). Filtering
criteriaisdescribed irFigure4-7 legend below.

0.8+
\
|
0.6 4
@
(=)
c
<
=
c
=
2 0.4
o
2
&
[}
o
0.2+
0.0+
Samp\ir;g day 1 Samplir;g day 2 Samplir;g day 3 Samplin'g day 4
Day

g_Serratia uncl_f_Coxiellaceae g_Brasilonerma g_Pseudomonas
Genus g_Pseudoxanthomonas g_Escherichia/Shigella g_Methylabacterium g_Acinetobacter

|:| uncl_c_Chloroplast . g_Astercleplasma . g_Sienoirophomonas . uncl_k_Bacteria
Figure4-7 - Relativeabundanceby genusby sampling day for 16S. Samples with less than

100 reads were removedOonly genera with at least 2% of the reads were included in the
bar plot.
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RelativeAbundance byamplingDay ¢ ITS
CGenera were consistaly relativelyabundanton differentdays Figure4-8). Filtering criteria
isdescribed irFigure4-8 legend below.

0.6 4

=
=
|

Relative Abundance

0.2+

0.0+

Sampling day 1 Sampling day 2 Sampling day 3 Sampling day 4
Day

D q_Phellinus . g_Grammothele . uncl_p_Basidiomycota I:l uncl_¢_Agaricomycetes D uncl_{_Paolyporaceae
Genus i g_Tinctoporellus H uncl_o_Polyporales E g_Fomitopsis I g_Schizophyllum D g_Peniophora

g_Perenniporia g_Resinicium g_Rhodotorula g_Rigidoporus

Figure4-8 - Relativeabundanceby genusby sampling day for ITS. Samples with less than
100 reads were removedOnly genera with at least 2% of the reads were included in the
bar plot.
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RelativeAbundance byackTrajectorydusterg 16S

Clustersone andtwo harboured consistent assemblagekbacteria Figure4-9). Cluster

three appeared to be distinct, but that was likely driven by low total reads from few samples
mapping to clustethree, which affected apparent comnmity composition Filtering criteia
isdescribed irFigure4-9 legend below.
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Figure4-9 ¢ a) Relativeabundanceby genus bybacktrajectory cluster for BS. Samples
with less than 100 reads were remove@nly genera with at least 2% of the reads were
included in the bar plot. bMap of routes taken byone-week backtrajectory clusters.%
next to each cluster indicas proportion of trajectories assigned tthat cluster.
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RelativeAbundance byackTrajectorydusterc ITS

Clustersone andtwo harboured consistent assemblagesfngi (Figure4-10). Clusterthree
had such low numbers of fungal reads that no generagxh8ise filters used for genus bar
plots. Filtering criteriaisdescribed irFigure4-10legend below.
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Figure4-10- a) Relativeabundance by backrajectory cluster for ITS. Samples with less
than 100 reads were removeddbundance by genus for each cluster, only genera with at
least 2% of the reads were included in the bar plot.Mpap of routes taken by onalay
backtrajectory clusters.% next to each clusr indicates proportion of trajectories
assigned to that cluster.

135



4.4.4 Taxonomi®verlapBetween Antarctica and Baring Hdadreased when
Baring Head\ir was of Antarcti©rigin

ASVs with identical sequences for both bacteria and fungi were found in Antasstd New

ZealandTable4-3). Forbacterig 150- 212 ASVs were shardaketween the two locations,

and 144¢ 153 fungal ASVs were shared, depending on wind direction. There were more

ASVs in Baring Head air of rAntarctic origin, than in Baring Head air of Antarctic origin.

The pattern was similar for genenaith 174¢ 247 bacterialgenera incommon and 205

208 for fungi. There were greater numbers of genera in Baring Head air e&mtanctic
origin, than inBaring Head air of Antarctic origifts a proportion of ASVs present, bacterial
shared ASVisicreased from 11.8% to 18.9% when the sampled air mass originated in
Antarctica. Fungadhared ASViscreased from 3% to 3.4% when sampled air was from
Antarctica.Unsurprisingly, the mmber of genea shared between locations was much
greater than ASVs. As a proportion of genera present, bactdraaked generancreased

from 61.4% to 72.2% when the sampled air mass originated in Antarctica. Bhageadl

generaincreased from 41.3% to 41.8% when sdetpair was from Antarctica.

Table4-3 ¢ Table showing shared numbers of ASVs or genlgeawveen Antarctica and New
Zealand, and the change shareddiversity depending on dagin of air sampled in New

Zealand.

ASV

Amplicon Antarctica v Baring

Head Antarctic air

Antarctica v
Baring Head

Antarctica v Baring
Head nonAntarctic

Antarctica v
Baring Head non

(BHA) Antarctic air air (BHnA) Antarctic air
Shared ASWstal % zetadiversity/total %
ASVS8HA ASVs BHNnA

16S 150/793 18.9 212/1,793 11.8

ITS 153/4,555 3.4 144/4,860 3.0

Genus

Amplicon Antarctica v Baring  Antarctica v Antarctica v Baring  Antarctica v

Head Antarctic air

Shared ASV#otal

Baring Head
Antarctic air
%

Head nonAntarctic
air
zeta diversity/total

Baring Head non
Antarctic air
%

genera BHA genera BHnA
16S 174/241 72.2 2471402 61.4
ITS 205/491 41.8 208/504 41.3
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4.4.5 OneWeek (16S) oDne-Day (ITSBackTrajectoriesSelected forAir-Mass

SourceVariable in Baring Head dbDA
Wind backtrajectories correlated with more of the variation in community composition for
ITS R 11%), than for 16 SR 4%)overall(Figure4-11). The different trajectory lengths
showed consistent shared variation. For 16S, -@reek trajectories had the higheB¥value
(15%) For ITS, onday trajectories hadslightlyhigher R values (7%) Oneweek trajectories
were selected for thelb-RDA for bacteria, and orday trajectories weg selected for the
db-RDA for fungi
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Wind 1 day

Wind 3 day

Wind 1 week Residuals = 0.96

Values <0 not shown

b)

Wind 1 day Wind 3 day

Wind 1 week Residuals = 0.89

Values <0 not shown

Figure4-11 - Variance partitioning of the resultérom a distancebased redundancy
analysis on the Aitchison compositional distances among samples for (aah@3b) ITS
showing the variance explained by oraay, threeday, and oneweek back trajectories.
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4.4.6 Air-MassSource Temperature Humidity andWeather Affected Baring
HeadBioaerosolCommunityComposition
The 163nodel had ar® of 17% suggestinghat air-mass sourcend temperature were the
principal correlates with the Baring Head bioaerosoimmunityfor bacteria(Figure4-12)
andthat weather and relative humidity had little impadhe ITS model hadlawer R of
13%, and indicated thatemperature,relative humidity and weathewere correlated with
variability in theBaring Headbioaerosol communityOneday wind was all shared variation
for ITS, so was not included as it did matependentlyexplain anyof the variation.
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1 week wind Temperature

Residuals = 0.83

Values <0 not shown

b)

Temperature Humidity

Weather Residuals = 0.87

Values <0 not shown

Figure4-12 - Variance partitioning of the results from a distandeased redundancy
analysis on the Aitchison compositional distances among samples for (a) 16S showing
variance expléned byone-week wind and temper&ure and (b) ITS showing the variance
explained by temperature, relative humidity and weather.
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RelativeAbundance byackTrajectorydusterfor Baring Head 16S
Unfiltered bacterial reads numberegil0,354 with 2,009AS/s inferred. Unfiltered fungal

reads numbere®,470,453 comprised 06,469ASVs.

Methylobacteriumspp., an unclassified bactenn, an unclassifiedhloroplast,
Actinobacteriaspp., Chrysobacteriunspp and Pseudomonaspp. were common in Baring
Head bio&rosols(Figure4-13). Communitycomposition was similar in the different back
trajectory clustersChrysobacteriurspp. were more prevalent irtlusterthree. Filtering
criteriaare described irFigure4-13legend below.
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Figure4-13 ¢ a) Relativeabundance by backrajectory cluster for 16S. Samples with less
than 100 reads were removednly genera with at least 2%fdhe reads were included in
the bar plot. b) Map of routes taken bpacktrajectory clusters.% next to each cluster
indicates proportion of trajectories assigned to that cluster.
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RelativeAbundance byack TrajectoryCuster for Baring HeadlITS

Pleurousspp., an unclassified organism in the class Agaricomycete§aminulinaspp.
were common in Baring Head bioaerosdtggy(ire4-14). Clusteitwo was distinctive, with
higher relativeabundances oPeniophoraspp. andfewer Pleurotusspp.Filtering criteriaare
described irFigure4-14legend bebw.
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Figure4-14 - a) Relativeabundanceby genusbhy backtrajectory cluster for ITS. Samples
with less than 100 reads were remove@nly genera with at least 2% of the reads were
included inthe bar plot. b) Map of routes taken by baekajectory clusters.% next to each
cluster indicates proportion of trajectories assigned that cluster.
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4.5 Discussion

The purpose of this study was tmderstandthe nature and drivers dfiel variation in
Antarctic bioaerosols, anthe frequency of intercontinental exchange with Aotearoa New
Zealand Antarctic fungal bioaerosoisere correlated with onedaywind andexhibiteddiel
variationthat wasindependent ofmeasuredvariables such as temperatyr&hichisknown
to varywithin a 24 hour periognd affect bioaerosol@Burrows et al., 2009bRelationships
betweenenvironmental variables and thE6S amplicomlatafor bacteriawere less
conclusive. Antarctica and New Zealand have distinct bioaecasomurities but share a
portion of bacterial ASMbat varies, depending on air soutcEaxonomic overlap between
AntarcticaandNew Zealand increadavhen New Zealand awwascoming from Antarctica,
suggestindrequentintercontinental transport for bacteria ahmuch less frequent
transport for fungi.This researcluggests thatliel variation is present in Antarctic fungi,
but the drivers remain unclear. Bacterdi€l variation was less apparent. Bacteria appear to
have longer atmospheric residence times arehsport ranges than fungi and, as a
consequence, undergo winAthediated inercontinental transport tcAotearoaNew Zealand
more often

4.5.1 OptimalBackTrajectoryLengths werd.onger forBacteria thanFungi

Air backtrajectories of different lengths varied their correlationwith bioaerosol
community structureTherefore, lypothess 1 (Biological (i.e. particle size) and
environmental characteristics (affecting atmospheric residence times) affect optimal
spatiotemporal lengthef air-mass trajectories inelation to their ability to predictfine scale
temporalvariation inrelated bioaerosol community structujdailed to be rejected
Specifically, onaveek trajectories appeared best (highd®) for Antarctic bacteriaThis
trajectory lengthwaslonger thanis typical inthe worldwideliterature (three days isften
used(Archer et al., 2020) For Antarctica specificallgpttos et al. (2014ysed seven days
andArcher et al. (2019)sed threedays andwo weeks.Antarctic fungi lad an optimal
trajectory length of oneday, consistent with other areas globalfhared variation indicated
other trajectory length choices are acceptable. Longer trajectory lerfgthisacteriaare
supported by suggestions the literature of greater bioaerosol residence times in
Antarctica(Archer et al., 2019; Burrows et al., 2009 greater propensity for aerial
dispersal of bacteriapposed to fung{Archer et al., 2019)eater residace times could be
due to high average wind speeds, keeping patrticles in suspension for (dregesh & J.,
2003) although why that wouldféect bactera more than fungis unclearFungal spores are
generally larger than bacteri@owers et al., 2013).argeiparticleswould be expected to
move out of suspension more easily due to iraged gravitabnal settling andncreased
chance of wet or dry deposition (ssectionl1.3.1ParticleMovement in theAtmosphers),
soshorter predicative trajectory lengths and presed residence timemake intuitive
sense However, interpretation of these findings must be tempered, since both bacterial and
fungal models had low overd® values (168 2%, ITS1%). Further, ibaerosols are
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thought to often persist in amaggregate forn{Hufman et al., 201Q)so the size of the
whole particlemay not be larger for fungi.

4.5.2 Time wadNon-LinearlyCorrelatedwith BioaerosolCommunities due to
Daily Gyclicityand BioaerosolCommunitiesVaried onDifferent Days

Dissmilarity in Antarctic bioaersol communitiesncreasedwith time over a 24hour period

in a nonlinear fashion due taaily cyclicality Differencedn time-dissimilarityplots were

evident between different sampling daywith variation in thepattern between days

Therefore, lypothesis2 (time-dissimilarityhypothesisChanges in environmental variables

that are known to affect bioaerosols (such as UV and temperature) were expected to drive

temporal variation in the bioaerosol community, witrar24-hour period, and between

different days studied. The relationship between pairwise sample dissimilarity and time was

expected to be no#tinear due to cyclical dayight period$ failed to be rejectedThe

transformed time variable was convincinglynedated with ITS variatiorf = 17%)and

both amplicons had significant ndmear correlation coefficientwith transformed time of

day. Transformation of the time variable imprové8in ITS deRDA, supporting

transformational validity. Other time variables displayed only shared variatitimtiae

transformed variableso were excludedwhile the dbRDA for 16S was inconclusive, some

clustering by time in the NMDS was visilildear del variation for ITS is consistent with

bioaerosoliterature, with several studies detectin@riationover the course of a daiyn

culturablebioaerosol concentrationdVultiple studies observed higher concentrations in

the morning and evenin(Burrows et al., 2009b; Tong & Lighthart, 199@ile studies of

continental acterial flux detectedhighestupwards movemenin the warmest part of the

day(Chen et al., 2001; Shaffer & Lighthart, 1997; Tong & Lighthart, 20@@Qjght to be

driven by igher temperatures increasg turbulence, wind speeds, vertical Ring,

residence times and division rates, increasing the microbial load and aerosolisaitiemn.

this background, minimal evidence @ikl variation for bacteria was unexpected. While

Antarctic read counts were lower for baciaithan fungi, relationshipshould be detectable

with the available data (based on tli& values for Baring Head data discussed below, which

were much more conclusive with a lower bacterial read count and ASV number than

Antarcticd. For ITS, variation thiin a day appeared to be gater than between day$¥ ¢

6% between daysjersusl7% within days while the 16S relationship was less clear.

Bioaerosol literaturendicates patternsn bioaerosolvariability can be obscured by

stochasticity over shortine scalegBurrows et al., 2009bkampling days one thrgun four

also had similar weather conditionwith less vagtion than over each day so this finding

was consistent with field observations. Due to the inherent variability of bioaerosols and the

lack of comparable molecular data owsrorttimescalesfurther fine-grainsampling is

needed to crystalliséhis understanding.

146



4.5.3 Day,Time ofDayandAir-MassSourceAffected ITSBioaerosolCommunity
Composition
Wind source, time andaywere correlated with variation in Antarctic ITS communities.
Hypothesis3 a.(Environmental drivers hypothesediel variation in Antartic bioaerosol
community structure (composition and diversity) can be predicted by time of day,
geographic origin of sapled air, sample location, temperature, relative humidity, wind
speed and UVA, UVB and UW@yeforefailed to be rejectedor ITS. Itould berejectedfor
16S, ashe R valuesfor the 16Sdatawere very lowAs noted above]l6S readsvere lower
than ITS meaning bacterial relationships, if they exist, would be harder to d&téwtther
due to minimal relationship ansufficientread caunts to detectthem, the datado not
support correlation of Antarctic bacterial bioaerosol communities with arthefimeasured
variables.There was no correlation of temperature, humidity, UV or wind speed with
Antarctic bioaerosols for either amplicorhi$ is in contrast to temperature and humidity
being observed to b&equently correlated with bioaerosokllsewhee (Els et al., 2019;
Woo et al., 2013)thusis somewhat surprisingnd indicates that further Amirctic studies
across moralays and in more locations are required to confirm this observatiypothesis
3 a.is rejected for these variableBielvariation was expected, as it is known that
temperature, humidity, and UV exposure vary predictably oherd¢ourse of the day and
these variables affect bioaerosol concentratigBsirows et al., 2009b; Els et al., 2019;
Hughes, 2003; Woo et al., 2018)ere, dél variation has been observed but does not
appear to bdinked to any of the variables measured which are thought to drive it. This
suggests that some other variables could ffe@ing Antarctic bioaerosolsn a daily
cyclical basidyut their nature is unclearom available literaturgBurrowset al., 2009hb)
Identification of further relevant variables which could ineasuredn a more intensive
sampling regime would berpdent. Interrogation of sampling protocols to remove any
sources of contamination would be beneficial, as although Hmepes were processed to
correct for contaminationit is possible that this or some other stochastic event could be
causing the unexpined temporal variation.

4.5.4 RelativeBioaerosolAbundancedid notVary by Day, Time ofDay and
Wind Source
Common bacterial genera, such@®rotrophomonasspp. and Pseudomonaspp., are
found in other bioaerosol studies. They are widely dispersed envieoah bacteria. Some
more surprisinggenera are abundant, for instancAstreloplasmapp., which isobligately
anaerobic and associated with the bovine run{®veisburg et al., 1989Brasilomemaspp.
is a cyanobactemm, which inhabits water, and the leaves of bromeligBgre et al., 2007)
It could have been aerosolidand transported from Spaulding Pond or the nearby sea.
Finding marine associated bacteriaansistent withArcher et al. (2019)ut not Bottos et
al. (2014)Chloroplasts were much less prevalent than in bioaerosol studies in more
temperate areas, which is consistent with the lack of higher plant life iar&tita.Common
fungal genera included widespreadfyi (such a®eniophoraspp.) and,interestindy, plant
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associated fungi and yeasthpdosporidiunspp.). Yeasts were identified as the most
common fungi in Antarctica b&rcher et al. (2019)

Hypahesis3 b. (ielative abundances of common and rarer taxa fluctuatelay,
time of day and at#mass sourckgis rejectedor relative abundanceas there was not much
evidence of substantial variations in relative abundan€&snera seemed to stay consiste
between samplesChanges in microbial source populations whachld affect the mix of
genera present would be expected to take lonffer instance, bacterial population
turnovers tend to be measured in days at a minimwather than hourgKevorkian, Bird,
Shumaker, & Lloyd, 201)8pifferences irair-mass source could rapidlyfect relative
abundances, but this did not seem to be the case h€taster three appeared distinctive,
but this was likely due to few samples mapping to it, skewing the relative abundance data.

4.5.5 Taxonomi®©verlapBetween Antarctica and Baring Hdadreased when
Baring Head\ir was of Antarcti©rigin
Since ASVs with ideoal sequences were found in Antarctica and New Zealahgreater
rates for bacteriahypothesis 4 a. (intercontinental connectivity hypotheseminority of
globally distributed AS3/(identical sequences) were expected to be observed in Antarctica
andNew Zealand. Bacteria were expected to show a higher propensity foréoyg aerial
transport due to their longer atmospheric residence times and smaller size than fungi,
therefore gbbally distributed ASVs and genera were expected to be higher foetact
failed to be rejectedBacterial ASVef 11.8%and 3% of fungal ASVs were shared between
all New Zealand and Antarctica samples. This sugdesminority of bioaerosols are very
widely dispersed, presumably due to being well adapted to aerial dgpéiis is consistent
with observationsdy Bottos et al. (2014andArcher et al. (2019 Antarctica, as well as in
other locationgBe et al., 2015; Maki et al., 2017)

Taxonomic overlap iIASVs and genera increasgtien air sampled in New Zealand
transited from Antarctica. Hypothesis 4 be(ial transport was expected to occur from
Antarctica to New Zaland, at greatest rates for bacteria, resulting in more ASVs/Genera in
common (greater overlap in taxa) between Ardtica and New Zealand when Baring Head
air came from Antarctigdailed to be rejectedApproximately 7% more ASVs and 11% more
genera wee identical for 16S when air was coming from Antarcfideere were greater
numbers of shared genera than shared A8V both ampliconsas an exact sequence
match was not required fadifferent AS\8to be placed in the same gas ITS did not share
the same degree of change, only 0.4% more ASVs and 0.5% more genera matching when air
was coming from Antarctica. Givearsples were takeruringone continuous block of time
in each locatiorand other variables changing was reasonably controlled for through
repeats, this suggests that theoauld beaerial transport via the wind between Antarctica
and New Zealand, in addition to the widely dispersed ASVs always present. Bacteria had
many moreASVs in common between the locations, and a bigger increase wheviritle
was coming from Antarctica, suggesting that they ossiblymore adept at long distance
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transport, which is in line with the observationsAncher et al. (2019)They foundn an NRI
(net relatedness index) analysis that fungi were more netstied had less nelocal input
than bacteria. Theinferred greater dispersal limitation for fungi and, therefore, less long
range transportFew other studies compared bacteria and fumgthis manner, although as
previously noted smaller particle sizeuld make longange transport more likelfBurrows
et al., 2009bpnd this is consistent with longer batiajectories correlating with bacterial
variation already discussed.

There was a temporalelaybetween the Antarctic and thBaring Headampling of
approximately six months. The result abovenawer is still relevant for discussitiere for
various reasons. Modielg and bioaerosol sampling in Antarctica consistently suggest that
bioaerosol transport fronelsewhere to Antarctica is uncommon and that most bioaerosols
sampled in Antarctica origined there (Archer et al., 2019Bottos et al., 2014; Burrows et
al., 2009b) It follows that the ASVs present in Antarctica would be consistenttover
particularly relativelyshorttime scales of a few months. Since it is reasonable to expect
consistency over these time periodstite AS\é present in Antarctica it remains reasonable
to perform a comparison with New Zealand with a temporal difference between sampling
dates. The mismntah in timing however does represent a limitation in the current work. It
would be beneficial to pedrm samplingduring an overlapping time windoat both
locations to strengthen the case for intercontinental transpoetween them.Observation
of consisent ASVs, even with concurrent sampling, would auggest that transport could
be occurring andcould notprove transport. In order to do thaa marked tracer would
need to be released and{eaptured at the distant location, which would be another
potentially fruitful area tofocus future effort.

Bacteria were more affected by aimass sourcé¢han the fungi, which were more
affected by local variables. Therefore, hypothesis dacterial composition was expected
to be more affected by aimass source than fungal composition, and fungi were expected
to be more dependent on local environmental \aies (temperature, relative humidity and
weather) than bacterigfailed to be rejectedDb-RDA with variance partitioning for the
three different wind back trajectory lengths indicated that eweek wind was the best
correlate with the bioaerosol commuryifor bacteria, and onelay wind was the best
correlate for fungi. The complete éRDA with variance partitioning for Baring Head showed
an R of 11% for oneweek trajectories for bacteria, and also indicated temperature was
important. For ITS, onrday wird was all shared variation with local variablesdés not
feature in the final model. Temperature, humidity and weather were indicated as the best
correlates with the bioaerosol community. This suggested that local sources were more
dominant for fungi andlistal sourcesvere moreimportant for bacteria,which isconsistent
with Archer et al. (2019 ndthe higherobservedbacterialtaxonomic overlapn this study

Relative dundances of bacteria and fungi varied depending on back trajectory
cluster. herefore, hypothesis 4. (relativeabundance of bacteria and fungi were expected
to vary depending on air mass source, as different trajectories passed over different regions
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with variable microbial emissiohfailed to be rejectedCommon bacteal bioagosols

reflecting widespread environmental organisms featured in Baring Head samples.
Chloroplasts were again common, expected since there are many more higher plants in New
Zealand tlan Antarctica. Fungal species also reflected common bioaeassoiciate

organisms. Cluster two had a distinctive species compositnotiransited over the sea,

which may have caused this variar{@éenend et al., 2019)

4.6 Conclusions

The first finetemporakgrain bioaerosol dataset collected in Antarcticaegaled notableliel
variation for fungi but not bacteria, and comparison to samples taken in Aotearoa New
Zealand hinted at surprisingly frequent ledgstance intercontinentabacterial transport.

Several key questions have emerged from:t(i$ Do Antarctic bacteria varyvithin a 24

hour periodat all? (2) What factors drive the observed temporal variation in the fuh(g)

How doesthe biology and size of an organism relatetability to undergo longange

aerial transpor? (4) w microbially conneted is Antarctica to the rest of the wof2d5)

How can sampling protocols be improved to get the data needed to answer those questions
quickly and easiyFurther hourly samplig in Antarctica and surrounding areas is
recommended with measurement of adtonal variablesConcurrent sampling with New
Zealand is also suggested to shed more light on the potential intercontinental transport that
could be occurringThisresearch ma&sa tantalising starthat highlightspertinent future
research directions.
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9 | NAtid3ghere provides a habitat and condliitking all global ecosystenfisr
microorganisms which can tolerate its inhospitable conditipi®mack et al., 2010)
Bioaerosols can be pathogens, or allergeinsasive speciesr affect atmospheric

chemistry, and yet are little studigd@urrows et al., 2009b; Pearce et al., 20@yantifying
variation and connectivity of thaero-microbiome and understanding its dess is crucial

for predicting future ecosystem changes and managing outbreaks of dangerous
microorganisms, such as the SARS/2 coronavirus that is the causative agent of COVID
19 (Pearce et al., 2016)n this thess, | explored the variation in bioaerosammunities

over varying spatial and temporal scales to begin to understand wdrétion in

community structurehere is, and how and why it changes over space and time. Sampling
methods, DNA extraction methodsi@ bioinformatics pipelines were optimiseshd used to
describe the aeranicrobiome of urban parks in Auckland, Aotearoa New Zealand. This work
provided insights into microbial exposure of ettyvellers and bioaerosol variation over
smaller spatial scalesgvealing spatial differentiation despitecal population connectivity.

In the longest seasonal study of urban bioaerosols to date, Auckland bioaerosols were
sampled continuously for two years, which provided information on how bioaerosols vary
over longer timescales. Fungi showed correlationiwiémperature and pronounced
seasonality, while bacterial bioaerosols were less temporally variable. Finally, the aero
microbiome of pristine Antarctica was described, and its-firein temporal variation and
intercontinentalconnectivity were quantifiedor the first time. Antarctic fungi exhibited
markeddiel variation and bacteria showed evidence of regular intercontinental transport to
New Zealand. In this final chapter, the overarching themes emerging freradtly of work
presented are teased out amulit into wider context, before potential avenues for future
research are described.

5.1 Optimisation oResearchMethods

Appendix DOptimising Bioinformatics Protocols for Aerosol Microbial Community Data
Case Study Using an Urban Parks Da&sgAppendix AViethod Developmendetail the
method development work underpinning the sampliteoratory processing and
bioinformatic inference procedures for the experimental chapters of the thesis. Method
improvement was important since a large portion of thieaerosol studies revieweid
previous chapters of this thesis relied updated non-molecular methods, generally either
cultivation or microscopy. However, it is known that 70 to 984rrows et al., 2009 of
environmental microbes do not grow in culture, and it can be difficult to distinguish
morphologically similar organisntisrough microscopy. As a result, it is'ydikely that
diversity is underestimated when these methods amployel, and use of ext generation
sequencing (NGS) approaches is preferred to capture more of the diversity p(esent
sectionl.3.6BioaerosolSampling: Challenges arf@lutions). NGS apaches allow
characterisation of large numbers of samples at a reasonable cost and produce millions of
reads for analysidJnfortunately, hoaerosol work presents particular challeagfor NGS, as
air typically has very low biomass, which tends to resuitery long sampling durations (24
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hours totwo months) in order to collect enough materi@ottos et al., 2014)As a result,

no finescale NGS temporal data e in the bioaerosol literature reviewed, as sampling
bioaerosolson anhour-by-hour basis was not feasible. Dry filters are often used to capture
microorganisms, but these are biased agaf@stm-negative bacteria due to the desiccation
stress over the long sample duratiofiaihung et al., 2015Using a liquidmpinger
circumventghese issueswvith much higher flow rates andkduced desiccation stress on the
sampla microorganisms.

The Corioligt (Haig et al., 201d)quid cyclone impingewas investigated for
generatirg the data for this thesidt has high flow rates (300 L/mirgllows sample
durations from 10 minutes teixhours and it has ben utilised in amall number of very
recent studiegArcher et al., 2020; Archer et al., 2019; Els et al., 20H®)ever water
basedliquid collection medi are problematic in cold environments, like Antarctidag to
freezing.Following recommendations based ommk performed inAppendix AViethod
DevelopmenjArcher et al. (2019)sed the Coriolis with an RNAlater colieatmedium
(which has a depressed freezing point) in Antarctica, collecting samgiee mfour hours
| thoughtit beneficial to invest time in further method developmefor this thess, as
preliminary testing indicate@®NA recovered from RNAlaterasapproximatelyhalf that
recovered fromPBS. It was also beneficial to have a consistent approach for the whole PhD
to allow comparisons to be made across datasets and for the convenidrmcee sample
processing pipeline. A modification to the Corioliduding heating elements was
developed, which kept the liquid collection medium fromegzéng in cold conditionsee
sectionA.2.1Methods forOperation inSub-Zero Environments. A sampling duration of one
hour was found best to reliably return quantifiable DNA in New Zealahdth is a
significant improvement on previous studié®r some studies, the samplegre pooled
later oninto two-hour windows to improve biomag#ntarctic and Baring Hdastudies).
DNA extraction methods were optimised to work with the new sampling protocols (see
sectionA.3.1CollectionLiquid andSampleProcessincgand Appendix @.aboratory Method¥
These approaches were used consistently for all sangaléscted for this PhD thesis.

Optimisationwas also performed in relatioi bioinformatic pipelines used for
inferring ASVs present and taxongritom the NGS data produced (séependix D
Optimising Bioinformatics Protocols for Aerosol Microbial Community Dat@ase Study
Using an Urban Parks Datagdiools used for bioinformatics and taxonomy databases can
markedly affect the oytuts produced(Edgar, 2018)JUSEARCH was chosen as it was
observed to produce fewer spurious ASMS datain particular often has a high
percentage of ASM&hich cannot be assigned taxonomy based on one datapasher et
al., 2020) It is much harder to make inferences about an ASV without taxonomic
information. Thereforea combined taxonomy approachas developed for this Phibesis,
which utilised information in multiple taxonomy databases simultaneously and imgdrove
the rate of taxonomic assignmenly 12¢ 15%
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Removabf contamination is very important for bioaerosol studies, as members of
the aero-microbiome are often cataminants as well (presumedly due to their ease of
atmospheric dispersal). Similar studies used whole ASV del@&rcher et al., 2020put an
approach calculating a background contamination profile and dedgdhatfrom each
samplewas assessed as more appropriate for this work.

Consideration of compositionality is important for all NGS based stuaBegata
generatedareinherently compositiona{Gloor et al., 2017Methodsthat account for
compositionaity were not seen in any of the literature reviewed for this PhD.
Compositionality means that reambunts represenpart of a whole and only contain relative
not absolute abundance informatiditchison, 1982)This occurs due to standardisation
steps in the sequencing process amddomvariation in the read depth during sequencing.
Using norcompositional methods on compdaional data causes various prebts, such as
confounding distance matrices, like Br@yrtis (BC), which are very commonly uggtbor
et al., 2017)In this PhDdata from the Urban Parks stuayere analysed with a range of
compositioral and norcompositional methodsrad the outputs compared. The
compositional approach utilised an Aitchison distance matrix (a centred log ratio
transformation) and the nortompositional approach used BC distance matrices, a Jaccard
presenceabsence matriand Hill numbers for diversityh& Jaccard presenagsence
matrix circumvents the norcompositional/compositional issy@sread counts are
converted to presence or absence data so problems with inaccurate raw read counts
disappear providing a good refence point The results fronall tools were broadly
ecologically consistent and the main themes did not change, suggesting choice of method at
this stage was not of critical importance. Compositional tools were used for the remainder
of the PhD. Considation of approach and comparisoffi different tools made the results
reported more robust.

Method enhancements have broad applications outside of this PhD thesis, as
bioaerosol method# even relatively recent literature are often dated, inconsistent and
slow (Bottos et al., 2014; Pearce et al., 20IB)e methods used in this thesis are consistent,
fast, flexible in different environments and accurate in inferring ASVpvarg
contamination and assigning taxonomy. They allow improvement in #te generated and
conclusions drawn and future comparisons of data on a global scale.

5.2 Bacterial and Fungal Genera ldentified

Fungal and bacterial genera identified included commowirenmental organisms (plant,
soil, water and animal associated). Someosigsing genea wereidentified in Antarctica
such adAstreloplasmaspp.,which is associated with the cow rumeérhis could be due to
contamination or incomplete understanding dfis2 NH | yblobgice aiche. Genar
containing pathogengsuch ad.isteia) and allergengsuch akhuskisspp.) were identified
in AucklandFungi were largely wood or plant associated/east speciesCommon genera
identified consistent with previous bioaerosol studies wé&seudomonadRalstonia
Penicilliumand Altemaria spp. A large proportion of chloroplasts were identified in New
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Zealand, which is consistent with previous bioaerosol studiesmperatelocations, likely
from plant pollen. The lack of higher plants in Antarctica explains the absénce
chloroplastghere.

5.3 Spatialariation inBioaerosoCommunities

Over small distancebacteria and fungi appeared to disperse effectively via the
atmosphere, whereas londistance dispersal appeared to be much more frequent for
bacteriathanfungi. Local spatial differaration was apparent despite this eased$persal
The Urban Parks study showed local differentiation within one city, likelyaldéferences
in local sources in each sample locatigar{ation inbacterid composition explained by
location was9%plus 7%wassharedwith park size for fungal composition,7%was

explained byocationplus8% shared variatiowith other variableg. As predictedthere was
minimal evidence of distanagecay in compositionaimilarityover the 8km study range
This wadikelybecause some organisms were raaept at aerial dispersal and remained
local, differentiating the parks, while othrewere good aberialdisposal aneasily
dispersed at that scale. Filtering out invarigptesumably well dispersedSVsrior to
analysiswas required tadetectlocal differentiation, supporting the idea of different
members of the community havingftrent propensities for aerial digpsal. Lack of
distance decay has been observed in other small scale bioaerosol stadiesr et al.,
2019. The Antarctic study revealaadicatiors of surprisingly common bacterial exchange
with New Zealangdl2 to 19%of ASVs were shared between the two locations dependent on
wind direction, although few fungi appeared to disperse effectively aséiseales. This is
consister with a very small amaut of literature which has compared bacterial and fungal
bioaerosols, which suggested that bacterial bioaerosols showed less evidence of local
nesting and hypothesised thagcteria aremore adept at long rangeegial disgersal(Archer
et al., 2019) Diversity ancgpecies assemblages varied between Antarctica and New Zealand
asexpected Surprising diversity was found in Antarctica, which was comparable to New
Zealandn terms of numbers of ASKWeadsand in species accutation curvesigures-1
and Table5-1). More Antarcticsampling would be needed tiraw more detailed inference
aboutdifferencesbetween locations

Table5-1 ¢ Read count and ASV numbers (raw alpha diversity/Hill DO) and sample number
comparisonfor each study

Reads ASVs Samples Reads/Sample ASVs/Sample

Antarctica 16S 897,244 2,276 58 15,470 39
Antarctica ITS 1,579,022 1,569 55 28,709 29
Baring Head 16S 310,354 2,009 29 10,702 69
Baring Head ITS 2,470,453 5,469 28 88,230 195
Parks 16S 607,740 3,828 68 8,937 56
Parks ITS 1,796,883 5,311 66 27,226 80
Seasonal study 16! 1,171,139 5,235 100 11,711 52
Seasonal study ITS 2,760,306 3,419 100 27,603 34
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Figure5-1 ¢ ASVaccumulation curves foeach study ASVaccumulation curves were
calculatedon unfiltered datawith the function specaccum il K S w Ldegérg | 3 S a&
(Oksanen et al., 2012using random sample order and 999 permutations.

5.4 TemporaMariation inBioaerosoCommunities

Fungal bioaerosols were highly variable over time across all timescales measured. Bacterial
bioaerosols appeared to show much less temporal variability ovatad.results in the

urban parks study suggested much meeeporalvaridion for fungi than bacteria

(variation in bacterial composition explained tiyme was0%; for fungal composition18%

was explained byime). The seasonal study revealed a Horear tempral responseor

fungi and bacteria, showing seasonal and annual variationnAlgagi responded more

than bacteria yariation in bacterial composition explained tayie was6%; for fungal
composition,23% was explained by timeThe Antarctic study revealeliel variation for

fungi only, and had somewhat inconclusive results factbria ariation in bacterial
composition explained byme was0% for fungal composition18% was explained kyme

of day and6%was explained bgay). Thediel variationdid notappearto dramatically affect
composition. Over longer timescalesridion in composition was observed. This was
especially true for fugi, where the dominangenerachanged multiple times over the

course of the year. Changes in microbial source poparatiwhich are needed to alter
composition would be expected to occur one slowly over timebased on bacterial
population turnover timegKevorkian et al., 2018yempora variation was expected to be
observedas faictors which are thought to affect bioaeros¢¢sich as temperatunevary over
time, andseasonality isery frequently detected in bioaerosol literatu(Burrows et al.,

2009b; Mhuireach et al., 2020; Woo et al., 2013)e lack oseasonaliy in bacterial
bioaerosols was surprising given this context. The importance of variables appeared to differ
overdifferent timescales, suggesting investigation at multiple timesaalegrtinent. Wind
appeared to be more important at shorter timescales, while season was the main driver of
temporalvariation for longer timescales. There also appeared to be an irtterabetween

the timescale of the study and optimal filtering appliedASVs. The shorter timescale
studies appeared to require no filter to best extract signal from the bioaerosol data, while
for longer studies filtering was required to reduce noisehie tlata. Perhaps over longer
timescales there is more time for stodta events to occydisrupting observed patterns,
making filtering more valuable. This consideration will be useful for future studies.

5.5 Relative Importance of Environmental Variableaddeed to the

Sampled Bioaerosol Communities
Variability was observei the effect ofenvironmental variables thought to be important to
bioaerosols on the aermicrobiomes recovered. In thidrban Parks study, all variables that
were indicated by forwardelection as correlated with the bioaerosol community were
related toeach location, wind trajectory or time. Temperature, weathedrelative
humidity were not correlated with bioaerosols. However, in the seasonal study,
temperatureand weatherwere correlated with the bioaerosol community, but relative
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humidity wasnot. The Antarctic data showed no correlation with relative humidity,
temperature, weather, wingpeedor UV with bioaerosols. Baring Head sampling suggested
that 16S was correlated with tempsgture but not relative humiditywhile ITS was
correlated with tempeature, relative humidity and weather. Frothesedata, it seems tlat
temperature is likely to impact bioaerosols, whicltasmsistent withthe literature
(Priyamvada et al., 2017; Woo et al., 20I3)e other vaables remain somewhat
inconclusive, relative humidity andeathermaybe impactful to fungi as per this thesis but
they seem unlikely to be key drivers of bioaerosol communities.Wésssurprising buis
also consistent with the body of literature revied/(Mhuireach et al., 2020; Priyamvada et
al., 2017)All models had lagyunexplained residual valuéshich is not unusual for these
types of studiegMhuireach et al., 2020¥o it is likely variables yet twe identified are
important. Variation occurred over time that was not explained byrieasuredvariables
(such agemperature)which are thought to drivehangesSome of this variability could be
the effects of stochasticifybutthe datasuggest uncharactersl variables are at play.

5.6 Relative Importance of Badkajectory Cluster to the Aero

Microbiome
Thebioaero®l literature is divided on the importance of wiidcktrajectoryto aerial
microbial communities. Several recent pappostulateA i A & détefn8nard prS &
similar of the bioaerosol communifArcher et al., 2020; Woo et al., 2018able5-2 below
does not suggest that wind origin is the key driver of sampleddyosols. Wind source has
consistent low measurable? values across most studieEhel6Samplicondoes seem to
have more dependence on wind sourcathi TS, and wind sour@ppearsto be more
important in the shorter duration studies (Antarctica andiBg Head).Wind sources not
likely to be the key determinant in tHengerterm studies. Thigould be understoods it is
possible to rapidhalter microbial input over short time framesith a wind source change
(potentially thousands of kilometreshift in air-mass origin ira matter of hour3. Over a
longer timescale, local influences are more impactful as microbial populations change and
the majority of bioaerosols arthought tobe locallydispersedBowers et al., 2013Wind
should be considered among the variables which affect bioaerosols, but especially for longer
term studiesdoes not appear to be thkey driver of the biaerosol community.

Table5-2 ¢ Comparison of theR in db-RDA with variance artitioning models in each
study pertaining to wind veras other variables to indicate relative importance of wind as
a driver ofthe bioaerosol community.

Study R wind backtrajectories (% Highest nonwind R in db-RDA
Amplicon (%)

Baring Head 16S 19 7

Parks 16S 6 9

Antarctica 16S 5 2

Parks ITS 2 18

Antarctica ITS 2 17

Seasonal study ITS 2 13

Seasonal study 16S 1 7
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Baring Head ITS 0 8

5.7 Differences Between Bacterial Bioaerosols (16S) arghFu

Bioaerosols (ITS)
Multiple differencesin the behaviour of bacterial and fungal bioaeraswere observed.
This was not unexpected given they are very different types of organisms and few studies in
the literature have sequenaeboth, so this is onefdahe first opportunities to make
comparisongArcher et al., 2020; Archer et al., 2019; Bowers et al., 2013; Woo et al., 2013)
Fungal read counts were consistently higher (by two times or mbrg)the number of
ASVs were not always great&.values for fungal modelling wereliablyhigher than for
bacterial models (other than fromBaringHead)(Table5-4). Othercoefficients, for example
the nontlinear correlation codicient, were also higher for ITS. It is unclear if fungi were
more variable and more responsive to changes in conditionstioe i values were higher
due to the higher read counts. It is likely thadth factors played a part, as fungi are known
to be highlyseasonal and have more host linked niches and supposed variéBhityyo et
al., 2019) Higher read counts could have occurred due to fungal spores being larger than
bacteria, and as they areulticellularmore incidents of lumpingof multiple cells together
are likely to occufLagpmarsino Oneto et al., 2020\Vind was observed to be more
important for 16S, season was more important f6S. These observations are likely linked,
as it is thought that the assumed larger size of the fungal particles mean lower atmospheric
residence imes,and thereforemore abrupt changes in fungi over time and increased lecal
source importance. This iggported by the observation that bacteria generally are linked to
longerwind backtrajectories thanfungi (Table5-3). Lesdongrangefungal dispersal has
been suggested in the literature. To investigate, with the data available, whether fungal
bioaeroso$ samplal arelarger than bacterial bioaerosols, the read counts for bacteria and
fungi for the seasonal gtly were correlated againstvo size fractions of aerosol particles
measured at the time of sampling. 0.3 tquB in diameter were assumed to be likely
bacterial and 5 td0 um in diameter were assumdikelyto be funga)based on available
literature (Tanaka et al., 2020Neither size fraction correlated with either bacterial or
fungal read counts, with very lof# values and insignifémt Pvalues and this faiéd to shed
any light on the relative sizes of bacterial and fungal bioaerosols.

Table5-3 ¢ Optimal backtrajectory (highestR from db-RDA) chosen for further modelling
for each stuy

Study Trajectory
Amplicon chosen for
analysis
Antarctica 16S Oneweek
Antarctica ITS Oneday

Baring Head 16S Oneweek
Baring Head ITS  Oneday
Parks 16S Oneday
Parks ITS Oneday
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Seasonal study 16! Oneday
Seasonal study ITS Threedays
Table5-4 ¢ Comparison o values of the full dsBRDA model for each study

Study OverallRin db-
Amplicon RDA

Parks ITS 38

Seasonal study ITS 33

Antarctica ITS 25

Parks 16S 19

Baring Head 16S 17
Baring Head ITS 13
Seasonal study 16S 8
Antarctica 16S 0

5.8 Future Directions

This thesis presents foundational insights into how bioaerosols vary over different spatial
and temporal scaledqyringing threads together from existing research and augmenting them
with new nformation, to create an overview of current knowledge and emerging patterns.
The research reveals intriguingpservationswhich raise further questions, as well as
inconclusie information or surprising lack of relationships which require confirmation or
suggest missing information. These avenues for further research are:

1. Study of bioaerosol variability at further spatial and temporal scales. The studies in
this thesis show thiathe nature of bioaerosol sampling performed, in terms of time
scale or spatidocation affects not only the results, but the drivers of the
community (ie. wind is important over short time scales, such as dhysa much
less important driver over ligerscaledike months or years). In order to understand
drivers of bioaerosatommunities it holds that further investigation of spatial and
temporal scale is needeth particular, further years in the Seasonal study would
reveal if patterns persistedverthree or more yearsandif bacteria and fungi
aligned more in response evlonger time scales. The Antarctica study accumulated
four full 24-hour periods of samples, each day varied and it would be very beneficial
to have several more days to und&asd this variation better, and to have more
conclusive information for the b&eria. It would bevaluableto perform samplingn
the same time windown Antarctica and New Zealana strengthen the case for
intercontinental transportetween them.Observationof consistentASVs, even with
concurrent sampling, onlsuggess that transport could be occurringanddoesnot
prove transport Amarked tracercouldbe releasedn Antarctcaand recapturedin
New Zealando provide this proof The field will also benefit from much more data
in general, which covers more areas globallycaafirm the validly of patterns
identified in differing sets of circumstances. Further molecularissidre needed, as
still much of the literature informing this thesis was based on outdated methods for
which we now have much better alternativéBurrows et al., 2009b)n particular,
more fine temporal scale molecular work is needed, as this area is particularly
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depawperate due to the technical difficulties of sampling sufficient biomass in a short
time (Pearce et al., 2016)

Identification of novel variables that impalstoaerosols angneasuring them

alongside future sampling to confirm their degree of impact. Every @nagtthis

thesis showed large amounts of unexplained variation in the models produced, and
even whenvariation was associated with time of day, or location or day or season, it
was not shared with measured variables which weredictedto drive this

variability (Womack et al., 2010)hese observations confirm that bioaerosol
communities can be highly stochastigurrows et al., 2009bput they dso suggest

that our current picture is incomplete and further work is needed to understand the
drivers of variation in the aermicrobiome.New technology may be needed to
identify and measure these varialsle

. The studies in this thesis revealed consistemd dramatic differences in the

bacterial and fungal results. As few studaesnparedthese types of organisms side

by side little insight exissin the current literature as to possible causes of these
differences(Archer et al., 2020; Archer et al., 2019; Woo et al., 201Bgre were

some suggestions of reduced fungal population connectivity, residence times and
atmospheric transport rarg due to their larger ge, but this has not been

empirically testedArcher et al., 2019) arger size of fungal particles could explain
most of the differences, in terms of greater read counts and also more local
influence and less evidence for lodgtance aeal transport. Few atterpts have

been made to understand the size range of bioaerosol particles, for exarapkka

et al. 020)sampled bacteribbioaerosols using a size resolved sampler fromrhl

to 0.43um and found different species in different size fractiofisa starting point

for understanding the fungal and bacterial differenciesther work is necessary to
determineif environmental éingal bioaerosols are larger than bacterial ones. Similar
methods with staged samplers could be employed with fungal and batteria
amplification performed from each size fraction and differences understood. Further
follow up work ould then investigate ibacteria do have longer atmospheric
residence times than fungi in practiggerhaps by using labelled particles in a
controlled environmentBased on the observed patterns fungal particles are likely to
be larger and persist in the atmosphere for shorteripds of time.

. Further consideration of different types of bioaerosate needed. The existing
literature focusses very heavily on bacterwith fungal work in the minority and

very few studies assessing both types of organi@uosrows et al., 2009b)/ral
bioaerosols are thought to be extremely numerous and potentially important but
have been studied even le@Reche et al., 2018; Whon, Kim, Roh, Shin, & Lee, 2012)
Other types of bioaerosols, such as viruses, pollen (using molecular meturde
work with microscopy has been performgdell fragments, toxins and protists
represent a largely ignored black box, for which technology allows investigation
(per below) and which need to be understood to place the existing bioaerosol data
in context.

. Usage of more advanced molecular techniques to resolve further questiong abo
bioaerosol communities other than presence of particul&gland ITS sequences.
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While NGS has revolutionised studies of environmental microorganisms, single
amplicon studies, as used in this thesis and commonly in the literature have various
drawbackgArcher et al., 2020)Since bacteria, in picular, are aépt at horizontal
gene transfer and can have multiple copies of their 16S gene, the 16S taxonomy may
not represent the taxonomy of the organism as a wh@ehzad et al., 2015)
Quantitative PCR providgnformation on absolute abundances and wouldvszy
usefulto understand shifts in absolute, as wellratative abundanceMetagenomics
allows retrieval of the whole genome of an organism, and a much better
understanding of its phylogeny and metabolic abjity. This has been attempted a
handful of times for aerosols, but low biomass remains a challe@iang et al.,
2015) Metagenomics detects all DNA, so encompassmuch wider range of
organisms, helping to address the knowledge gaps detsacteria discussed above.
Transcriptomicsrétrieval of mRNA) could also be extremely useful to resolve further
guestions about bioaerosols. It would allow detection of RNA viruses and
understanding of which genes are actively being expressed in th€amy
knowledge this hasrarely been applid to environmental bioaerosolfAmato et al.,
2019) but would be invaluabléo shedlight on uncertainties surrounding thie
existence either in a dormant state, purely transiting as spaye# they are
metabolically active in the atmosphere such that it represents a further microbial
habitat (Womack et al., 200). Using new methodr removal of relidNA (DNA

from dead cells or extracellular DNA) to clarify its impact on observed temporal and
spatial patterns would also be a valuable avenue for further investigation of
bioaerosol communitiegCarini et al., 2020)

5.9 Concluding Remarks

The research in this thedmiilt upon existing bioaerosol literature amckploredbioaerosol
communities adifferent spatial and temporal scales in aneshpt to understand broad
patterns of variation, key community driverand dispersaabilitiesof microorganisms
throughthe atmosphere Methods from sampling to bioinformatics were improved and
optimised for a wider range of conditions, ease, compaigialnd accuracy. The
enhancemenbf methods provides further options for future studydémonstratedthat
bioaerosols vary on a locsdale yetshow minimakity-wide distancedissimilarity and
substantial seasonal variation, especiédlyfungi. | alsshowed that windbacktrajectory
was an influencen the aeromicrobiome, but unlikely to be the key determinant. |
demonstrated diurnalariation in Antarctic fungal bioaerosols ammdlications ofregular
transport of bacteria from Antarctica to New Zeada This thesis contributes to our
understanding of the aermicrobiome, and highlights promising future research directions.
As undersanding moves fromwvhat isthere, to how and why it changes, we can begin to
make predictions about future events, whighll be of crucial importance in mitigating
potential future ecosystem changes and disease spread in an incrgasnogrtain world.
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Appendix A. Method Development
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A.1 Introduction

Air has extremely low biomass, so hgblume sampling is critical to ensure adequBtdA

is recovered to understand the microbial community present. Volumes used in typical next
generation sequencing surveys vavigely, but it can take as much as 75,006f air(Bottos

et al., 2014}o gain sufficient biomass for molelar analysis. While dry filters and long
exposure times (24 hours +) have been recommended for use in these stBdmse et al.,
2009) a recent survey has shown this method of sampling may cause significant loss (up to
98%) of selected microbes, particularly more vulnerable Gnagpative bacterigLuhung et

al., 2015) Therefore, method improvement to address these known issues was pertinent.

Investigation of cold regions is critical tonsplete the picture of worlewide
microbial distribution and transport, given such reggoare typically more isolated, warming
rapidly and have wideanging impacts on the rest of the world (for example through ice cap
melt)(Pearce et al., 2016)

The use of hig-volume cyclone samplers has been investigated to address the issues
of both the longsample duration and DNA loss of certain types of microbes. The Caoriolis
(Haig et al., 201&)igh-volume liquidcyclone air sampler was selected. The Coriolis
processes air at a rate of 3Q@min and can theoretically capture sufficient biomass for
molecular analysis in just oveaur hours. Comparative trials were performed to determine
optimala I YL Ay3 RdzN} GA2yad ¢KS /2NA2fAAQ f Al dzA
and desiccatin experienced by microbes during the collection process, which should
improve DNA recovery for more fragile microbes. However, most liqguids commonly used
havea freezing point of OC so are not suitable for very cold environments. Various
collection meda and heating of the sampling apparatus were investigated with the aim of
expanding usage of the Coriolis in szdro locations by preventing freezing of thdleotion
liquid.

0«
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Control Panel

Exhaust

FigureA-1 - Labelled image of a Coriolis higlolume liquid cyclone air sampler. Red
arrows indicate air flow.

A.2 Methods

A.2.1Methods forOperation inQub-Zero Environments

Trials to detemine the most appropriate collection liquid wecarried out by adding 100 pl
of Escherichia caliroth to a 15 mL sample (this is the volume in the collection cone of the
Coriolis) of the various collection liquids tested. The collection mediums inckttiadol,
glycerol, ethylene glycol and RNAlater. They all have a freezing point belowartd wee
expected to remain liquid in polar and higlititude conditions. The sample was processed
via several methods and the DNA concentration returned by eachtdiea via Qubit
(Invitrogen, 201Q)Testing was performed in triplicate. A more eaddynagedGram-
negative bacteimwas chosen, to confirm the method did not discriminate against these
types of bacteria. The Coriolis sampler was tested im@pgg container refrigerated te20
~C (under the standard operating instructions) for neariyhaur, to confirm that the

battery and sampler were able to withstand those conditions.

The optimal method as described below (collection in RNAlater tidtraof sample
fluid and CTAB DNA extraction) was fully field tested in Antarctica in Januara2@ihe
resulting data and analysievebeen publishedArcher et al., 2019)/arious methods were
tested to separate the microbial cells for DNA extraction fromdbllection liquid. The
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superior method used a vacuum flask that had been treated with bleadtriaged with

70% ethanol andnilli-Q HO (MQH:0) to remove any traces of DNA. TRecolispiked liquid

gl & NY¥zy GKNRBAzZAK | nou Silker waiwash&@llwitipRogphaieS FA € G S
buffered saline (PBS) to remove any residual liquid that mayfere with the downstream

DNA extraction process. The filters were cut up into smallgsi@nd half was put tough a

manual CTAB extraction protocol (see detailS in_aboratory Methods DNA Extraction

and half through a Power Soil kit using the stamdaiNR G 2 O2€f | a LISNJ 6 KS Yy
instructions(Qiagen, 2017)Onfilter DNA extractions were performed in line with methods

previously describe@Archer et al., 2014)The DNA concentration in each sample was

assessed using Qubite8S NJ G KS Y I y dzF I O{ dzNd dlddeisamiplé addeddzO G A 2 v
to the assay tube@invitrogen, 201Q)

A heated headdr the Coriolis was developed that allowed the use of any collection
liquid in the Coriolis cone, greatly increasing the flexibility and ease of operation of the
machine.This was field tested in Antarctica in January 2018 with the methods and results of
this work described ichapter 4- Diel Variation andintercontinentalConnectivity of
Antarctic Bioaerosols

A.2.20ptimisation ofSampleDuration

The Coriolis was run fane, two, three andfour hours in temperate NZ conditions
(operating the unit as per field methodssection2.3 Methods) and DNA extracted via
filtration, CTAB and quantification via Qubit as described above.

A.3 Results and Discussion

A.3.1CollectionLiquid andSampleProcessing

DNA concentrations were highest for attol, using filtration for prggrocessing with either

a Power Soil kior CTAB extractior-{gureA-2). Ethanol was difficult to use as its low

viscosiy and volatility caused it to be thrown out of the sample cone and evaporate rapidly.
Therefoe, RNAlater was chosen as the sample collection liquid. Filtration was chosen for
pre-processing the samples as it had the highest DNA concentrations recoveZddhB\

DNA extraction protocol was determined to be optimal since it returned highest DNA
concentrations, on average. While for the RNAlater the Power Soll kit performed slightly
better, the small sample size of the test extractions meant that the diffexesgen for

RNAlater between Power Soil and CTAB was unlikely to be statistically signifieatdst
extractions were spiked, and were therefore an imperfect replication of air samples, as their
biomass was likely to be higher. Previous experience WitA Bxtractions indicated the

CTAB extraction protocol performed better than a kit on averagembiomass is very low,
which is usual for air samples.
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FigureA-2 - Comparison of the DNA&oncentration recovered from three of the collection
mediums tested (RNAlater, Ethanol, Ethylene Glycol),mdlifferent combinations of
sample preprocessing (filtration or centrifugation) and DNA extraction protocols (Power
Soil kit, CTAB or cfilter extraction using CTAB). Glycerolnst included as it was found

to be too viscous to function properly in th€oriolis so trials stopped at that point.

A.3.2SampleDuration

Sampling for an hour reliably yielded quantifiable DNA and therefore this sample duratio
was selectedRigureA-3). This allows for fine temporal resoluhavhile having a reasonable
chance of returning acceptable microbial community data. A shorter sample duration
increases flexibility, as samples candoenbined later if needed to improve DNA
concentrations, but samples cannot be separated if longer domatare used. Tesedata

also allowed for direct comparison between various sampling mediums, and PBS was found
to yield approximately twice the DNA meentration of RNAlater. Dry collection yielded

similar amounts of DNA to RNAIlater, so that was seleated backup option for cold
environments, given a liquid medium was preferred if possible to presGram-negative
bacteria and maintain normal operan of the cyclone and resulting size range of captured
particles. Glycerol performed well in terms dNE concentrations recovered but was not
chosen as it became distributed around the Coriolis cone, head and neck and was difficult to
remove effectivelyFor high temporal resolution sampling this means it would be difficult to
separate one sample from theext and risk of contamination increases. PBS has a freezing
point of 0 C, so is well suited to sampling in NZ but not in very cold environmentgl&dre
superiority of PBS as a collection medium led to interest in application of heat to the sample
liquid, to allow PBS or a wide range of other liquids to be used in cold environments.
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Sample time vs DNA conc. for different collection liquids
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FigureA-3 - Results of trials of different sampling times averaged across various collection
mediums (RNAlater, dryglycerol and PBS) run in NZ temperate conditions. The
relationship is linear as expected but sampling for twice Bpng does not appear to yield
twice the average DNA concentration for all collection liquids. Sampling for one hour
appears to reliably yieldjuantifiable DNA.

A.3.3Development oHeated Coriolistead andCone Aip-Ons

Between the Antarctic field seasons ahdiary 2017 and 2018 a heating solution for the
Coriolis was developed. This consisted of replicating the sampling head exactly in
aluminium, ad machining aluminium chlipns to wrap around the Coriolis corfeidue A-4).
The aluminium blocks had heating elements and temperature sensors embedded in them,
attached to a control box with simple firmware to ditethe blocks to the desired

temperature and switch the heaters on or off as needed to maintain temperature.
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Figue A-4 - The heaterg showing the aluminium head (top left) and one of the two cone
clip-ons (top right) with the collection cone inside. This is used with two identical -dips
which surround the cone ad heat the liquid inside.

The Coriolis unit and heater were field tested in Taylor Valley, Antarctica in January
2018 and allowed PBS te lnsed successfully to take samples. Wind chill was found to be a
significant cooling factor which meant the heateeldd was only able to reach a
temperature of 3¢ 8 C despite the heating elements being at maximum output. To sample
at lower ambient tempeatures further heating elements would need to be added to the
head. When sampling was carried out overnight someZieg in the top up reservoir and
piping occurred. This was only an issue for prolonged sampling, and could be addressed by
extending the leater to apply heat to these additional areas, see seciigriviethodsfor
full details of sampling protocols and results of Antarctic field sampling.

A.4 Conclusion

The metlod development work supports the methods used for this PhD. This was needed
since aerobiology is a relatively new area of study without an extensive literature base to
draw from. The toolkit now exists to sample in szdro conditions sing both RNAlaterral

the heater with any liquid in the Coriolis. Both methods have been field proven. Air samples
in the lowest biomass and most challenging environments can be taken in an hour or two
veraus days to weeks with reduced bias. This workespnts a significammethod

advancement for aerobiology studies.
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Appendix B. HYSPLIT Clustering Procedure
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The backrajectories generated by Hybrid Singbarticle Lagrangian Integrated Trajectory
(HYSPLITWere simplified through cluster analysis. Clustering created a mean trajecto

which represented each cluster. A simple categorical variable for each mean trajectory was
included in the deERDA. Trajectories are assigned to clusters by minimising theedtitfes
between trajectories within a cluster, while maximising the differenbetween clusters

(Stein et al., 2016)The clustering equations are as follows:

The spéal variance (SV) is computed between each endpoint (k) along trajectory (j) within
its cluster (i):

SVl « (Bk- Mik)?

The sum is taken for all endpoints along the tré&geg. P and M are position vectors for the
individual trajectory and its ciier mean trajectoryThe cluster spatial variance (CSV) is the
sum of the spatial variance of all trajectories within the cluster:

CSWI' j QY
The total spatial variance (Vypis the sum of the CSV over all clusters:
¢ { +iCBYW (NOAA, 2021)

HYSPLIT starts by assigning each trajectory itschyster and then combines the two
together which are most similar (computes TSV for all combinations of trajectories and
chooses the lowest), so that the total clusters are now benof trajectoriesninus one

The clusters are then merged in this fashiortil there is only one, or the specified cluster
number is reached. The TSV rises initially, then levels through intermediate iterations,
before rising at the end when combiningsdimilar cluster§NOAA, 2021)There is

subjectvity in deciding on the cluster number and HYSPLIT produces a plot ofaiis3f ag
cluster number to aid in this judgment. The optimal number of clusters (lowest TSV) is
indicated by the position of the final peak in TSV. In the example TSV plot lbétnuwe-1)
either six or four clusterappeared appropriate, as TSV increased at five and three. If there
was any lack of clarity on review of the TSV plot, clustering would be performed with each
cluster number and visually inspected. If two cluster means appeared very similar on the
map, then a lower cluster number was selected HigureB-1 clustersone and five looked

very similar, as did clusters two and four. Therefore, four clusters were selected.
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FigureB-1 - HYSPLI®utputs for 72-hour clusters in theUrban Parks study a) TSVplot
showing increasin@go change iImMSV as cluster number redug®) Plot of cluster means
when sx clusters were selectecPercentages next to eactiuster mean indicate the
percentage of trajectories assigned to each cluster.
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Appendix C. Laboratory Methods
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C.1 Laboratory Methodg DNA Extraction

The aim of this PhD was to understand and compare bioaerosol comydiversity and
composition between samples taken across various temporal and spatial ohlas.
analysiof the samplesvas chosen as it has been shown to reveal a more complete picture
of the bioaerosol community than culture or microscopy basedliss(Yoo et al., 2016)

The bacterial 168RNAgene(16S)was sequenced as it is a well conserved marker across the
bacteria and archaea and the most commonly used approadhmeititerature(Pearce et al.,
2016) The internal transcribed spaceggion (T3 was also analysed, so fungal sequences
could be detected, per the literatur@drcher et al., 2019)Samples were stored 20 C
anddefrosted overnight at 4C. The liquid was passeddugh a 0.2m GTTP

polycarbonate filter using a disposable sterile syringe. The filter holder was cleaned in
bleach, ethanol andnilli-Q HO MQHO) between each sample. The liquid was discarded
and the filter processed using a CTAB based DNA extraction protoamitikgpextraction
control (spiked with 100 Escherichia caliuspension iphosphate buffered saline &?BS)
and a negative extractiocontrol (no filter added) was used for each DNA extraction run.
The CTAB extraction protocol entailed placing therfilh a 2 mL nucleospin bead tube,

filled with 0.2¢ 0.4 mL of Qiagen 1#m ceramic beads. 270 uL of phosphate buffer (PBS)
(100mM NahPQ) and 270 pL of SDS lysis buffer (& NaCl, 500nM Tris pH 8.0, 10%
SDS) was added to the tube. Tubes were vedext top speed for 15 seconds each, then
shaken horizontally on a Vortex Genie 2 for 10 minutes. Samples were centrifuged at 13,200
rpm (19,627 rcf) for 3 minutes. 8L of BME was added per 1 mL of CTAB buffer and
vortexed. 1801 of the CTAB buffer and BME solution was added to the samples and
incubated at 300 rpm at 68C for 30 minutes in a SDOR Lab Companion shakecubator.
The saples were centrifuged at 1302 rpm for 1 minute to reduce bubbles. 350 pL
chloroform: isoamyl alcohol (24:1) was added, the samples were vortexed for 15 seconds
then centrifuged at 13,200 rpm for 5 minutes. The upper aqueous layer was transferred
into anew 1.5 mL sterile Eppenddtibe. 500 pL chloroform: isoamyl alcohol (24:1) was
added and the samples were vortexed for 10 seconds, then left on a rocking bed (Life
Technologies HulaMixer) for 20 minutes at room temperature. The samples were
centrifugedat 13,200 rpm for 5 minutes anthe upper aqueous layers moved into a new
1.5 mL sterile Eppendorf tub&@enM ammonium acetate to a final conc. of 2.5 M (an
amount equal to 1/3 of tube volume) was added. The samples were mixed gently by
repeated inversia (25 times) and centrifuged 43,200 rpm for 5 minutes. The upper layer
was transferred to a new sterile Eppendorf tube and 0.5 times the tube volume of isopropyl
alcohol was added. The samples were mixed by repeated inversion (20 times) then
incubated @-80 C for 48 hours. The saies were centrifuged at 14,000 rpm (20,817 rcf)
for 20 minutes at 4Candthe supernatant discarded, leaving a pellet of DNA. The pellets
were washed with 1 mL 70% ethanol {20 C) and centrifuged at 14,000 rpm at@ fa 5
minutes. 70% ethanol wagtly pipetted off (firstly with a 1000 pL pipette, then
recentrifuged &14,000 rpm at 4C for 5 minutes, then a 20 pL pipette used to remove
remaining liquid). The pellets were dried in an Eppendorf concentrator plus-fb2 8

174



minutes. DNA was reusperded in 20 pL ultrgoure HO (Invitrogen UltréPure Distilled
Water¢ DNAase, RNAase, Frég)pipetting up and down 25 times and scraping the pipette
tip on the side of the tubes. The samples were heated atGfor 10 minutes, vortexed for
10 seconds athstored at-20 C. The DNA was quantified usingb@ (as per the

Y ydzFf I OG dzN&hdnith 2 il §f thé dddip (added to the assay tufesitrogen,
2010)and test PCRs were performed for two samples (using the same protocol as described
for the 16S PCR sectionC.3Laboratory Mehodsc DNA Sequencinigelow) in each batch

to determine if further processing was needed before sequencing. All sampleireba
that failed to amplify were purified with AMPure XP beads using the standardqmoioto
sectionC.2AMPure XP Beads Protod&low) and PCR reattempted to ensuley

amplified. Sample filtration and DNA extraction were performed in a Biosafety cabinet
(Gelman Sciences BioHazdtbtection class Il) where possible.

C.2 AMPure XP Beads Protocol

Beads were removed from the fridge 30 minutes before use to allow themabuyeto

room temperature. Théeads were vortexed fasne minute until homogenous. For clean
up of DNA samples before PCR a ratio of 1.8 mL of beadsitoaf sample was used (a high
ratio to capture all DNA). For cleaip of DNA samples after PCR acati 0.8 mL of beads

to 1 mL of sample was used (a lower ratio to capture longer pieces of DNA only). The beads
were added to the DNA samples and mixeglpetting up and down 10 times. The mixture
was incubated at room temperature féive minutes. The 8 well tray was placed on a
magnetic stand and left fahree ¢ five minutes until the solution had cleared. With the tray
still on the magnetic stand thiguid was carefully pipetted off and discarded. The tray
remained in the stand and the bead pelleasvwashed twice with 80% ethanol (enough
volume was added to cover the beads). Each time the ethanol was lefhéminute then
pipetted off. The tray \&s then left for a few minutes for the remaining ethanol to
evaporate. When the bead pellets were dhe 96 well tray was moved off the magnetic
rack and 20 (pré’CR) or 30 pL (peBCR) of nuclease free water (Uirare HO) was

added. The water and bea were mixed by pipetting up and down 10 times and left to
incubate forthree minutes. The tray was aved back on to the magnetic rack and left for
three ¢ five minutes for the solution to clear. 25 pL of the liquid was taken off /3R and
as much as possible (with a 0.1 uL tip) was removed from th& @R samples, up to
around 20 pL.

C.3 Laboratory Metodsc DNA Sequencing

The bacterial and fungal communitystture was determined using MiSeq DNA
sequencing, the following method was adapted frhaki et al. (2017)Fragments of 16S
rDNA (approximately 460 bp) were amplified from the extracted gDNA by PCR using the

universal 16S IDNABAS NA | £  LINA YSNA o mn CTCGKCRGCAGCBW 6 L5 ¢
TCAGATGTGTATAAGAGACAGCCTACGGGNGGEGWGG! D L5¢ wSZFEMRAE S wmc {

CGTGGGCTAGGAGATGTGTATAAGAGACAGGACTAGHVGGGFATGTAATCC) and the
L¢{ TFdzy3I+Ft LINR Y-BECKECGEAACGGTOAGATS TEGBATANSAGACA
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CTTGGTCATTTAGAGGAAGTA! L ¢ { H I -GMSTSTEBETEQAGATGTG
TATAAGAGACAGGCTGCGITETTGATCGATFGC). The section of the primer in italics is

the Nexera adapter region, for binding of the primegefor the indexing PCR. The r@nder

of the primer is foibinding to the target area in the genome for amplification. The PCR
amplicon sequences covered the variable regions V3 and V4 of the 16S rRNA gene and the
fungal ITS1 region between the 18S ar®SorRNA genes. Thermal cycling on an Eppendorf
vapo protectwas performed under the following conditions for both 16S and ITS: initial
denaturation at 95 C forthree minutes then 35 cycles of 9% for 30 seconds, annealing at
55 C for 30 seconds, andtexsion at 72 C for 30 seconds. Finally, the sample wasd la¢

72 C forfive minutes then the temperature was reduced to@. KAPA Hii Hot Start
ReadyMix (KAPAS 12.5 pL was used, with 5 pL of each primer (atM concentration) and

5 ul of DNA im 27.5 uL reaction. A total amount of B9 DNA was targetl in the PCR
reaction. DNA was diluted if needed, therefore input concentration was variable and was
often so low as to be unquantifiable, due to the minimal biomass in aerosol samples. Small
DNAfragments were removed with AMPure XP beads (per protocsgctionC.2AMPure

XP Beads Protodahen PCR products were quantified using Qubit , with 2 pulestdmple
added to the assay tubd#vitrogen, 201Q)Dilution was performed to standardise DNA
concentrations of each sample (16S at 5 ng/puL and ITS at 1 ng/pL) before samples were
indexed to allow identification after sequencing. 16S and IT&nDNCRroducts were
amplified again using the indexing PCR primer pair, sequences binding to the regions in
italics above with the addition of a unique 8 nucleotide barcode. The samples for this PhD
were included on two sequencing runs, each positioth@96 well plateswere coded by a
unique pair of Nextera indexing primers that were consistent for 16S and@ti€SAntarctic

and Baring Head samples were sequenced on the first run, and Urban Parks and the
Seasonal study on the second rdmermacycling on theGeneAmp PCR System 9700 was
performed under the following conditionitial denaturation at 95C forthree minutes,

then (8 cycles for 16S and 12 cycles for ITS) o£96r 30 seconds, annealing at &5 for 30
seconds, and extension at 7€ for 30 sconds. Finally, the samples were held at CZor

five minutes then at 4 C. For the indexing PCR 1RI15KAPA was used, 2.5 pL for each
indexing primer, for ITS 2.5 pL of ulpare HO was added and 5 pL of sample and for 16S,

5 uL of ultrapure HO ard 2.5 pL of sample was used in a reaction totalling 25 uL. PCR
amplicons from each sample were pooledxed, subsampled, purified with AMPure XP
beads(asper sectionC.2AMPure XP Beads Protoj;aqquantified (2 pl of the sample added

to the assay tube@invitrogen, 2010) tested with a Bioanalyzer (to check for
presence/absence of primers and correct library size) anddedwat approximately equal
amounts ino a single sequencing run on a MiSeq Genome Sequencer (lllumina, MiSeq CA,
USA) machine. The sequences obtained for each sample were demultiplexed based on the
8-nucleotide barcode in the indexing primers. Negativetoas were sequenced so
contaminationcould be identified and corrected for during data analysis.
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Appendix D. Optimising Bioinformatics Protocols for Aerosol
Microbial Community Dataa Case Study Using an

Urban Parks Dataset

A modified form othis appendidhas benacceptedor publicationwith revisions byPeerJ as
at 5 July2021.
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D.1 Abstract

aAONRO0Sa FNB FTdzyRFYSydlt G2 91 NIKQa S0O02aeaids
connectivity through microbial dispersal is key to predicting future ecosystem changes in a
warming world. However, aerial microbiakgersal remains poorly understood. Few sadi

have been performed on bioaerosols (microorganisms and biological fragments suspended

in the atmosphere), despite them harbouring pathogens and allergens. Most environmental
microbes grow poorly in culturehérefore molecular approaches are required to

characterize aerial diversity. Bioinformatic tools are needed for processing the next

generation sequencing (NGS) data generated from these molecular approaches; however,
there are numerous options and choidesthe process. These choices can markedkcaf

key aspects of the data output including relative abundances, diversity, and taxonomy.
Bioaerosol samples have relatively little DNA, and often contain novel and proportionally

high levels of contaminant ganisms, that are difficult to identify. Thefore, bioinformatics

choices are of crucial importance. A bioaerosol dataset for bacteria and fungi based on the
16S rRNA gene (16S) and internal transcribed spacer (ITS) DNA sequencing from parks in the
metropolitan area of Auckland, Aotearoa New Zealarad used to develop a process for
determining the bioinformatics pipeline that would maximize the data amount and quality
generated. Two popular tools (Dada2 and USEARCH) were compared for amplicon sequence
varnant (ASV) inference and generation of an A&Ne. A scorecard was created and used to
assess multiple outputs and make systematic choices about the most suitable option. The
read number and ASVs were assessed, alpha diversity was calculated (Hill sitodst@r

diversity (BrayCurtis distances),ifferential abundance by site and consistency of ASVs

were considered. USEARCH was selected, due to higher consistency in ASVs identified and
greater read counts. Taxonomic assignment is highly dependent aiatbeomic database

used. Two popular taxonongatabases were compared in terms of number and confidence

of assignments, and a combined approach developed that uses information in both

databases to maximize the number and confidence of taxonomic assignnidiss

approach increased the assignment rate12¢ 15%, depending on amplicon and the

overall assignment was 77% for bacteria and 47% for fungi. Assessment of decontamination
dzaAy3d aRSO2y Gl YE YR AGYAONRS5S0O2y ¢ diedas LIS NF 2 N
contaminants by each and considemtiof the probability of them being legitimate
YSYOSNR 2F (GKS 0A2FSNR&az2zt O2YYdzyAided C2NJ GKA
approach for removing background contamination was selected. This study demessarat
systematic approach to determining th@timal bioinformatics pipeline using a multi

criteria scorecard for microbial bioaerosol data.

D.2 Introduction

Next Generation Sequencing (NGS) of microbial marker genes has revolutionized
microbiome studiegPearce etl., 2016) Modern techniques are extreme$ensitive, and

can detect even one copy of a target ggiMcKnight et al.2019) Most environmental
microorganisms gne poorly in culture and can be present in very small numigBtsrows

et al., 2009b) NGS circumvents these issuesddferent genetic variants present can be
inferred, and their taxonomy predicted. The microbiome of the aerosphere is challenging to
decode, even with these new approaches. It is a very low biomass environamehtany
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common contaminants (microbial taxhat are not true constituents of the environmental
population) are naturally present in air. Indeed, these microbes are probably contaminants
themselves due to their ease of atmospheric dispersal. Studyechéinomicrobiome is
relatively recent, and nknown taxa are frequently detectg@ottos et al., 2014)The low
biomass and many ubiquitous taxa present make identification and removal of
contamination difficult. iiile biomass can be improved with greasample durations

(Pearce et al., 2009)DNA degradation and practical considerations can preclude prolonged
sampling campaign@.uhung et al., 2015)urthemore, it is challenging to tell which taxa
represent true variants and to assigaxonomy to them with existing databasd3ue to

these difficulties, single amplicon sequencing (commonly 16S, 18S ribosomal RNA or ITS) has
been used for the majority of NGS bioaerosol studies to ¢ateher etal., 2020; Barberan

et al., 2015; Bottos et al2014; Smith et al., 2018; Tanaka et al., 2020; Woo et al., 2013)
However, bioaerosol metagenomic and transcriptomic techniques have been developed
(Jiang et al., 201%8)nd successfully applied anhandful of very recent studieGAmato et al.,
2019; Amato et al., 2017; Jaing et al., 2028)ng et al. (202@erformed metagenomic
sequencing on bioaerosols above the Sierra Nevada mountains in the US and obtained
5,000,000 reads, although only 640,000 were successfully assigtteslgenus level.
Transcriptanics on microbial communities in clouds has been performed for rRNA genes
(Amato et al., 2017and untargeted amplification has been applied to full cloud
metagenomes and transcriptomes to compensate for low bionjassato et al., 2019)

These omics approaches represent the cutting edge of NGS based bioaerosol research and
this study focused on a process for method optimization for the frequently a&dand ITS
amplicons.

Theinformation produced by single amplicon NGS and conclusions drawn are
sensitive to choices made when performing bioinformatic proceddagar, 2013, 20177
constantly evolving multitde of environments and tds exist to process 16S or ITS NGS
data(Callahan, 2020; Edgar, 2010, 20¥8}ypical dataset contains millions of reads, and
thousands of unique sequences (Amplicon Sequence Variants or ASVs). Sequencing errors
and artefacts, even if they occur at low rates, can become significant over large datasets
(Edgar, 2013)There is total reliance on automated processing and algorithmdwhake
assumptions and introduce big€allahan et al., 2016l is very difficult to objectively verify
theresultsanddeter A Yy S (1 K S -micrdbideseé|f tHe SrMinment is well
understood, mock community sequencing can be performed alongside experimental
samples(Hermans, Budky, & Lear, 2018)or less well understood environments like the
aerosphere, more surety can be gained where results from multipi@foionatics
approaches converge. Choosing amongst the plethora of data processing options at each
stage can become alienging. Especially in somewhat specialized fields, with unusual data
characteristics, such as the study of bioaerosols, standard pgsetinassumptions about
data can be hazardous. For instance, most decontamination pipelines assume relativity low
levels of contaminating DNA compared to target DNA, which is not necessarily the case for
the aeromicrobiome(Pearce et al., 2016lurther, whertools are constantly being updated
YR ao6Sad LINFY OGAOS: Ay Iy INBI OlFyotoS 2dziRI
necessarily straightforward. An approach to select an optimal pipeline for specialized
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datasets, using defined selection criteria, igically useful in the challenge to extract signal
out of noise in NGS data.

D.2.1Bioinformatic data processing

Processing of 16S and ITS NGS data is a complexstag#iprocedure and is further
complicated by the necessary choices among many alternative tn@ilablgEdgar, 2017)
(Figue D-1). With so many modifications being made to the data, it is crucial to ensure each
step is improving qudy rather than introducing bias or error$he key stages of the

process are summarized in Figure 1 and begin with sampling, DNA extraction, amplification
of target genes and sequencing of PCR products. The sequence data is processed by
separating amplions using their respective primer sequendesnming to remove primers,
merging forward and reverse reads, quality filtering and denoising (ASV inference).
Chimeras and low abundance sequences are removed. An ASV table is constructed and
taxonomy is predited with reference to sequence databag€allahan et al., 2016; Edgar,
2017) Finally, contaminants should li#ered out of the datase{Davis, Proctor, Holmes,
Relmang& Callahan2018; McKnight et al., 2019)
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DNA extraction
-Samples + controls
- Lab controls
(PBS with no filter +
positive E.coli with
spiked PBS)

Field Sampling
- Samples (1 hr Coriolis)
- Sampling controls
(Coriolis not run)

Storage (-20)
-Samples + controls

New taxonomy
generated - most
reliable assignment
available from
comparing both
databases and
confidence measure
based on level of
consistency
between databases.

Metrics calculated
-Generano.
- a/B diversity
- Unassigned ASV no.
- Compare taxonomies
assigned to each ASV
in each database

ew taxonomy table +
USEARCH ASV table
imported into phylose

Decontamination of
ASV table with
microdecon

Decontamination of
ASV table with
decontam

Contaminants ID by each tool compared
Metrics calculated:
- ASVID as contaminants by both tools
- No high probability contaminants unidentified
by microdecon
- a/B diversity

- Differential abundance

-Samples + controls

Demultiplexed
FASTQ files
Contains sequence
data generated of
16S + ITS

Sequencing

- Lab controls

USEARCH ASV table and
taxonomy tables in R
- Using SILVA/RDP (16S) databases
- Using UNITE/RDP (ITS) databases

USEARCH + Dada2 ASV tables
Metrics calculated for each table:
- Read no.
-ASV no.
- a diversity
- B diversity
- Differential abundance
- ASVs inferred by USEARCH + Dada2
compared

utadapt used td
separate 165 +ITS
sequences

FASTQ data analysed with
Dada2inR
- Primer removed with cutadapt
- Quality filter
- Lean error rate (Dada2 model)
- Dereplication
- ASV inference with Dada2
algorithm
- Merge reads forward + reverse
- Make ASV table
- Remove chimeras
sign taxonomy (SILVA, UNITE,
RDP)

USEARCH + Dada2
ASV tables and

FASTQ data analysed with
USEARCH

- Merge reads forward + reverse

- Remove primers— fixed no. of
bases
- Quality filter
- Dereplication (identical ASVs
merged)
- Cluster ASVs and remove
chimeras
- Make ASV table
- Assign taxonomy (SILVA(16S),
UNITE(ITS), RDP)

Import USEARCH
ASV table and
taxonomy table
intoR

taxonomy tables
inR

Figue D-1 - Process flow for sampling and data analysis of microbial aerosol communities at urban parks. Hr is hour. PBS is phosphate
buffered saline. E. cols Escherichia caliNo. is number. ID is identified.
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Inferring the presence of the true sequence variants requires care. Approximately
0.5%(Mardis, 2013jo 0.24%(Pfeiffer etal., 2018)of base calls during Illumina sequencing
are incorrect. This means that for the V3 to V4 region of the prokaryotic 16S gene, which is
around 450 nucleotides long, each sequence could be expected to Wwaverbng
nucleotides. As there is onbne correct sequence but many incorrect versigas base call
errors are randon{Edgar, 2013Xhe correct variant is present at high abundance in
sequence data, with many incorrect versions of the same sequence at low abundance. Most
processing pipelines attempt to #t out low abundance sequences to toyremove these
spurious ASVs, but filtering risks removing true low abundance organisms as well. Other
sequencing artefacts, like chimeras and crtak (incorrect sample bar codes causing
sequences to be assignedttee wrong sample) can also introdueeror (Callahan et al.,

2016) Comparative studies show that some tools produce many repugious variants

than others(Edgar, 2017)Two of the most popular tools currently used in bioaerosol
research(Archer et al., 2020; Archet al., 2019y NB & 5 | {Chllahén ekaf., 201@nd
USEARCHEdgar, 2010)The use of ASVs has been recommended for bioaerosol studies, as
this helps increase the rekdion of the data producedArcher et al., 2019)0perational
taxonomic units (or OTUs, normally matched at 97% sequence identity) reduce the
information quality compared to ASVs but lower the chance of spurious variants being
detected, as low abundance incorraariants are merged into higher abunuze OTUs
(Callahan et al., 2016)

The taxonomy database selected can significantly chfge nhumber, nature and
confidence otaxonomic assignments of ASVs that can be achieved. There is epffade
between the size and the accuracy of the databases available. Larger ones, such as SILVA
(Quast et al., 2012)nd Greengened . | £ @2 6 An G T fop 165 i 2ggne, contaim T U
many uncultivated environmental sequenceshwiaxonomy algorithmically predicted.

There are thousands of conflicts in assignment of identical sequences between SILVA and
GreengenegEdgar, 2018)it is unclear which one is right, butlaast one of them must be
wrong. As a result, 17% of the taxonomy annotations in these datalaasesstimated to be
incorrect(Edgar2018) The smaller Ribosomal Database Project training set database (RDP)
is considered to be more reliable as most taxonomy is assigned based on attherit
examination of isolate strain&dgar, 2018)However, using a smaller database, especially
with novel taxa, is more likely t@sult in many unassigned ASVs. In addition, this does not
improve the situation for unculturable organisms.

Removal of contaminant microbial taxa is critidaladdition to the challenges
presented by the aerenicrobiome, limited decontamination tools aewailable.
Contaminants (especially bacteria) are ubiquitous in many read@bfaknight et al., 2019)
Clean samplindaboratory protocols and thorough use of negative controls help. However,
reads still exist in negative controls which need to be addressed. There areitvegpl
approaches to deal with the contamination bioinformatically. Identification and removal of
entire ASVs that appear to be contaminants, for example, with th@ RO  3S> GRS O2vy
(Davis et al., 2018ContaminatingA+ a4 | NB ARSYUAFTASR Ay GRSO2vyi
abundance in negative controls compared to samples (prevalence method) and by their
concentrations inverselgorrelating with sample DNA concentration (frequency method)
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(Davis et al., 2018RAlternatively, negative controls can beedsto calculate a background
contamination profile, which can then be deducted from each sampldisncase with the
w LI Ol 3S qMeKnMBtRIS ZD29Y £

The aim of this protocol development study was &fide a process for optimizing the
bioinformatics approach for future bioaerosol studies. To achieve this, a dataset from
microbial aerosol communities inlgn parks was used to systematically investigate the
effects of different bioinformatics choices time amplicon ASV table and taxonomic
assignments of organisms present. An optimal approach based on this information was
developed. R code for the bioinfoatics pipelines investigated is presented.

D.3 Methods

D.3.1Field Sampling

Ten parks in urban Auckland, aadeference rural location north of Auckland, New Zealand
were selected for samplingrigure2-1). The vegetationtahese parks was primarily

cultivated lawns, with variable cover of deciduous and coniferous trees, shrubs and ferns.
Some parks had bodies of water in them, such as Western Springs. The parks differed in
occurrences of pedestrians, et of vehicular ma@ments and the abundance of birds and
dogs. Livestock, such as sheep and cattle, were present at some. The parks differed
markedly in area and altitude, as several encompassed volcanic cones. Each park was visited
three times in the firssampling window12 July 2017 to 10 August 2017) and three times in
the second sampling window (20 of March 2018 to 1 June 2018). On different days during
the sampling window, a single sampling location within each park was visited in a
randomized ordebetween 10 am and gm and was sampled for 1 hour with the Coriolis p
liquid cyclone impingefHaig et al., 2016t 300L/m into phosphate buffered saline (PBS) at
1.8 m. The total volume of air in each sample was approximately,18hich sits

comfortably in the range of volaes (2.7¢ 144n¥) used in similar bioaerosol studiéamao

et al., 2017) The sample was taken in the same location each time, as close to the center of
the park as practicable and at minimal elevation (avoiding effects from change in altitude at
volcanic peaks or being close to an edge confounding restlis)exact locatiowas saved

on Google MapgGoogle; Stein et al., 2018hd a photo was taken of the Coriolis aerosol
sampling unit and location. During sampling, gloves wermvand the extendekit and
Coriolisneck, head and aee (FigureA-1) were cleaned with bleach, ethanol and three

rinses of MilliQ water (MQ¥D). The cone was filled with 15 mL of PBS. A negative control
was taken (PBS put into the cone without running the @ishiref SNNBSR (2 & | Gal
O2Yy(NRf£€d ¢KS /¢ Nhukes iith MED. The NIHD waisliNdarded

and replaced with 1L of PBS and the Coriolis was run at 300 L/m for 1 hour. The PBS in
the cone was topped up to 15 mL after 30 minuéesl sanpling was completed with 10 mL

of PBS remaining in the cone. Samples were transferred intonal.1falcon tube,

transported in an insulated box with ice blocks and storee2@t C within 4 hours. During
sampling, observations of weather conditionere recorded (with a Kestrel 3000) and

particle counts were taken (with an AeroTrak particle counter). If light rain occurred during
sampling, the Coriolis was sheltered with an umbrella. If rain was heavy, the unit was
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